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ABSTRACT 

 

Accelerated soil erosion is a global issue which directly and indirectly impacts the 

surrounding environment in various ways. In the Mediterranean region, soil erosion 

is typically more severe. Therefore, this study aimed to estimate the total annual soil 

loss in the San Blas and Binġemma valley, a small watershed in Gozo, Malta using the 

RUSLE equation, at two different spatial resolutions. The use of two spatial 

resolutions was to determine if a coarse 30 m DEM could be used if a finer DEM was 

unavailable. Through comparison between soil loss estimates obtained from ASTER 

GDEM and LiDAR-derived DEM of 30 m and 1 m spatial resolution respectively, it was 

determined that while ASTER GDEM tends to overestimate, the positive correlation 

between the two datasets is very strong and despite their slight difference, ASTER 

GDEM can be used to obtain soil loss estimates over the valley, especially to 

determine hotspot areas of high soil erosion values. Another aim was to estimate 

historical soil losses in the same valley. The estimates cover a period between 1957 

and 2021 with approximately 10-year intervals. Future soil loss predictions for 2050 

under SSP 2-4.5 and SSP 5-8.5 were also estimated using precipitation data from 

CMIP6. Findings showed that mean past estimates fluctuated slightly but had a 

decreasing trend, with means ranging between 2-7 t/ha/yr in all the past years 

estimated. Future soil loss predictions were found to be lower, especially for SSP 5-

8.5 which had a mean soil loss of 0.87 t/ha/yr.  
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1. INTRODUCTION 

 

1.1. Background 

 

Soil erosion is defined by the Food and Agricultural Organization (FAO) as ‘the 

accelerated removal of topsoil from the land surface through water, wind or tillage’ 

(FAO & ITPS 2015, p. 100). Soil erosion has a wide variety of impacts. It directly affects 

the soil through decreases in soil fertility, but it also has other effects, such as 

pollution and water quality degradation of streams, rivers, lakes, and seas (Eash et 

al. 2016). It is thus a problem for agriculture as well as for natural ecosystems. This is 

why management is needed. Management can be in the form of agronomical 

measures or engineering measures. Determining which is the best management 

option is done by estimating the amount of soil erosion occurring, which can be done 

through a number of models and equations (Bhat et al. 2019) or through in-situ 

methods (de Oliveira Salumbo 2020). Models include the empirical USLE (Universal 

Soil Loss Equation) and RUSLE (Revised Universal Soil Loss Equation), the physically 

based WEPP (Water Erosion Prediction Project), EPIC (Erosion-Productivity Impact 

Calculator), and EUROSEM (European Soil Erosion Model), and the conceptual AGNPS 

(Agricultural Non-Point Source Pollution) and SWAT (Soil and Water Assessment 

Tool), among others (Raza et al. 2021; de Oliveira Salumbo 2020). In situ methods 

include splash cups, field plots, H-flumes, and erosion pins. Furthermore, rainfall 

simulation, tracers, and aerial photography may also be used to help determine the 

amount of soil loss taking place (Hu & Liu 2021; de Oliveira Salumbo 2020).  



2 
 

Nowadays, natural phenomena need to also be considered in the context of climate 

change. Soil erosion has been affected by climate change for a long time, with human 

attention on this phenomenon dating back to the 1940s (Bryan & Albritton 1943). 

The effects can be subdivided into direct and indirect effects, with direct effects being 

related to precipitation changes in pattern, amount, and intensity. Meanwhile, 

indirect effects are caused by the temperature increase, which in turn affects soil 

moisture and vegetation cover; and anthropogenic reasons, such as alteration of 

planting and harvesting dates, and a different choice of crops grown due to the 

altered climate regime (Nearing et al. 2004; Li & Fang 2016). The increased challenge 

of climate change, which will probably alter soil erosion rates, requires even better 

management to ensure that accelerated rates of erosion are controlled (Nearing et 

al. 2004). Management includes calculating an estimate of soil loss under future 

climate change projections to help determine a soil conservation plan. This estimate 

can be calculated using soil erosion models in conjunction with climate models (Li & 

Fang 2016). 

 

1.1.1. Area of Interest 

 

The area of interest (AOI) is the San Blas and Binġemma Valley situated in Nadur, 

Gozo, Malta. The valley is located on the north-east of Gozo between the San Blas 

and Ramla headlands (figure 1-1). Despite having two names, San Blas and Binġemma 

Valley is one valley which is divided into the tarmacked landward part and the 

seaward part without a path. The valley ends in San Blas Bay. 
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Figure 1-1: Map of San Blas and Binġemma Valley (Edited from Google Earth, 2021).
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1.2.  Justification of Study 

 

One aspect of the study is to compare the use of coarse and fine topographical data 

over the AOI to determine if coarse data is usable and reliable when fine data is 

unavailable. Coarse data, with spatial resolutions ranging from 30 m to several kms, 

while often readily available, can misrepresent small areas by considering them part 

of a bigger area and merge features together, thereby losing accuracy. Undoubtedly, 

when available, fine data yields very accurate results. However, a number of 

constraints can hinder the use of fine data. This includes no data available due to lack 

of surveys taken with high resolution technology; long revisit periods, and high 

computational costs (Wang et al. 2022). Considering these limitations, sometimes it 

is necessary to use coarser data. Using coarse data, for DEMs as well as for climate 

models and other satellite products, over small areas is especially of interest to Malta 

due to the size of the islands. This study therefore aims to estimate soil erosion using 

two different spatial resolutions (1 m from Light Detection and Ranging (LiDAR) 

surveys and 30 m from ASTER Global Digital Elevation Model (ASTER GDEM)) and 

then compare the results. This will help to determine whether certain satellite 

products, in this case ASTER GDEM, are of use to the Maltese Islands or not. If 

reliable, using such data, which is readily available, would be very beneficial as it 

would save money and time from conducting field visits or from conducting LiDAR 

surveys when they are not already available.  

 



5 
 

Another aspect of the study is soil erosion change in the AOI. Between 1957 and 2021 

soil erosion in the San Blas and Binġemma valley has increased in severity but 

decreased spatially (Muscat 2022). However, whether the change is a gradual trend 

or whether it is constantly changing is unknown. Therefore, this study's aim to map 

and estimate soil erosion patterns in the AOI for intermediate years between 1957 

and 2021 will fill in this knowledge gap and answer the question as to whether the 

soil loss is constant or fluctuating. This better understanding of the soil erosion 

patterns is important as it allows for better soil conservation planning and 

management, which is essential for healthy productive soils. Good management of 

soils and effective soil erosion measures are necessary for the agricultural industry. 

While the industry itself can sometimes damage soil, it is of utmost importance as it 

is the backbone of food security. In fact, San Blas and Binġemma valley is partially 

under agricultural production and so it is important to understand and manage soil 

resources in the valley. This is along with the fact that soil erosion creates other 

problems, not just agricultural ones, such as water pollution (Issaka & Ashraf 2017).  

 

Using future climate projections is another important aspect of this study as it 

investigates any potential soil erosion changes which result from future climate 

change. In their assessment report for the Intergovernmental Panel for Climate 

Change (IPCC), Ali et al. (2022) predict a decrease in total precipitation, but an 

increase in intensity; an increase in length, intensity, and frequency of heat waves; 

sea level rise; and an increased surface temperature over the Mediterranean region. 

Such changes to precipitation and temperature will result in a number of impacts on 
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soil and agriculture including on soil organic carbon, soil organisms, soil water, and 

crop production (Brevik 2012; Galdies et al. 2016). These aspects are likely to be 

present in the Maltese Islands, along with water stress due to increased water 

demand because of the longer growing season and increased droughts. This will in 

turn increase soil salinity and alkalinity leading to land abandonment and dilapidation 

of agricultural infrastructure and finally to increased soil erosion (Galdies et al. 2016; 

Climate Change Committee for Adaptation 2010). Another impact of climate change 

felt in the Maltese Islands is the presence of pests which is reported to have 

increased, likely due to the warmer climate and the introduction of new pests 

(Galdies et al. 2016). Galdies et al. (2016) also found that most Gozitan farmers 

reported a productivity decrease in both crop and livestock production. 

Understanding these impacts and how the soil will be affected is essential in 

determining the best measures to adopt to best conserve and maintain soil under 

the future climatic conditions. 

 

1.3. Research Questions 

 
This study requires three research questions. They are as follows: 

1. Can coarse topographic data be used accurately for small valleys such as 

those found in the Maltese Islands, when finer data is unavailable? 

2. Has there been a substantial difference in the estimated annual total soil lost 

as well as its distribution during the period of analysis? 

3. Will there be a substantial change between estimated current soil erosion and 

predicted future soil erosion under climate change projections? 
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1.4. Aims 

 

To satisfy the above research questions, this study has three aims, which are to: 

1. Estimate the soil erosion in the AOI at different spatial resolutions, using both 

coarse and fine data. 

2. Map soil erosion patterns and estimate total annual soil loss in the AOI for 

intermediate years from 1957 up to 2021, with intervals of approximately 10 

years. 

3. Estimate the future potential soil erodibility for the AOI on the basis of 

variables derived from multi-model climate projections. 

 

In order to meet the study’s aims, several methods are required. For Aim 1, regarding 

the use of coarse data for soil loss estimates, two DEMs will be used with a spatial 

resolution of 1 m and 30 m respectively. The 1 m DEM will be upscaled to match the 

30 m DEM. Both DEMs will be used to calculate the topographic factor, which will in 

turn be used as one of the inputs to the RUSLE equation to estimate soil loss in the 

AOI. For Aim 2, rainfall and soil erosivity will be determined via appropriate 

equations, alongside a 1 m DEM and, orthophoto interpretation to determine crop 

cover in the AOI during the study period. These parameters will then be used as 

inputs to RUSLE to estimate soil loss in the valley at approximately 10-year intervals 

since 1957. For Aim 3, data from climate models will be used to determine future 

rainfall erosivity. Meanwhile, vegetation data will be determined from NDVI. Since 

projected NDVI for the future is not readily available, a proxy-based approach will be 
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implemented. A relationship will be determined between past NDVI and two 

variables which affect vegetation, and the relationship will be applied to future data 

to estimate future NDVI. Projected soil loss estimates will then be determined using 

RUSLE. A detailed description of the methodology will be provided in chapter 3 of 

this work.  
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2. LITERATURE REVIEW 

 

2.1. Introduction 

 

Soil erosion is a normal and necessary process, where soil particles are detached, 

transported, and deposited elsewhere (Eurostat 2020). This process is referred to as 

natural erosion. However, another type of soil erosion, accelerated erosion, which 

affects soil through a number of agents, causes soil to be eroded at rates much faster 

than normal erosion (Webb et al. 2014). This in turn leads to soil deterioration and 

degradation. Such erosive agents can be either anthropogenic or natural and can 

include water and wind as well as animals, plants, glaciers, snow, and of course 

human interference (Zachar 1982). While human interference often accelerates soil 

erosion, certain activities and management practices may also lead to inhibited 

erosion (Zachar 1982). Soil erosion often begins gradually in agricultural fields 

without much visible evidence. This ensures that the problem is not given due 

importance and proper soil erosion control measures are not adopted until the soil 

has already undergone an amount of topsoil loss (Zachar 1982).  

 

2.2. Historical Perspective 

 

Since the beginnings of agriculture human interference has greatly affected the 

environment, including regarding soil erosion (Dotterweich 2008). A shift in the land 



10 
 

use from natural vegetation to agriculture left areas susceptible to soil erosion, while 

the introduction of tillage operations meant soil surfaces were smoothed and 

compacted, thereby increasing runoff and erosion on slopes (James 2013). In recent 

years, farmers have removed rubble walls and hedgerows separating fields in order 

to create larger fields, leading to increased soil erosion (Baudry et al. 2000). In fact, 

human influence can be considered in each of the five soil forming factors, with some 

even considering humanity the sixth soil forming factor (Richter 2007; Dudal 2002). 

In Malta, agriculture dates back to prehistoric times with agricultural tools dating 

back to the neolithic period. It was also well documented in the Roman period. 

Reconnaissance by the Knights of St. John before they came to Malta describe the 

islands as capable of decent crop production despite having only sparse vegetation 

and a lack of water. From the mid-19th century onwards, agriculture started to 

decline as more of the population started to work in secondary and tertiary 

production (Busuttil 1993).  

 

Land ownership in Malta also had an effect in reducing agriculture. Land belonged to 

either: the state (civil government and war department), the church, private 

individuals, or freeholders (farmer-owned). The state and the church leased the land 

often on an emphyteutical lease, which were often of a very long duration. The 

highest percentage of agricultural land was under private ownership, sometimes 

emphyteutical and sometimes normal rent. However, private ownership was 

decreasing due to the increase in building sites after WWII. Amount of freehold land 
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is difficult to estimate as many farmers are not sure if their land is freehold or under 

a long emphyteutical lease (Busuttil 1993). 

 

Busuttil (1993) also mentions some of the problems which Maltese agriculture has 

faced, and in some cases is still facing. These issues hinder agricultural production 

but often lead to a change in land use from crop production to abandoned land, 

which can affect soil erosion values. Issues include: 

• Demographics, with many Maltese farmers being from an older generation 

resulting in an aging farming population; many also have low levels of 

education which results in reluctance to take up modern techniques, 

ignorance of production costs, and soil degradation issues such as fertilizer 

misuse. 

• Migration, post war in 1946 due to a reduction in jobs. This led to massive 

emigration, largely to Australia, which helped lead to a decrease in full-time 

farmers. 

• Monetary issues faced by farmers along with the lack of sufficient 

government incentives also contributes to the decrease in full-time farmers. 

• Land fragmentation, reduces the size of fields owned by individual farmers 

therefore, reducing the farmer’s output and income. 
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2.3. Types of Soil Erosion 

 

Soil erosion occurs either due to chemical or physical processes. Chemical processes 

include chemical denudation where mineral soil particles are weathered and 

removed off-site via suspension or solution and organic soil particles can be 

weathered via decomposition. However, physical processes are dominant in mineral 

soils (Verheijen et al. 2009). This involves soil removal via external forces, such as 

water and wind leading to three different classifications of erosion: water, wind, and 

tillage erosion 

 

2.3.1. Water Erosion 

 

One of the major agents of water erosion is precipitation. This can be in the form of 

rain, hail, or snow, all of which influence soil erosion (Zachar 1982). This erosivity 

depends on the kinetic energy of the precipitation (Laws 1941). Rain impacts soil loss 

from three perspectives: raindrops, surface runoff, and subsurface runoff. Regarding 

raindrops, vegetation reduces their kinetic energy and thereby reduces raindrop 

erosion (Zachar 1982). An extreme positive correlation between rainfall erosivity and 

soil loss was found in a study by Yuan et al. (2021). Rainfall intensity in particular, is 

especially important and can lead to rainfall being considered the biggest contributor 

to soil loss. This is because it is a highly influential factor in determining the amount 

of runoff generated and soil splash erosion occurring (Yuan et al. 2021). Some studies 
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have even showed that rainfall intensity is a bigger contributor than rainfall amount 

regarding soil loss amounts (Shi & Wang 2015; Tang et al. 2015; Yao et al. 2015). 

Comparing the contribution of rainfall intensity, antecedent moisture conditions and 

slope gradient to soil loss and runoff, Ziadat and Taimeh (2013) found that rainfall 

intensity is always the biggest contributor in both cultivated and uncultivated soils. 

Rainfall intensity is so vital to soil erosion that in the USLE model it is considered in 

the rainfall erosivity factor (Wischmeier & Smith 1978). Hail also impacts soil loss as 

it has high levels of kinetic energy leading to soil surface destruction and washing 

away of soil particles. Snow influences soil loss as runoff is increased during thawing. 

Frost also disaggregates soil and the cold freezes soil into an impermeable layer or 

doesn’t allow percolation due to frozen permafrost. This increases runoff and 

thereby increases soil erosion (Zachar 1982).  

 

2.3.1.1. Raindrop Erosion 

 

Raindrop impact, or splash erosion, is when raindrops hit the ground and their energy 

is used to break the soil particles’ bonds, thereby breaking the soil aggregates, and 

releasing small soil particles (Kinnell 2005). On slopes with an inclination of 10%, after 

disaggregation, 75% of splash material moves downhill (Ellison 1944). Breakdown of 

soil aggregates is the beginning of both soil erosion as well as of soil sealing (Ellison 

1945). Surface sealing is when detached soil particles undergo washing in, which is 

displacement of soil particles into soil pores, and after compaction by raindrops, form 

a surface seal (McIntyre 1958). Surface seal formation is common in cultivated silty 
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soils, and it increases erosion as it decreases water infiltration and increases runoff 

(Robinson & Woodun 2008). Slacking can also help in surface seal formation. Slacking 

is when soil aggregates break down into smaller aggregates due to rapid wetting 

(Yoder 1936). Under antecedent saturated conditions, slacking is dominant while 

raindrop impact and particle displacement is dominant under unsaturated conditions 

(Vaezi et al. 2017). 

 

Vaezi et al. (2017) found that raindrop impact contributed to the deterioration of soil 

physical properties, such as compaction, crusting and aggregate breakdown. The 

higher the rainfall intensity, the more soil deterioration. Raindrop impact induced soil 

detachment is correlated with the ratio of flow depth and rain diameter (Gabet & 

Dunne 2003). In their study, Vaezi et al. (2017) also linked soil erosion to rainfall 

intensity. Raindrop impact was the highest with rainfall intensities of 20 mm/h and 

30 mm/h. Higher intensities allowed the formation of a water layer on the soil surface 

which protected against raindrop impact. This reduction in raindrop impact meant 

less soil erosion taking place (Vaezi et al. 2017).  

 

While raindrop impact is of major importance to soil detachment and runoff 

disturbance, it does not have the biggest effect on transport (Kinnell 2005; Lu et al. 

2016). In fact, transportation is mostly carried out via surface runoff and rain splash 

(Lu et al. 2016). However, raindrop impact still has a small effect on transportation. 

Kinnell (2005) observed four detachment and transport systems for soil water 

erosion: 
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1. Detachment via raindrops and transport via raindrop splash (RD-ST). 

2. Detachment via raindrops and transport via raindrop induced flow (RD-RIFT). 

3. Detachment via raindrops and transport via flow (RD-FT). 

4. Detachment via flow and transport via flow (FD-FT).  

 

2.3.1.2. Flow Erosion 

 

Overland flow, an aspect of surface runoff, is a thin sheet of water flowing over the 

land surface. It is a shallow and unconcentrated flow which is also termed sheet flow, 

the first in the three stages of water erosion – sheet, rill, and gully. Sheet erosion 

leads to the erosion of a moderately uniform layer of soil (Kilinc & Richardson 1973). 

These thin layers of soil are eroded consecutively, with erosion often not being visible 

(Owoputi and Stolte 1995). 

 

The amount of runoff in a rainfall event is dependent on rainfall characteristics, such 

as intensity and duration, as well as soil characteristics, vegetation, and topography 

(Critchley et al. 1991). Detachment is mainly influenced by soil cohesion, i.e. soil 

texture and soil organic matter (SOM) and rainfall characteristics, i.e. raindrop 

diameter, distribution, velocity and kinetic energy. On the other hand, transport is 

influenced by availability of detached particles, size distribution, diameter and shape 

of soil grains, rainfall excess and surface slope (Kilinc & Richardson 1973). 
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Impact erosion is a big factor in detachment. At the beginning of a rainfall event, 

erosion is mainly caused by raindrop impact. This is because the soil surface seal 

would not have formed yet, and the infiltration rate will be high. As soil sealing 

begins, the infiltration rate decreases while the generation of surface runoff 

increases (Wang et al. 2023a). In fact, most detached particles are transported via 

overland flow. This is when the infiltration rate is exceeded and since there is no 

more capacity for water in the soil, water flows on the surface instead. Detachment 

and transport rates of overland flow are influenced by the surface slope and the 

depth and velocity of the flow (Kilinc & Richardson 1973). Flow erosion, or runoff, is 

especially important on slopes as it determines the amount of transportation (Toy et 

al. 2002). 

 

2.3.1.3. Rill Erosion 

 

Rills are small channels in the soil, which can be up to 30 cm in depth. A characteristic 

of rills is that they can be filled in via tillage (Foster 1982; Govers et al. 2007). They 

form as overland flow concentrates into channels due to surface microtopography. 

Rills often form between crop rows and along tillage marks (Gilley 2005). Rills both 

detach and transport sediment (Owoputi & Stolte 1995). Material transported 

originates both from the rill itself as well as from the interrills (Gilley 2005). 

Differences between rill and interrill erosion include the processes which dominate 

detachment and transport of sediment. Rills suffer mainly from overland flow and 

raindrop impact is considered negligible, whereas interrill erosion employs both 
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processes (Owoputi & Stolte 1995). Another difference is that interrill erosion is size 

selective, with finer particles being more erodible (Asadi et al. 2011). This is 

considered to be because of the insufficient transport capacity of overland flow 

(Parsons et al. 1991). Meanwhile rill erosion is less size selective (Shi et al. 2012). 

Another difference between the two is that interrill erosion is usually found on upper 

slopes while rill erosion is affected more by slope length and steepness (Govers & 

Poesen 1998). 

 

Rill erosion is influenced by various factors. These include rainfall, runoff, soil, 

topography, vegetation, and tillage (Sun et al. 2013). A relationship between rainfall 

and rills is evident with soil loss via rills increasing with an increase in rainfall KE 

(Wang 1998 as cited in Sun et al. 2013). The relationship between runoff and rills is 

more complex with studies sometimes achieving contradictory results. Despite this, 

it is often considered that runoff directly and majorly affects rill erosion (Sun et al. 

2013). Soil's effect is also complex as soil includes a wide range of properties which 

may affect rill erosion. Physical soil properties, such as bulk density, water content, 

and particle composition, affect the infiltration capacity and the soil’s shear strength, 

which in turn affect rill erosion (Li et al. 2010). Soil erodibility is another of the major 

aspects which rill erosion is dependent on. With regards to topography, slope length, 

shape, and gradient affect rills. Increasing slope gradient increases rill erosion, 

however, this is no longer the case once the slope reaches a particular threshold (Liu 

et al. 2001). Vegetation has multiple methods to affect erosion. These include 

intercepting rainfall, increasing infiltration, increasing resistance to flow, increasing 

soil strength, with plant roots binding soil particles to reduce rill erosion (Woo et al. 
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1997). Tillage is also an important consideration when discussing rill erosion. Certain 

equipment can trigger rills and tillage itself can alter soil infiltration, runoff, and soil 

erodibility, thereby affecting rill erosion (Li et al. 2010). 

 

2.3.1.4. Gully Erosion 

 

Gully erosion is when concentration and channelization increase, and gullies are 

created (Kilinc & Richardson 1973). Gullies are deep channels that cannot be filled in 

with tillage and thus permanently alter the landscape. They form where runoff 

concentrates, often near the upper side of intermittent streams. Runoff may expand 

and deepen the gully, and exposed banks may also collapse into the gully due to 

undercutting. Gullies are considered active when their walls are not vegetated and 

inactive when vegetation is present (Gilley 2005). Gully erosion is often accelerated 

by land use change, extreme climatic events, and a long antecedent history (Valentin 

et al. 2005). Intensive cultivation can also accelerate gullying as the depletion of SOM 

decreases the soil's structural stability and increases surface crust formation, runoff, 

and gullying (Valentin 2004). Meanwhile, ephemeral gullies are small channels which 

continuously form in the same place on the landscape. They serve as a primary 

drainage system for the field. However, they are temporary as they can be filled in 

with normal tillage operations (Gilley 2005). Ephemeral gullies are usually dendritic 

but are sometimes parallel to rills, making them difficult to distinguish from large rills.  
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2.3.1.5. Piping Erosion 

 

Piping or tunnel erosion is the formation of subterranean tunnels via sediment 

removal by percolating waters. The tunnels range in diameter from a few millimetres 

to several metres and tend to form a drainage network (Goudie 2013). Subsurface 

erosion is not studied as much as surface erosion processes and it is not considered 

in many widely used soil water erosion models such as the USLE, RUSLE or WEPP 

(Bernatek-Jakiel & Poesen 2018). Piping is affected by weather and climate, soil 

properties, topography, and land use and land management (Bernatek-Jakiel & 

Poesen 2018). It is found worldwide, mainly in arid and semi-arid areas, but can also 

be found under many different climates and with different soil types (Goudie 2013; 

Bernatek-Jakiel & Poesen 2018). In Europe three piping-prone soils are Xerosols 

(Calcisols), Luvisols, and Histosols, although piping can also occur with other soil 

types (Faulkner 2006). Piping involves particle detachment via the shear force of 

water and also mass movement when the walls and roof of the tunnel collapse due 

to gravity (Bernatek-Jakiel & Poesen 2018).  

 

2.3.2. Wind Erosion 

 

Wind erosion is the detachment, transport, and deposition of soil material by wind. 

Wind erosion creates onsite and offsite impacts (Zobeck & Van Pelt 2011). Onsite 

impacts include the removal of fine chemically active aspects of the soil, such as plant 
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nutrients (Zobeck & Fryrear 1986). This affects the soil fertility and due to the loss of 

fine material, the infiltration and water-holding capacity are reduced (Zobeck & Van 

Pelt 2011). Soil particles being transported may also sandblast crops, thereby 

damaging them (Fryrear & Downes 1975). There are also impacts which don't affect 

the agriculture system, such as visibility reduction, due to the suspended particles, 

which is dangerous to traffic. This is one of the effects of fugitive dust, which is dust 

that has been transported great distances. It has numerous offsite impacts on the 

environment, health, industry, and transport (Zobeck & Van Pelt 2011). 

 

Detachment, or entrainment, is when the wind, through drag and lift forces, 

overcomes the gravitational and cohesive forces of the soil. Rolling particles may also 

detach particles via abrasion (Zobeck & Van Pelt 2011). Transportation by wind can 

occur in three ways: creep, saltation, or suspension. Creep is when relatively large 

particles roll on the surface due to either the direct force of the wind or when 

saltating particles collide with them. Saltating particles are smaller than creeping 

particles. They bounce on the surface with heights of a few metres. Saltation either 

starts by the force of the wind or as other saltating particles dislodge new particles. 

Suspended particles are relatively small and are often entrained due to saltating 

particles abrading larger particles. The smallest of these can travel thousands of 

kilometres (Zobeck & Van Pelt 2011). 
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Wind erosion is influenced by the following factors: 

• Climate 

• Wind and atmospheric characteristics 

• Sediment supply, depending on soil and soil surface properties 

• Vegetation characteristics 

• Farming practices 

 

Wind is the energy source for wind erosion, but soil characteristics have a lot of 

control on whether erosion occurs or not. These characteristics include soil texture, 

where coarse soils erode easier; SOM; mineralogy, where calcareous soils erode 

more than noncalcareous soils (Zobeck & Van Pelt 2011); soil moisture, where an 

increase in moisture leads to an increase in the threshold velocity of particle 

entrainment (Belly 1964); surface roughness, aggregate properties, and surface 

crust, which limits wind erosion (Zobeck & Van Pelt 2011). In fact, unless loose, 

erodible material is present on the surface crust, there is usually no wind erosion. 

Loose erodible material is usually present in higher quantities on sandy soils (Zobeck 

& Van Pelt 2011).  

 

Vegetation is another important factor in controlling and limiting wind erosion. In 

humid and sub-humid climates, under the native vegetation of forests, grasslands 

and managed pastures, wind erosion is limited. However, in arid and semi-arid 

climates, the native vegetation does not offer full protection from the wind. In semi-
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arid climates, under the native vegetation of grasslands, shrublands, savannas, and 

woodlands, wind erosion is present (Zobeck & Van Pelt 2011). When the land is under 

crop production, wind erosion increases. This is because of surface smoothing and 

native vegetation removal. Conventional tillage also increases wind erosion (Zobeck 

& Van Pelt 2011). Farming practices that increase the risk of wind erosion include 

numerous operations such as ploughing, planting, weeding, seeding, baling, mowing, 

etc. (Nordstrom & Hotta 2004). On the other hand, management practices include 

windbreaks, strip-cropping, cover crops, plant residue, tillage in a way that creates 

patterns perpendicular to the prevailing wind, and which increases surface 

roughness (Nordstrom & Hotta 2004). 

 

2.3.3. Tillage Erosion 

 

Tillage erosion is the movement of soil particles from the topsoil layer during tillage 

operations. It is not immediately evident but takes numerous years of tillage for the 

erosion to be seen (Van Oost et al. 2006). Tillage erosion is a gravity-driven process; 

thus slope gradient is highly influential. Tillage erosion usually results in soil loss on 

the shoulder slopes and soil accumulation on the toe slopes (figure 2-1). This pattern 

Figure 2-1: Areas on a Slope Affected by Tillage and Water Erosion (Wang et al. 2016). 
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results in smoothing of the land as upslope areas lose soil to downslope areas. This 

is in comparison to water erosion patterns, which usually focus erosion in rills, 

interrills, and gullies which often form on other parts of the slope (Van Oost et al. 

2006). Wang et al. (2016) found that tillage erosion further increased water erosion. 

This was through mechanisms like rill infilling, in which tillage directly delivers soil to 

rills. Another mechanism is that excessive tillage results in the presence of subsoil at 

the surface. This increases the soil’s susceptibility to water erosion (Wang et al. 

2016).  

 

Tillage erosion depends on a number of parameters including:  

• Implement type  

• Tillage direction, depth, and speed 

• Field shape and size 

• Soil properties such as bulk density, texture, moisture, etc. 

• Slope gradient and curvature 

Tillage erosivity increases exponentially with tillage depth. Tillage direction is also 

important as tillage along a contour is much more beneficial in terms of soil 

conservation than up and down slope ploughing (Van Oost et al. 2006). Tillage 

erosion is of two types: topography-based, and field boundary-based. Field 

boundary-based tillage erosion is especially important in parcelled landscapes made 

up of small fields as it is the result of field boundaries. Meanwhile topography-based 

tillage erosion results from a change in slope and it is more common in large fields 

which often make use of heavy agricultural machinery (Van Oost et al. 2006). 
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2.4. Factors Affecting Water Erosion 

 

The factors influencing water erosion can be divided into two broad categories: 

rainfall erosivity and soil erodibility. Rainfall erosivity is the energy (KE) which through 

the action of falling raindrops and flowing water has the power to detach and 

transport soil particles. Considerations of rainfall erosivity include raindrop diameter 

and the frequency of high intensity storms (White 2006). On the other hand, soil 

erodibility depends on the interactions between a number of soil properties, such as: 

soil texture, SOM, infiltration capacity, soil structure, and the soil’s shear strength. 

There are also a number of other factors which affect the soil erodibility. These 

include the length and gradient of a slope. Gradient is influential because a high 

gradient gives soil and water high potential energy which can become kinetic energy. 

Length of slope is impactful because the longer the slope, the more surface runoff 

and the higher the velocity of the flow (White 2006). Management practices also 

affect soil erodibility as they alter other properties, for example: terraces which 

reduce slope length and retain water for increased infiltration. Another important 

factor is crop cover, which protects the soil against rainfall erosivity as well as helps 

bind the soil with plant roots (White 2006).   

 

Rainfall and soil erosivity are affected by a number of factors. A study in Jordan used 

twelve slopes with six different slope angles, where each slope angle had a site under 

barley cultivation and the other site was a rangeland. Different antecedent soil 

moisture conditions and rainfall intensities were then used at each site to calculate 
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soil erosion. The authors, Ziadat and Taimeh (2013), found that, of these factors, 

rainfall intensity was the dominant factor. However, a pre-wetted soil, could undergo 

erosion even from small rainfall intensities due to its moisture content already being 

high before the start of the rainfall event. Soil which was already wet suffered more 

erosion whether it was cultivated or not. This is due to the decreased infiltration rate, 

which increases runoff and soil loss amounts, as well as the formation of a surface 

crust, which further adds to the decreased infiltration rate. Under uncultivated 

conditions, the problem is even worse as the surface crust does not undergo 

progressive formation as in the cultivated soil. It is instead already there due to lack 

of tillage; this means there is higher runoff amounts as well as a higher rate of 

detachment and transport of soil particles. They also found that moisture content 

was the main driver of soil loss on cultivated land, while on uncultivated land the 

main driver was slope steepness. Increases in slope steepness still increased soil 

erosion in cultivated plots but it was less notable (Ziadat & Taimeh 2013). 

 

Rainfall intensity is another one of the factors of rainfall erosivity which greatly 

affects soil loss. A study by Berger et al. (2010) conducted laboratory experiments to 

investigate rill initiation under differing rainfall intensities and slope angles. The 

steeper the slope, the more soil was lost from the system, despite the rill systems 

being similar in energy expenditure and rill density. The increase in soil loss was thus 

most likely due to the rill depth, which was larger on steep slopes. This was done 

under a constant rainfall intensity, when this was changed, it became evident that 

rainfall intensity had bigger impacts on the factors being investigated, and erosion 
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and rill dynamics increased (Berger et al. 2010). Another study simulated different 

storm patterns with differing rainfall intensities. The patterns of rainfall intensity 

studied were increasing; increasing, followed by decreasing; decreasing; and 

decreasing, followed by increasing. Soil loss was found to be the highest under the 

storm regime with increasing rainfall intensity, followed by increasing then 

decreasing; decreasing then increasing; and the least amount of soil loss was 

recorded under the storm regime of decreasing rainfall intensity (Mohamadi & 

Kavian 2015).  

 

Vegetation itself is a very important aspect which affects water erosion (Igwe et al. 

2017). This is due to the fact that the presence of vegetation can reduce runoff and 

soil erosion via processes such as interception and root binding. Interception helps 

in reducing splash erosion and thus decreases soil particle detachment, while root 

binding increases infiltration and increases the resistance of the soil to detachment 

by surface flow (de Baets et al. 2007). In the Loess Plateau of China, revegetation 

efforts have led to a decrease in erosion in the area. The plant cover and the 

management practices led to an erosion decrease of 119% while rainfall erosivity 

contributed -28% in a study period between 1986-2015 (Jin et al. 2021). It is not just 

the presence of vegetation which affects erosion, but also species diversity of the 

vegetation present. In a field experiment on a simulated dike, it was found that 

annual soil loss increased when species diversity decreased. One of the reasons for 

this was the insurance or compensation effect, which was taking place when Festuca 

rubra, planted next to Plantago lanceolata, was decreasing the increased erosion 



27 
 

occurring due to Plantago extinctions in the winter of the study (Berendse et al. 

2015).  

 

Cerdà et al. (2021) researched how soil erosion differs according to which species 

makes up the plant cover. The 4 plants considered were all from a Mediterranean 

shrubland recovering after a fire event, and were Ulex parviflorus, Pistacia lentiscus, 

Quercus coccifera, and Rosmarinus officinalis. The authors found that the plant 

sprouters (Pistacia lentiscus and Quercus coccifera) caused less runoff than the plant 

seeders (Ulex parviflorus and Rosmarinus officinalis) by x2.4. This reduction in runoff 

by the sprouters was mirrored by a higher reduction in soil erosion rates under the 

sprouters’ cover (Cerdà et al. 2021). Mohammad and Adam (2010) also investigated 

the role of different vegetation types in terms of contribution to soil erosion. Five 

different vegetation covers were considered: Pinus halepensis-planted forests, 

natural vegetation with the dominant vegetation being Sarcopoterium spinosum, 

natural vegetation with Sarcopoterium spinosum removal, cultivated land, and 

deforestation. The least amount of runoff was exhibited under the Pinus halepensis 

forest and the Sarcopoterium spinosum-dominated natural vegetation. Runoff 

significantly increased under deforestation when compared to the forest, and under 

Sarcopoterium spinosum removal plots and cultivated land when compared to 

Sarcopoterium spinosum-dominated natural vegetation (Mohammad & Adam 2010). 

 

Another aspect of land cover is land abandonment, which can affect both the crop 

cover and management factor of the RUSLE equation. Rodrigo-Comino et al. (2018) 
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studied the effects of land abandonment on soil erosion in Spain in vineyards, almond 

orchards, and olive and orange orchards. Soil erosion after abandonment differed 

according to what had been the previous crop cover. Soil detachment was reduced 

in olive and orange orchards after abandonment, no difference was recorded in the 

vineyards, and increased soil loss in the almond orchards was recorded. These results 

could be due to the dense vegetation cover which developed in the abandoned 

orange and olive orchards, while a lack of vegetation resulted in rill and crust 

formation in abandoned vineyards and almond orchards. It is important to note that 

in this study, orange and olive orchards were located on terraced slopes unlike 

almond orchards and vineyards (Rodrigo-Comino et al. 2018). 

 

Surface roughness is also an aspect which can affect soil loss. A study by Zhao et al. 

(2021) investigated tillage-induced surface microrelief under different rainfall 

intensities, durations and two slope angles. The tillage patterns investigated were 

depressions and mounds and troughs and ridges. Compared to a smooth slope, both 

tillage patterns were capable of limiting soil loss when the rainfall duration was less 

than 60 minutes, and the rainfall intensity was less than 90 mm/hr. However, when 

either the rainfall intensity or the duration of the rainfall was greater than these 

measurements, sediment from the tillage patterns was higher than that recorded 

from the smooth slope. Furthermore, it was noted that the tillage pattern of troughs 

and ridges could prevent soil loss more than the depression and mounds pattern, 

despite the same conditions they were under (Zhao et al. 2021). 
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There are then also a number of factors which influence the aforementioned factors 

influencing soil erosion. These include socio-economic factors which affect the 

management factor and crop cover. Some of these factors include labour availability 

and rural depopulation, which can allow terraces to fall into a state of disrepair; 

economic incentives which encourage cheap food production; economic returns, 

where off-site impacts borne by society do not encourage farmers to conserve soil; 

etc. (Boardman et al. 2003). Land use policies are some of the most important socio-

economic factors which affect soil loss. Such policies are usually in the form of 

subsidies, guaranteed prices, and protective policies. These policies rarely take the 

environment into consideration and so decisions encouraging erosion and 

degradation are constantly taken (Boardman et al. 2003).  

 

2.5. Effects of Climate Change on Soil Erosion 

 

Since weather and climate are a factor contributing to soil erosion, it stands to reason 

that climate change will impact soil erosion. Climate change is expected to affect soil 

in a number of ways, with one of the main ways being through precipitation (Li & 

Fang 2016). This includes altering rainfall erosivity due to changing precipitation 

totals and intensity (Nearing et al. 2004; Mondal et al. 2016). A study in the U.S., 

using two coupled atmospheric-ocean global climate models (AOGCMs), found that 

some areas showed a decline while others showed an increase in rainfall erosivity 

over 80 years (Nearing 2001). Another study in central India found that the projected 

rainfall erosivity rose, mirroring the increase in the projected rainfall (Mondal et al. 



30 
 

2016). Another study by Busico et al. (2023) estimated historical and future soil loss 

predictions in Portugal under different RCP (Representative Concentration Pathway) 

scenarios. Both RCP4.5 and RCP8.5 had lower soil loss predictions than historical 

estimates. The slightly higher erosion values under RCP8.5 was attributed to the 

increase of extreme climatic events (Busico et al. 2023).  

 

Among the many effects of climate change, increased extreme precipitation in many 

different regions is one of the changes. Extreme precipitation includes both an 

increase in rainfall amount and rainfall intensity, both of which affect rainfall 

erosivity. An increase of rainfall intensity stems from climate change-induced higher 

temperatures which allow the atmosphere to hold more water vapour as well as 

increase evaporation rates. Higher levels of evaporation mean more water vapour is 

available in the atmosphere. This results in higher levels of moisture convergence 

which releases latent heat, which further enhances the storm. The increased water 

vapour in the atmosphere leads to an increase in precipitation intensity, which may 

be even greater than the moisture increase (Trenberth 2011). As aforementioned, 

many studies found that an increase in rainfall intensity leads to increased runoff 

generation and higher soil losses (Yuan et al. 2021; Wu et al. 2018). Of course, rainfall 

amount, another factor which can affect rainfall erosivity, is still considered an 

important factor which affects the amount of soil eroded. In fact, soil erosion is often 

seen to increase with increasing precipitation (Li & Fang 2016; Nearing et al. 2004). 

A study by Galdies et al. (2022) in Gozo, Malta was in line with other findings as soil 

erosion decreased with a decrease in precipitation.  
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Another effect of precipitation changes due to climate change is the shifting 

precipitation patterns. Negligible changes in wind coupled with increased 

evaporation and water available lead to wet regions becoming wetter while dry 

regions get drier as moisture is transported to the convergence zones from the 

divergence zones (Trenberth 2011; Tabari 2020). This precipitation shift can also 

influence soil erosion. Areas getting drier have less protective vegetation cover and 

so suffer more from both water and wind erosion (Naorem et al. 2023; Ghiloufi et al. 

2016). On the other hand, areas getting wetter experience increased surface runoff 

leading to increased erosion (Eekhout et al. 2018; Jia et al. 2022). Another change 

regarding precipitation is that snowfall extremes are decreasing to give way to 

rainfall extremes. Ombadi et al. (2023) found this to be the case in the Northern 

Hemisphere’s snow-dominated regions. Furthermore, increasing temperatures may 

release organic carbon in the soil providing a positive feedback loop for soil organic 

carbon and its role in global warming. A study found this trend more pronounced in 

coarse-textured soils than in fine-textured soils (Hartley et al. 2021). 

 

Another way that climate change is set to influence soil erosion rates is through land 

use change (Nearing et al. 2004; Eekhout & de Vente 2022). This is an extremely 

complicated factor and is thus often not considered in studies concerning projected 

soil loss (Nearing et al. 2004; Eekhout & de Vente 2022). It includes aspects such as 

the increase in decomposition rate due to higher temperatures and moisture levels; 

more vegetation because of more rainfall; and more evaporation due to higher 

temperatures; among others (Nearing et al. 2004). Climate change will also impact 
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the vegetation itself, for example, species distribution and root density (Peñuelas & 

Boada 2003). These aspects can affect interception and throughfall as well as runoff 

(Morgan & Nearing 2010). The projected increase in precipitation is often considered 

to increase soil erosion. However, this is not always the case. Increased precipitation 

also increases vegetation cover, which in turn can reduce soil erosion (Langbein & 

Schumm 1958; Li & Fang 2016). Lavee et al. (1999) found that soil erosion rates 

increased in a Mediterranean climate under increased aridity conditions. The same 

concept of vegetation change resulting from aridity leading to more erosion was 

found in other studies (Ruiz-Sinoga & Diaz 2010). Temperature changes can also 

cause vegetation changes, where increasing temperatures led to decreased soil loss 

due to an increase in vegetation (Li & Fang 2016). 

 

The management and adaptation to climate change by farmers is also another thing 

which affects soil erosion rates. This could include the increased use of conservation 

tillage and changing of tillage implements, and altering the harvesting and planting 

times, among other practices (Li & Fang 2016). Guo et al. (2018) compared the runoff 

and sediment load in an impacted period to those in a baseline period to determine 

the contribution of human impact and climate change. They found that human 

activities contributed 126.54% to the total change in annual average runoff 

experienced, with human influence accounting for a 37.9 m3/s decrease and climate 

change accounting for a 7.95 m3/s increase (Guo et al. 2018). This shows that despite 

the harmful effects of climate change on soil erosion, human management and 

agricultural practices can still help to conserve soil and limit erosion. 
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2.6.  Climate Models 

 

Climate models are sets of mathematical equations used to describe and predict the 

future climate. They use long periods of collected climatic data and are based on both 

the physical and chemical elements in the climatic system as well as on the land, 

ocean, and atmosphere systems (Reichle 2023). Climate models can be of three 

types: 

• Earth Balance Models (EBMs) 

• Earth Models of Intermediate Complexity (EMICs) 

• General Climate Models (GCMs) 

EBMs are simple climate models which take into account the incoming and outgoing 

energy to and from Earth. They can calculate surface temperature, but they are one 

dimensional models in the direction of Earth’s latitude instead of being global 

models. EMICs are three dimensional and can predict future climate up to 10,000 

years. However, they fail to consider the interaction of humans with nature, and they 

also have a coarse resolution. GCMs are also three dimensional but they have a 

better spatial resolution (Reichle 2023). GCMs simulate changes in the Earth’s energy 

budget so that they can 3D model variables such as storms, temperature, pressure, 

wind, humidity, and precipitation with a time evolution (Bader et al. 2008; Abiodun 

& Adedoyin 2016). They do this by using grids, where a 2D horizontal mesh is merged 

with the sub-divided vertical layers of the atmosphere, creating the 3D grid. Different 

algorithms are then used by different models to solve the same primitive dynamical 
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equations (Bader et al. 2008). GCMs simulate variables globally at a coarse resolution 

which varies from about 250 - 600 km.  

 

Global climate models can also be downscaled into finer resolution models called 

regional climate models (RCMs), with spatial resolutions ranging from 25 – 50 km 

(Chokkavarapu & Mandla 2019). Downscaling is when coarse large area models are 

transformed to have higher resolutions but cover smaller areas (Benestad et al. 

2008). The main downscaling methods are either dynamical or statistical. Dynamical 

can be further subdivided into limited-area models, which cover a specific region and 

are also known as RCMs; stretched grid models, which are global but have a spatial 

resolution which varies horizontally; and uniformly high-resolution atmosphere-only 

GCMs (Bader et al. 2008). RCMs are a type of dynamical downscaling made using a 

GCMs boundary conditions or reanalysis from global data sets (Abiodun & Adedoyin 

2016). 

 

Climate models provide climate projections, often until the year 2100. Many of these 

projections make part of the Coupled Model Intercomparison Project's phases 5 and 

6 (CMIP 5 and CMIP 6). The projections obtained have been downscaled according to 

the protocols established by the Coordinated Regional Climate Downscaling 

Experiment (CORDEX) (Copernicus n.d.). Climate projections are given for a number 

of scenarios based on emissions and temperature changes. Some scenarios consider 

a continued usage of fossil fuels while others consider an emission reduction. The 

use of different scenarios represents the uncertainty in future human actions. The 
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first three sets of time-dependent scenarios were emission-based, however, the 

representative concentration pathways (RCPs) are radiative-forcing scenarios, i.e. 

they are based on the radiative forcing change at the tropopause by 2100 as 

compared to preindustrial levels. There are four RCPs according to the change in 

watts per square metre: +2.6, +4.5, +6.0, and +8.5 (Hayhoe et al. 2017). 

 

The latest scenarios also use the shared socioeconomic pathways (SSPs) in 

conjunction with the RCPs. The SSPs predict possible socioeconomic development in 

the future. They began as narratives and then models were used to make them useful 

to climate modelling and match them to the RCPs (Ann Arbor 2021). The following 

SSPs are available: 

• SSP1 – low challenges 

• SSP2 – intermediate challenges 

• SSP3 – high challenges 

• SSP4 – adaptation challenges dominate 

• SSP 5 – mitigation challenges dominate 

 

Climate modelling and downscaling have been used worldwide; however, they are 

not free from problems. Firstly, GCMs are too coarse and so often have inaccurate 

climate variation for large areas (Chokkavarapu & Mandla 2019). The downscaled 

RCMs are limited as any error in the parent GCM is redone in the RCM (Benestad et 

al. 2008). Another problem is that vertical transportation processes and sub-grid 
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processes, like cloud formation cannot be resolved by model grids like horizontal 

processes. Instead, they are solved by parameterizations, or approximations. 

Parameterizations are mathematical representations of processes which can be 

made via numerical and scale analysis as well as by fluid dynamical filtering (Bader et 

al. 2008). The problem with parameterizations is that they have more uncertainties 

(Sweeney 2009). Another limitation of climate modelling is that it relies heavily on 

computer power. It determines the spatial resolution as well as the 

parameterizations needed. Since climate models are not completely accurate, they 

need to be evaluated. Some important techniques used for this include comparing 

the output of the model to past and present observations, simulating the past 

climate, and using multi-model model ensemble methods (Eyring et al. 2019; 

Abiodun & Adedoyin 2016). An example of a multi-model ensemble is CMIP by the 

World Climate Research Programme (WCRP). It gathers a number of atmospheric-

oceanic GCMs (AOGCMs) and Earth System Models (ESMs) for more robustness and 

less uncertainties in climate modelling. 

 

Climate projections have been used for future soil loss predictions and the resulting 

soil conservation management plans (Borelli et al. 2020; Hateffard et al. 2021; 

Marcinkowski et al. 2022; Panagos et al. 2021; Segura et al. 2014). Many studies have 

showed the models’ usefulness in such situations. Panagos et al. (2021) used 19 

GCMs from CMIP5 over RCP2.6, RCP4.5, and RCP8.5 to determine future rainfall 

erosivity predictions over the EU and UK. This was paired with projections from the 

CAPRI (Common Agricultural Policy Regional Impact Analysis) model for future land 
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use change predictions so that the RUSLE equation could be calculated. It was found 

that land use change increases crop cover and so decreases erosion by 3% but rainfall 

erosivity increases by 15.7-25.5% leading to an increased mean erosion rate of 13-

22.5% over the EU and UK depending on the RCP scenario, with RCP8.5 having the 

most predicted erosion. Targeted use of vegetation in high-risk erosion areas will 

likely drastically reduce soil erosion (Panagos et al. 2021).  

 

Another study used CMIP5's RCPs (2.6, 4.5, 8.5) to estimate soil loss using RUSLE over 

central Iran. Soil loss was predicted to increase in 2070 under RCP2.6 and 8.5 but 

decrease in rangelands and increase slightly under other land uses under RCP4.5 

(Hateffard et al. 2021). Marcinkowski et al. (2022) used RUSLE to estimate soil loss 

for 2021-2050 and 2071-2100 under RCP 4.5 and 8.5 using nine EURO-CORDEX model 

scenarios over Poland. The average projected soil erosion was seen to progressively 

increase at 7% and 8% for the near future under RCP 4.5 and 8.5 respectively, and at 

13% and 18% under the far future scenario under RCP 4.5 and 8.5 respectively 

(Marcinkowski et al. 2022). A similar study in the USA studied how rainfall erosivity 

(R) changes from 1970 to 2090 under nine different climatic conditions using three 

GCMs for three emission scenarios. Results showed that rainfall erosivity increases 

with time over all nine climatic conditions, but it varies spatially with catchments in 

the north having strong trends and those in the west having the weakest trends 

(Segura et al. 2014). A local study which focused on future soil loss predictions was 

conducted by Galdies et al. (2022). The study used 8 GCMs from CMIP6 for four SSPs 

(21-2.6, 2-4.5, 3-70, and 5-8.5) for four time periods (2021-2040, 2041-2060, 2061-
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2080, and 2081-2100) to determine future projected soil estimates for the Ramla 

valley in Gozo, Malta. Contrastingly, their findings indicate a decrease in soil erosion 

is projected for the Ramla valley under future SSP scenarios due to a decrease in 

precipitation over the Maltese Islands (Galdies et al. 2022). 

 

2.7. Erosion Risk and Assessment 

 

While soil erosion is a problem found worldwide, some areas are more susceptible 

than others. The Mediterranean is one such area. This increased susceptibility stems 

from numerous things, including long periods of dryness followed by heavy episodes 

of rain; steep slopes; and fragile soils. Meanwhile northwestern Europe suffers less 

soil erosion as rain is distributed evenly throughout the year and the slopes are 

relatively gentler (van der Knijff et al. 2000). Using a relatively coarse spatial 

resolution of 50 m, a 2015 Maltese study found that 19.33% of the total land area 

was in danger of moderate to severe erosion. Least erosion was recorded on flatter 

land with good management and erosion control strategies, i.e. the northeast and 

central areas. Meanwhile, in the northwest and in Gozo, erosion was found to vary 

greatly with low erosion on plateaus and well-vegetated plateau flanks, and high 

erosion risk on steep plateaus with poor cultivation techniques and lacking proper 

erosion control strategies (Sultana 2015). Soil properties and topography both 

influence the risk of soil erosion in an area; however, vegetation cover is found to be 

a major controlling factor to actual erosion (Akbari et al. 2022).  Assessing the soil 
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erosion risk and the soil loss taking place are important management techniques as 

it allows management plans and practices to be implemented. 

 

Soil erosion can be estimated or assessed in a number of ways. Both measurements 

and models are important for erosion control. Erosion models require calibration and 

validation from actual measurements, while measurements are hard to extrapolate 

in space and time (Stroosnijder 2005). Indirect measurements, known as indicators, 

may also be used (Erskine 2017). Gullies can have actual measurements taken of 

them via remote sensing technology, this could include either visual inspection or 

automatic identification (Wang et al. 2021). Remote sensing is also often used to 

determine inputs to models. Erosion can be measured directly on-site or in the lab 

through four ways: 

• Channel cross-section change: channel cross-sections are measured at 

intervals, this is repeated shortly after and compared with the first reading. 

The volume lost is calculated. 

• Surface elevation change: erosion pins are placed in the soil and the distance 

between the pin’s top and the surface is measured. 

• Weight change: particles detached via rain splash erosion are captured in 

splash cups. Trays are used to collect particles washed away from plots. Later 

they are weighed. 

• Sediment collection from erosion plots: either the total flow and sediment 

for a short period of time or a known fraction of the flow and sediment are 

collected. 
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Furthermore, dams can also help determine the erosion rate by simply comparing 

the reservoir’s current water depth to its original depth. Another technique is 

through the use of tracers, albeit rarely used for human accelerated erosion. It 

involves comparing the radio nuclide Caesium 137’s decay activity in a soil profile to 

that of an undisturbed plot (Stroosnijder 2005). 

 

Soil erosion models are an alternative method to estimate soil erosion in an area. 

They use mathematics to simplify complex erosional mechanisms and can be 

subdivided into empirical and physically based models. Empirical or statistical models 

use long-term field observations and measurements to correlate factors controlling 

erosion with the soil loss taking place. Some examples include the USLE, RUSLE, and 

the Modified Universal Soil Loss Equation (MUSLE) (Ketema & Dwarakish 2019). On 

the other hand, physical models are based on the laws of conservation of mass and 

energy and on theoretical erosional procedures. Such models require a lot of high-

resolution data and include models such as WEPP, AGNPS, SWAT, EUROSEM, and 

CREAMS (Chemicals Runoff, and Erosion from Agricultural Management Systems). 

The choice of model depends on what is required of it, available data, time, and 

money. Empirical models are preferred for specific situations and with areas 

containing limited data (Ketema & Dwarakish 2019). 
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2.8. RUSLE Equation 

 

The Revised Universal Soil Loss Equation (RUSLE), developed by Renard et al. (1997), 

is a commonly used soil erosion assessment method which has been used globally, 

under a number of different climatic regimes and with many different soil types. It 

uses five factors to estimate the total annual soil loss in an area in tons per hectare. 

It can be used at a watershed scale. RUSLE is calculated using the following equation: 

𝐴 = 𝑅 ∗ 𝐾 ∗ 𝐿𝑆 ∗ 𝐶 ∗ 𝑃 

Where: 

A = the total annual soil lost in tons per hectare 

R = the rainfall erosivity factor 

K = the soil erodibility factor 

LS = the slope length and gradient factor 

C = the crop cover factor 

P = the practice and field management factor 

 

The RUSLE equation’s main benefits are its simplicity and limited inputs, making it 

extensively used, especially in data-scarce areas (Benavidez et al. 2018). RUSLE is also 

well-used in the Maltese Islands (Sultana 2015; Galdies et al. 2022). Despite its 
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extensive use, RUSLE also has a number of disadvantages and limitations. These are 

often applicable to all the models in the USLE family and include: 

• Upscaling 

• Regional applicability 

• Validation 

• Representation of different erosion types 

 

The original USLE model was based on small-scale agricultural plots in the USA. This 

results in uncertainties when upscaling to a catchment or regional scale as well as 

when applying the model to different climates and land uses (Kinnell 2010; Naipal et 

al. 2015). Validating data is another potential difficulty as observational soil erosion 

data is not always available (Benavidez et al. 2018). This means that any model errors 

might not be detected. A review by Benavidez et al. (2018) of studies which 

compared RUSLE and USLE to observational data found that (R)USLE results range 

from under-estimation to over-estimation. Under-estimation was often due to gully 

erosion and mass wasting, neither of which is included in (R)USLE. Over- and under-

estimates could also be due to differences in temporal and spatial resolutions as well 

as timescales between observed and modelled estimates. Another possibility for the 

differences between modelled and observed estimates may also be because of the 

way observed data is obtained. For example, occasional grab samples from streams 

do not fully represent (R)USLE’s annual estimate. Often when the (R)USLE sub-factors 

are adjusted for regional applicability, the model's errors are reduced (Benavidez et 

al. 2018). Another highly mentioned limitation is that the (R)USLE only estimates 
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sheet and rill erosion and ignores all other erosion types, including gully erosion, 

which can lead to under estimations. It also ignores deposition which can lead to 

over-estimations (Wischmeier & Smith 1978; Naipal et al. 2015). In general, USLE and 

RUSLE both tend to underestimate high average annual soil losses and overestimate 

low average annual soil losses (Kinnell 2010). 

 

While the RUSLE greatly follows the structure of the original USLE, improvements 

have modified the model to make it more process based. This includes a change to 

all the sub-factors’ equations. One of the main changes was in the C-factor estimation 

which in RUSLE can be estimated from vegetation form and tillage practices instead 

of experimental plots as in the USLE (Merritt et al. 2003). Other changes include 

creating a guide to estimate the K-factor when the USLE's nomograph is not 

applicable. RUSLE also has a more linear relationship for slope steepness, with USLE 

giving a 10% error in slope steepness leading to a 20% error in estimated soil loss and 

RUSLE improving the values by reducing them by approximately half. The LS-factor is 

also improved as it varies with susceptibility to rill erosion (Renard et al. 1991). 

 

2.8.1. R-Factor 

 

The R-factor is the rainfall and runoff factor in the USLE and RUSLE equations. It is 

also termed rainfall erosivity as it serves to consider the effect of rainfall and its 

intensity on soil erosion. While in this case it is specifically for the USLE family of 

equations, other soil erosion models consider rainfall erosivity in some way as it is a 
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very important parameter for soil erosion (Rasooli 2022). The R-factor can be 

calculated in different ways, using varying parameters, however, the original which 

was derived by Wischmeier (1959) and Wischmeier and Smith (1958) was calculated 

by assuming that when everything but rainfall is constant, soil loss is directly 

proportional to the total storm energy (E) times the maximum 30-minute intensity 

(I30). E reflects the volume of runoff and rainfall while I30 reflects the peak rates of 

detachment since erosion increases with rainfall intensity (Renard et al. 1997). A 

disadvantage of this factor is that it ignores irrigation and snowmelt (Wischmeier 

1959). In RUSLE, the USLE’s R-factor was improved by adding improvements for 

ponded water and frozen soils (Renard et al. 1997). 

 

A major problem with the original R-factor equation by Wischmeier and Smith (1958) 

is that it requires large amounts of rain gauge data. Renard and Freimund (1994) 

recommended at least 20 years of rainfall data for RUSLE calculation using its R-factor 

equation. Furthermore, the data needs to be able to determine the rainfall intensity, 

and so hourly data is necessary. This disadvantage is one of the reasons why 

numerous different equations were developed to obtain the R-factor using different 

parameters, under different climatic regimes. Different studies use different 

equations including those by: 

• Roose (1977),  

• Kassam (1992),   

• Arnoldus (1980), 

• Renard and Freimund (1994),  
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These equations use a number of parameters including a combination of mean 

annual rainfall, monthly rainfall, daily rainfall, number of years of observation, a 

storm’s 30-minute maximum intensity, and a number of different constants, among 

other parameters (Ghosal & Bhattacharya 2020). 

 

Being the factor which includes rainfall, its intensity, and its effect on soil loss, the R-

factor will be affected by climate change. In Japan, Shiono et al. (2013) conducted a 

study to investigate the effects that climate change will bring about on rainfall 

erosivity in local farmlands. Their results showed that the R-factor is expected to 

increase under future climate change scenarios. This is both because of changes in 

precipitation totals and precipitation intensity (Shiono et al. 2013). In China, another 

study, by Wang et al. (2023b), had similar findings. Under both SSP1-RCP2.6 and 

SSP5-RCP8.5, and for both the short-term and the long-term, the R-factor is expected 

to increase. The authors suggest that a main cause is the higher chance of extreme 

precipitation events (Wang et al. 2023b). On the other hand, a study in Crete 

achieved quite different results. An increase in rainfall erosivity is projected under 

RCP2.6 but a decrease in rainfall erosivity is projected for RCP8.5. The results for 

RCP2.6 can be attributed to the higher erosive power of the rain and the minimal 

change in precipitation amount. Meanwhile, the RCP8.5 results can be attributed to 

the decline in precipitation totals (Grillakis et al. 2020).  
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2.8.2. K-Factor 

 

The K-factor is the soil’s susceptibility to erosion and shows how soil characteristics 

can influence soil erosion (Renard et al. 1997). This includes aspects such as texture, 

structure, porosity, and organic matter (Ghosal & Bhattacharya 2020). Soil texture is 

one of the biggest determiners of soil loss. Soils rich in clay are less eroded due to 

high particle cohesion and resistance to detachment. On the other hand, soils rich in 

sandy particles have high transport resistance because of a larger particle size. This 

leaves loam and silt-rich soils as the most prone to erosion (FAO 2019). Soil texture, 

along with soil structure, permeability, porosity, and antecedent moisture, influence 

the infiltration rate of a soil. This rate is very important to soil erosion as higher 

infiltration rates mean less surface runoff and less erosion and vice versa. Whether 

water infiltrates a soil or becomes runoff depends on not only the infiltration rate 

but also on the rainfall intensity and drop size, and on the slope gradient (FAO 2019). 

Other determiners of soil erosion include organic matter content. SOM helps to bind 

the soil aggregates together, making the soil more resistant to erosion (FAO 2019). 

Surface roughness is another determiner. This is because a rough surface creates 

more friction against surface runoff, thereby reducing its erosivity. A rough surface 

can be created either through rock fragments or large aggregates formed by tillage 

(FAO 2019).  

 

The K-factor was originally determined for USLE in the field by Wischmeier and Smith 

(1978) using a plot of 22.1 m slope length and a 9% slope angle, under a continuous 
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fallow which is ploughed up and down the slope and is considered as how much soil 

is lost in an EI unit. It can also be calculated in a number of other ways. These include 

the equation by Wischmeier and Smith (1978) which requires the percentage of the 

different textural classes, the percentage organic matter, the soil structure code, and 

the permeability class for the soil. The RUSLE's K-factor is also determined based on 

soil properties. However, it includes changes regarding seasonal variability, rock 

fragments, and volcanic soils to improve the model's accuracy (Renard et al. 1997). 

 

Adjustments for rock fragments was necessary in the RUSLE because when rock 

fragments are on the soil surface, soil detachment is reduced. However, when they 

are in the soil profile, infiltration is reduced instead. RUSLE considers the influence of 

rock fragments in the soil profile in the K-factor determination by adding adjustments 

to the permeability class. The influence rock fragments have on the soil surface is 

considered in the C-factor (Renard et al. 1997). Seasonal variation is needed due to 

soil freezing, changes in soil texture and soil water. This seasonal variation is obtained 

by relating the K-factor to periods without frost and the annual R factor (Renard et 

al. 1997). 

 

Apart from the nomograph (Wischmeier et al. 1971) and equation (Wischmeier and 

Smith 1978) for the original USLE model, the K-factor can be calculated through a 

number of different equations which make use of different soil parameters. Sharpley 

and Williams (1990) used some of the concepts found in the nomograph to create 

another model based on particle size distribution and organic matter.  
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A study by Yang et al. (2024) compares four methods of calculating the K-factor with 

a measured K-factor from literature. The methods include the USLE-K (Wischmeier & 

Smith 1978), RUSLE2-K (Renard et al. 1997), EPIC-K (Sharpley & Williams 1990), and 

Dg-K (Römkens et al. 1997). All methods displayed a similar spatial pattern, with 

higher K-factor values in northern and central Asia, western Europe, and southern 

North America. However, out of the four methods, the RUSLE2-K method performed 

the best when compared with the measured K-factor. This was followed by USLE-K 

and EPIC-K, with the Dg-K method performing the worst in comparison to the 

measured-K (Yang et al. 2024). 

 

2.8.3. LS-Factor 

 

The LS-factor considers the topography of the area under study. It can be divided into 

the L-factor and the S-factor, where the L-factor refers to slope length and the S-

factor refers to slope steepness (Renard et al. 1997). Wischmeier and Smith (1978) 

considered slope length to be the horizontal distance between the runoff’s source to 

either where the slope is flat enough for deposition to occur or where a channel 

forms from concentrated runoff. Runoff often concentrates in less than 120 m, but 

this is not necessarily the case (Renard et al. 1997). As slope length increases, the 

amount of runoff increases. Similarly, as slope steepness increases, the runoff 

velocity increases. The increase in amount and velocity of runoff increases erosion 

(Ghosal & Bhattacharya 2020). Slope steepness is considered to contribute greater 

to soil loss than slope length (Renard et al. 1997). Improvements from USLE include 
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a more linear slope steepness equation and the ability to represent complex slopes 

through a number of segments. These improvements result in RUSLE soil loss 

estimates being half those estimated by USLE on steep slopes (Renard & Ferreira 

1993).  

2.8.3.1. Variations in Measurement 

 

Renard et al. (1997) suggest measuring or pacing in the field to determine the L-factor 

while using an inclinometer for the S-factor. Contour maps may be used for slope 

determination but are not suggested for slope length because they are not detailed 

enough. There is a lot of variation in equations used to determine the LS-factor. The 

L-factor is often determined as in the equation developed by Wischmeier and Smith 

(1957).  

𝐿 = (
𝜆

22.13
)𝑚 

Where: 

• λ = slope length 

• 22.13 = RUSLE plot length in metres 

• m = 
𝛽

(1+𝛽)
 = variable slope exponent, which in steep landscapes ranges from 

0.2 to 0.5 

• β = 
𝑠𝑖𝑛𝜃/0.0896

[3(𝑠𝑖𝑛𝜃)0.8+0.56]
 = ratio of rill to interrill erosion 

• θ = slope angle 
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This equation considers the ratio of soil lost on the studied slope to that of a 22.13 m 

slope with a 9% slope steepness, which is given an LS-factor of 1.0 (Wischmeier & 

Smith 1957).  

 

While Wischmeier and Smith’s equation is commonly used, there are still variations 

in how it is calculated. This includes the popular L-factor calculation methods:  

• The grid cumulation (GC) method 

• The contributing area (CA) method 

The grid cumulation method, initially developed by Hickey (2000) and based on the 

earlier work by Hickey et al. (1994), was further refined by Van Remortel, Hamilton, 

and Hickey (2001) and Van Remortel, Maichle, and Hickey (2004). It considers the 

slope length (λ) to be the length calculated along flow path.  The method uses a D8 

flow routing algorithm to sum up the non-cumulative slope length (NCSL) following 

flow direction from high points. The flow path begins from high points, which have 

no in-flow and thus only the downhill half of the cell has a flow length.  

 

The contributing area method uses the upslope contributing area instead of the slope 

length. This method is based on the principle that flow accumulation and divergence 

across the landscape influence the flow reaching a specific point. Desmet and Govers 

(1996) proposed this method for use in GIS using Quinn et al.’s (1991) FD8 multiple 

flow direction flow routing algorithm with the equation: 
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𝐿𝑖,𝑗 =
(𝐴𝑖,𝑗−𝑖𝑛 + 𝐷2)𝑚+1 − 𝐴𝑖,𝑗−𝑖𝑛

𝑚+1

𝐷𝑚+2(𝑥𝑖,𝑗
𝑚)22.13𝑚

 

Where, 

• L is the L-factor at coordinates i,j 

• Ai,j-in is the contributing area at the inlet of that grid cell in meters squared 

• D is the grid cell size in meters 

• xi,j= sin(𝑎i,j) + cos(𝑎i,j) where ai,j is the aspect direction 

• m = length exponent of the USLE’s L-factor 

 

Liu et al. (2011) in their study compared CA algorithms to GC algorithms. They found 

that CA algorithms resulted in higher L-factors and greater error rates. They 

suggested that the reason behind this is that the GC methods include a cutoff for the 

L-factor which limits its maximum attainable value. Liu et al. (2011) also found that 

as the spatial resolutions of DEMs gets coarser, the difference between the two 

methods gets even more enhanced. This can be attributed to the fact that the CA 

method gets a larger area to use under coarse spatial resolutions, and this in turn 

increases the L-factor. The authors thus determined that GC methods are more 

suited than CA methods, especially when using coarse resolution DEMs (Liu et al. 

2011). 

 

Regarding the S-factor, other than Wischmeier and Smith’s (1957) equation, there 

are also those by Moore and Burch (1986), McCool et al. (1987), and McRoberts et 
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al. (2002). McCool et al.’s (1987) equation is used in the RUSLE, and it depends on 

the slope angle as follows: 

• If θ is less than 9%, S = 10.8sinθ + 0.03 

• If θ is more than 9%, S = 16.8sinθ – 0.5 

Where, 

• θ = slope angle 

 

Slope angle calculation methods include the neighbourhood (NBR) method and the 

maximum downhill slope method (MDS). The NBR method involves a 3x3 window 

moving over the DEM and averaging the elevation’s rate of change of the adjacent 

cells to find the slope of the central cell. The equation for the NBR method is as 

follows: 

𝜃 = tan−1(√(
𝑑𝑧

𝑑𝑥
)2 + (

𝑑𝑧

𝑑𝑦
)2) 

Where, 

• 
𝑑𝑧

𝑑𝑥
 is the east to west slope 

• 
𝑑𝑧

𝑑𝑦
 is the north to south slope 

This method has two main problems, which are: 
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• Inaccuracies can arise since this method averages the slope across a 

neighbourhood, leading to underestimations in steep areas and 

overestimations in flat areas  

• The NBR method's slope angle calculation can be inconsistent with flow 

direction, which can be problematic for models that heavily utilize flow 

direction. 

(Dunn and Hickey 1998). 

 

The maximum downhill slope method does not utilise averaging techniques and so is 

more adept for small features and variability in the landscape. Hand in hand with this 

advantage is the disadvantage that it is susceptible to DEM errors (Hickey 2000). Like 

the NBR method, it utilizes a 3x3 window, but calculates slope based on the elevation 

difference between the centre cell and the single neighbouring cell with the steepest 

downslope, thereby reducing the risk of overestimation (Dunn & Hickey 1998; Hickey 

2000). The equation for MDS is: 

𝜃 = tan−1(𝑚𝑎𝑥
𝑧9 − 𝑧𝑖

𝐿𝑒
) 

Where, 

• Z9 is the centre cell 

• Zi is the adjacent cell 1-8 

• Le is the distance between the centres of the two cells being considered (if 

the cells are diagonal, multiply by √2) 
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A study by Srinivasan and Engel (1991) compared these two methods, the 

neighbourhood and maximum downhill slope, as well as the quadratic surface best 

fit plane methods to observed results. They found that while it had better results in 

flat areas rather than in steep areas, the neighbourhood method was always the 

closest to observed values. The maximum downhill slope method estimated higher 

slopes, and it led to USLE’s LS-factor being 2x greater on flat areas and 1.6x more on 

steep areas when using the maximum downhill slope method over using the 

neighbourhood method (Srinivasan & Engel 1991). This is contradicted by a later 

study by Moody (2020) which suggested the use of the maximum downhill slope 

method instead as it maintained variability in the landscape and small features, 

which were lost using the neighbourhood method. The use of this method was 

especially recommended at fine resolutions. The author also mentioned that using 

coarse resolutions, the difference between the two methods is not as great. It is also 

suggested by the author to use a spatial resolution for the DEM of 5 m, as finer 

resolutions produce a busy LS-factor and might detect small-scale erosion patterns, 

not just established trends. On the other hand, coarser DEMs can have a smoothing 

effect on the data (Moody 2020). 

 

2.8.3.2. Flow Routing 

 

Flow routing is the way the flow is transferred down the slope. Flow routing 

algorithms are divided into two main classifications: single flow direction (SFD), and 

multiple flow direction (MFD) (Moody 2020). SFD directs all flow in a cell to one 
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downslope cell. It includes the common D8 algorithm which transfers the flow to the 

steepest downslope adjacent cell (O’Callaghan & Mark 1984) and the Rho8 algorithm 

which weighs the probability that one cell gets all the flow as per its gradient from 

the centre cell respectively (Fairfield & Leymarie 1991). MFD algorithms transfer the 

flow to at least two downslope adjacent cells. Some algorithms include the FD8 

(Freeman 1991) and the D-infinity (Tarboton 1997). 

 

While SFD algorithms usually result in low L-factor values and low contributing area 

values, the MFD algorithms using all downslope adjacent cells have higher values 

than those using fewer cells because using more cells distributes the flow to more 

areas and thus leads to a higher contributing area amount (Desmet & Govers 1996). 

Under steep terrain, the difference between SFD and MFD is also seen to be larger 

thereby suggesting that determining which algorithm to use is more influential in 

upslope areas than in flatter areas. SFD algorithms create sharper features and they 

have a banding effect, which is when it is part of a flow path, the area cannot be 

distributed to another flow path later (Moody 2020). This is more representative of 

valleys since permanent drainage systems are much more easily established there. 

MFD algorithms do not usually have banding effects and are more representative of 

hilly areas (Moody 2020). 

 

 

 

 



56 
 

2.8.3.3. Spatial Resolution of the LS-Factor 

 

Digital elevation models (DEMs) are often used to compute the LS-factor, with the L-

factor being reliant on the accuracy of the DEM (Liu et al. 2011). Using GIS, the 

common method for determining LS is: filling the sinks to create a depression-less 

DEM, flow direction, flow path (using an algorithm such as the D-8 algorithm), flow 

accumulation, L-factor and S-factor using their respective equations (using the raster 

calculator in a GIS environment), and finally multiplying the L- and S-factor maps 

(Ibetsberger 2020). A study by Raj et al. (2018) using several random points for 

different slope classes and using break values of 10, 25, and 50 respectively, were 

utilized for extraction of LS-factor values for each slope class. The computed statistics 

reveal that coarser DEMs of 10 m and 30 m spatial resolution are not able to capture 

micro-topographical differences which the fine resolution DEM (18 cm) captures. 

However, across the different slope classes, comparable results were achieved for 

each class by all the DEMs (Raj et al. 2018).  

 

Another study by Bircher et al. (2019) investigated the effect of spatial resolution on 

the L- and S- factors using DEMs of 2 m and 25 m spatial resolution. They found that 

using the S-factor method suggested by Renard et al. (1997) for the RUSLE equation, 

the 25 m DEM had significantly lower S-factor values (maximum, mean and standard 

deviation values). This is mainly attributed to an increased smoothing effect in coarse 

resolution DEMs. Since S-values are lower, coarse resolutions can lead to decreases 

in reported soil erosion (Bircher et al. 2019). On the other hand, the 25 m DEM 
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resulted in slightly higher L-factor values. Regarding the LS-factor, the two methods 

compared, the MFD and the WAT, which had a convergence value of 1.1 and 5 

respectively, produced conflicting results. The MFD 1.1 had lower values on the 2 m 

DEM while the WAT 5 had higher values for the 2m DEM (Bircher et al. 2019). 

 

Another study by Fu et al. (2015) also investigated the effects of spatial resolution of 

DEMs on the LS-factor. They found that average slope steepness (S-factor) of their 

AOI diminished in a linear decay function as spatial resolution gets coarser. On the 

other hand, the average slope length (L-factor) increased when using a coarser 

resolution. The average LS-factor decreased with a coarser resolution and when 

continuing to use the LS-factor in a soil loss equation, Fu et al. (2015) found that 

estimated soil loss was higher for finer resolution DEMs. However, for DEMs with a 

spatial resolution of 10 m or less, results of the S-, L- and LS-factor, as well as soil 

erosion, were similar to the results obtained by the 2 m DEM (Fu et al. 2015). 

 

2.8.3.4. Topography 

 

Sabzevari and Talebi (2019) conducted a study to explore the effect of slope 

topography on soil erosion. They studied slopes with different plans and curvatures 

and found that convex hillslopes had higher erosion rates than concave and straight 

slopes, an increase by a factor of 1.43 and 1.19 times respectively. They also found 

that profile curvature had a more marked effect on erosion than plan shape. 
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However, in general, erosion was found to be lowest on divergent-concave slopes 

and highest on divergent-convex slopes (Sabzevari & Talebi 2019). 

Rieke-Zapp & Nearing (2005) also conducted an experiment on topography and its 

effect on soil erosion. They constructed five different slope shapes: uniform, convex-

linear, concave-linear, head slope, and nose slope, made of silt loam soil and applied 

artificial rainfall to them for a duration of 90 min. They found that the slope shape 

had a significant effect on runoff, sediment yield, and rill patterns. Notably, head 

slopes and concave-linear slopes deposited sediment on their toe slopes and thus 

yielded less sediment than the other slope types tested. Furthermore, the study 

revealed a correlation between slope steepness and the distribution of rill erosion 

(Rieke-Zapp & Nearing 2005). 

 

2.8.4. C-Factor 

 

The C-factor refers to the crop and vegetative cover effect on soil erosion. It is a very 

important factor in RUSLE because it can be improved through human management 

and is not an inherent characteristic. It is determined as a deviation from the 

standard clean-tilled continuous fallow plot. It is then worked through a number of 

soil loss ratios (SLRs) which are the ratio of soil loss in the studied area to soil loss 

under the standard (Renard et al. 1997). RUSLE uses the following subfactors: 

• Canopy's protection of the soil (CC) 

• Surface cover (SC) 

• Surface roughness (SR) 
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• Previous cropping and tillage (PLU) 

• Soil moisture (SM) 

These effects are given a subfactor value which are then multiplied together to obtain 

a SLR. A SLR value is worked out for each time period in where the parameters are 

constant. Each SLR is weighted by the fraction of the EI value at their respective time 

period. The combination of the weighted values creates the C-factor. Under slow 

changing conditions, the subfactors are multiplied together to obtain the C-factor 

and no weighting is performed as it is assumed that the subfactors are annual 

averages (Renard et al. 1997). 

 

Vegetation is highly influential in determining soil loss because it has many effects. 

These include its interception capabilities which serve to doubly protect the soil by 

increasing the total surface which needs to be wetted before the soil surface is, and 

also by decreasing detachment from raindrop impact and reducing runoff from the 

reduction of surface seal formation. Another protective aspect of vegetation are the 

roots which increase infiltration and resistance to detachment. Friction caused by the 

presence of vegetation reduces the flow's velocity as well as absorbs some erosive 

energy. These effects of vegetation mean that as vegetation density increases, soil 

erosion decreases (FAO 2019; de Baets et al. 2007). 

 

2.8.5. P-Factor 
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The P-factor is the field management factor which refers to the soil loss ratio 

between the soil loss using a specific practice to that using up-downslope tillage 

(Renard et al. 1997). It includes practices which alter the direction, amount, and 

pattern of surface runoff. Practices include: 

• Terracing 

• Contouring 

• Strip-cropping 

• Sub-surface drainage 

These respective subfactors are multiplied together to obtain an overall P-factor 

which ranges between 0-1 (Renard et al. 1997).  

 

Proper determination of the P-factor exists, such as that by Wischmeier and Smith 

(1978), but most studies take it to be 1 due to the lack of conservation practices 

applied in their study area (Ghosal and Bhattacharya 2020).  

 

2.9. Soil Erosion Models and Climate Change 

 

Many different soil erosion models are used to research climate change and its 

effects on soil erosion. These models work differently from each other and thus can 

have different results. This depends on the forcing used leading to which soil erosion 

processes are considered by the model, with the major hillslope processes being 
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raindrop impact detachment and runoff detachment (Morgan 2005). The empirical 

models RUSLE (Renard et al. 1997) and USLE (Wischmeier & Smith 1978) consider 

forcing by precipitation, i.e. raindrop impact, meanwhile process-based soil erosion 

models such as SWAT and MUSLE often consider runoff detachment instead (Morgan 

2005). There also exist models with a combination of both precipitation and runoff 

forcing, such as EUROSEM, WEPP, and SPHY-MMF, which is the integration of Spatial 

Processes in HYdrology (SPHY) with the Morgan-Morgan-Finney model (MMF) 

(Eekhout et al. 2018). Eekhout and De Vente (2019) compared current and projected 

soil loss under RCP8.5 at two sites using RUSLE, MUSLE, and SPHY-MMF. The results 

were very different spatially and numerically, with RUSLE projecting the highest soil 

loss rate which is spatially based on precipitation and slope. MUSLE projects a lower 

rate with a spatial pattern based on water accumulation areas, and SPHY-MMF 

projecting the lowest amount with a spatial pattern similar to RUSLE’s at one site and 

similar to MUSLE’s at the other. Under an RCP8.5 scenario, RUSLE projects a mainly 

reduced soil loss rate; MUSLE projects a higher soil loss rate; and SPHY-MMF also 

projects a mainly higher soil loss rate. The decrease in soil erosion reported by RUSLE 

is most likely due to the projected precipitation decrease (Eekhout & De Vente 2019). 

Many studies assess the effectiveness of the soil erosion model and the soil loss 

predictions by comparing the predictions to sediment yields at the catchment outlet 

and measured plot data. The better performance was sometimes recorded by the 

empirical models and sometimes by the process-based models. These assessments 

were however, often conducted on small spatial scales and so cannot be generalised 

(Eekhout & De Vente 2019). 
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2.10. Satellite Data for RUSLE Modelling 

 

Satellite data comes from a type of remote sensing technology, i.e. satellites. 

Satellites utilise sensors to remotely capture different types of data through bands. 

A number of different products can then be made available. Commonly used 

satellites include the MODIS, Landsat, and Sentinel series (Zhao et al. 2022). Sensors 

aboard the satellites can be specialized for a specific product.  

 

When it comes to using satellites and their products, one needs to consider what 

their needs are. This involves both considering what type of imagery is needed as 

well as other considerations such as for how long data has been being collected, as 

well as temporal and spatial resolution. For example, if historic data is required, the 

Landsat satellites, operated by NASA and the US geological survey (USGS), are a good 

option. This is due to the fact that Landsat has been in operation since 1972 with 

Landsat 1 (ERTS-1). Since then, 8 more satellites have been launched, with only 

Landsat 6 failing to achieve orbit. Currently, Landsat 8 and 9 are in operation and 

Landsat 7 is on an extended science mission, with a lowered orbit in order to make 

way for Landsat 9. Landsat 8 and 9 have Operational Land Imagers (OLI) and Thermal 

Infrared Sensors (TIRS) onboard while Landsat 7 has the Enhanced Thematic Mapper 

Plus (ETM+). These sensors capture a number of bands which can be used to derive 

several satellite products and indices, which include the NDVI (Normalised 
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Vegetation Index), EVI (Enhanced Vegetation Index), and SAVI (Soil Adjusted 

Vegetation Index), among others. The next Landsat mission, Landsat Next, is planned 

for 2031 with sensors picking up a total of 26 spectral bands (NASA 2025; USGS n.d.). 

 

While Landsat has a 30 m spatial resolution on most bands and a temporal resolution 

of 8 days for Landsat 9, and 16 days for Landsat 8, Sentinel’s combined revisit rate is 

5 days and its bands have a spatial resolution ranging from 10 m to 60 m. This makes 

the Sentinel series a good option for users who require high resolutions. The Sentinel 

missions are a series of satellites by the European Space Agency (ESA) and provide a 

large amount of data for Copernicus. Sentinel-1, which includes both Sentinel-1A and 

Sentinel-1B, are radar imaging satellites; and Sentinel-2A, and Sentinel-2B are high 

resolution multispectral imaging satellites. Other satellites in the series include 

Sentinel-3 and Sentinel-6. However, despite their high resolution, the Sentinel series 

are recently launched satellites, going as far back as 2014, and thus do not have a 

large data archive like the Landsat satellites (European Space Agency n.d.). 

 

Another important satellite product is the MODIS (Moderate Resolution Imaging 

Spectroradiometer) sensor aboard NASA’s Terra and Aqua satellites. MODIS caters 

for a different need than the Sentinel and Landsat series. Terra and Aqua pass over 

the equator at the same time every day and can cover the entirety of the globe in 1 

to 2 days. The sensor has 36 spectral bands but its spatial resolution is coarser than 

that of Landsat or Sentinel, with products having a resolution of either 250 m, 500 m, 

or 1 km, depending on the product (NASA n.d.). 
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Satellites can also be used to produce RGBs and enhanced images. This is done 

through the combination of satellite images from different channels. Enhanced 

satellite images are often used for weather forecasting with InfraRed images that 

help in visualizing cloud top temperatures and convective cloud systems. On the 

other hand, RGB is the combination of three bands, allocated to red, green, and blue. 

RGBs can be made differently to monitor specific phenomena (EUMeTrain 2013; 

NOAA 2019). The Natural Colour RGB helps in visualizing surface features such as 

vegetation and soil, as well as clouds and ice. This RGB looks similar to a True Colour 

image of the Earth and so makes for easy interpretation. The True Colour RGB is the 

closest RGB to colour photography (EUMETSAT 2023). 

 

The Advanced Spaceborne Thermal Emission and Reflection Radiometer, or ASTER 

for short, is an imaging sensor aboard the satellite Terra. Its data is used for detailed 

maps concerning elevation, reflectance, and land surface temperature (NASA 2024). 

ASTER collects 14 bands of visible and near-infrared, short-wave infrared, and 

thermal infrared, with spatial resolution ranging from 15 m to 90 m, depending on 

the instrument (Satellite Imaging Corporation 2022). The sensor is the product of a 

joint collaboration between the National Aeronautics and Space Administration 

(NASA), Japan’s Ministry of Economy, Trade and Industry (METI), and Japan Space 

Systems (J-spacesystems) (NASA 2024). Another sensor providing elevation data is 

the Shuttle Radar Topography Mission (SRTM), which was aboard the Endeavour 

Space Shuttle in February 2000. This sensor is by NASA and the National Geospatial-

Intelligence Agency (NGA). It uses Interferometric Synthetic Aperture Radar (InSAR) 
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technology to acquire two signals from two radar antennas to create the first 

elevation dataset with almost global coverage. It has a spatial resolution of either 30 

m or 90 m (EROS 2018). ASTER GDEM V3 has global coverage while SRTM has a 

coverage ranging from 60° N and 56° S. However, ASTER has voids over Antarctica 

and Greenland and may be obscured by cloud cover. Meanwhile, SRTM does not 

have a cloud cover problem since it is not an optical sensor, but it has more voids in 

mountainous areas than ASTER (USGS 2020).  

 

Khasanov (2020) compared SRTM and ASTER over a mountainous and a flat area and 

found that SRTM performs better and is more accurate than ASTER over 

mountainous areas, but ASTER outperforms SRTM over flatter topography. Forkuor 

and Maathuis (2012) found contradicting results where ASTER tends to 

underestimate elevation, but it is more evident in flat areas. Meanwhile, SRTM has a 

tendency to overestimate. The underestimation by ASTER is greater than the 

overestimation by SRTM and so it was concluded that SRTM has greater accuracy. 

When compared to a reference DEM, ASTER and SRTM obtained the same 

correlation coefficient for the flatter area but SRTM had a higher correlation than 

ASTER for the more mountainous topography (Forkuor & Maathuis 2012). 

Nikolakopoulos et al. (2006) compared ASTER and SRTM over two areas in Crete. 

They found that the SRTM dataset had a displacement but once fixed, the ASTER and 

SRTM DEMs had similar shape and a strong correlation (Nikolakopoulos et al. 2006). 

Krishnan et al. (2017) used SRTM and ASTER to derive landslide susceptibility index 

maps. The conclusion was also that SRTM performed better with elevation values of 
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both DEMs correlating well with reference data, but SRTM-derived terrain variables 

outperformed ASTER-derived terrain variables (Krishnan et al. 2017). 

 

Satellites can be used to obtain a number of products, not just DEMs, with one such 

product being precipitation. The problem with precipitation satellite data is that it 

often has a spatial resolution over 10 km (Filippucci et al. 2022). This is especially 

problematic for small areas of interest such as Maltese valleys and Malta in general. 

Another problem faced by precipitation satellites is that they provide indirect 

estimates of precipitation, often with a lot of variability. In mountainous terrain, 

satellite estimates are less representative of real data, possibly due to the high 

spatiotemporal variability in these areas. Infrared (IR) sensors have difficulty in 

mountainous areas and with light rain events, while passive microwave sensors have 

more difficulty in the cold season in mountainous regions (Derin & Yilmaz 2014). One 

of the satellites which obtains observed precipitation data is the Global Precipitation 

Measurement (GPM) Mission, a joint endeavour by NASA and JAXA. The GPM follows 

the Tropical Rainfall Measuring Mission (TRMM) and has a temporal resolution of 30 

minutes and a spatial resolution of 11.1 km. The Integrated Multi-satellitE Retrievals 

for the Global Precipitation Measurement (IMERG) is the algorithm which NASA 

applies to TRMM-era and GPM-era data to obtain almost-global coverage 

precipitation data for over 20 years (Huffman et al. 2023). 

 

Some soil products can also be obtained via satellites. One of these is soil moisture 

content. ESA’s Heritage Envisat uses the Advanced Synthetic Aperture Radar (ASAR) 
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at C-band to collect data on soil moisture content. This is possible as radar can detect 

a soil’s dielectric constant, which mirrors changes in soil water content. ESA’s Earth 

Explorer Soil Moisture and Ocean Salinity (SMOS) Mission uses its Microwave 

Imaging Radiometer with Aperture Synthesis (MIRAS) sensor for the same purpose 

(ESA 2023). When a study compared data from the International Soil Moisture 

Network (ISMN) with five satellite-derived products (SMAP, ESA CCI, and AMSR2 

(ascending, descending, and average)), they were seen to overestimate soil moisture. 

Land cover type also affected the satellites’ estimates, with bad performance being 

recorded over forests and better performance was seen over grasslands and 

shrublands (Feng et al. 2022). 

 

Remote sensing is a non-destructive non-invasive way of getting soil measurements, 

and while it still has limitations, such as in determining soil depth and heterogeneity, 

it has many advantages. Benefits include their extensive coverage, accuracy, cost, 

repeatability, and their non-destructive nature as well as the ability to use such 

methods in difficult terrain. Assessments can be conducted on a variety of scales, 

such as at watershed and individual field level (Abdulraheem et al. 2023). A number 

of different remote sensing techniques are used to gather data on several soil 

aspects. One of the techniques, spectral reflectance analysis, includes determining 

electromagnetic radiation reflectance over visible light and infrared wavelengths. 

Since soil properties have unique spectral signatures, the reflectance pattern 

obtained can identify and quantify these properties (Mohamed et al. 2018). Another 

technique is thermal infrared imaging, which measures longwave infrared (8-14 um) 
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emitted from Earth. This technique measures soil temperature but since soil 

temperature is affected by a number of other variables, thermal infrared imaging can 

also estimate and determine some of these variables. This mainly includes soil 

moisture, but this in turn produces information on porosity, compaction and fertility 

as surface temperatures reflect water availability, which in turn reflects the water 

infiltration rate and therefore soil porosity and compaction, and thus fertility (Khanal 

et al. 2017). Remote sensing via radar technologies is another technique which can 

be used for soil property assessment. This is especially useful since the microwaves 

can permeate the surface of the soil and obtain measurements related to moisture 

content and texture (Petropoulos et al. 2015). Remote sensing can also provide the 

input to methods and indices in determining soil erosion, soil salinity, soil organic 

carbon content, and crop health (Abdulraheem et al. 2023). 

 

2.11. International and Local Legislation Relating to Soil Erosion 

 

Legislation is an important aspect to soil erosion as it serves as a basis for 

management. Soil loss estimates and related studies are important as they provide 

the necessary information to policymakers to develop effective laws. Subsequently, 

effective legislation implements strategies and policies which promote erosion-

reducing practices and technologies. For example, subsidies could incentivize 

sustainable land practices such as rubble wall maintenance, contour ploughing, and 

conservation or no-tillage. 
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2.11.1. International Law 

 

Soil is globally recognised as an important asset and therefore laws and policies 

relating to soil can be found globally. Despite this, it is important to note that soil has 

no overarching law or authority at international level, and policies need to be 

implemented by the individual states (Bodle 2022).  

 

An important legally binding, with 197 parties, document is the UNCCD, United 

Nations Convention to Combat Desertification, which aims to address the issue of 

desertification. This document considers land-related issues, with soil conservation 

being linked to desertification’s definition. One of the main issues of this document 

is that the obligations are very generic (Bodle 2022). The UNCCD also gives direction 

over the execution and management of Sustainable Development Goal (SDG) 15.3. 

SDG 15 and its target 15.3 stipulate that land degradation neutrality should be 

achieved by 2030, although this is not binding. In fact, the UNCCD seems to focus 

more on capacity-building, rather than on legally binding documents (Ruppel 2022). 

In terms of SDG 15.3, the UNCCD offers help in progress measurement, reporting, 

and guidance (Bodle 2022). 

 

Another important UN institution when it comes to soil is the Food and Agricultural 

Organisation (FAO). FAO is mainly concerned with providing technical guidelines and 

sharing knowledge relating to soil. These documents are not legally binding. Some 
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important work of theirs include the World Soil Charter in 1981 and its revised 

version of 2015, as well as the Voluntary Guidelines for Sustainable Soil Management 

(VGSSM). They are also credited with the establishment of the Intergovernmental 

Technical Panel on Soils (Bodle 2022). 

 

2.11.2. EU Law 

 

The European Union (EU) is one of the entities trying to tackle issues pertaining to 

soil. 60% to 70% of EU soils were considered to be not healthy in 2021 estimates. This 

is due to soil erosion, salinisation, biodiversity loss, compaction, pollution, sealing, 

and organic matter reduction (EC 2021b). Europe is set to be influenced by more 

droughts, thereby increasing the desertification process. This process is mainly visible 

in the Mediterranean, and in central and eastern European countries (EC 2021a). 

While the Single European Act of 1987 makes it possible for soil legislation to be 

passed, EU-wide soil protection is still lacking. Any soil protection comes as a by-

product from other policies aimed at other aspects, such as nature, water, and waste 

(Heuser 2022). The European Court of Auditors stated that the Commission’s and 

member states’ actions have not been enough, and the EU lacks a shared vision on 

how to obtain land degradation neutrality by 2030 (European Court of Auditors 

2018).  
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The European Green Deal is a framework which aims to apply certain green measures 

across different sectors in the EU to help a green transition within the continent and 

become the first climate-neutral continent by 2050 (Heuser 2022). The targets of the 

European Green Deal also consider soil protection. The European Green Deal has 

several sub-strategies which consider different sectors. These strategies include the: 

• Zero Pollution Strategy 

• EU Climate Law 

• Biodiversity Strategy 

• Farm to Fork Strategy 

• EU Soil Strategy 

 

These strategies consider soil in different ways as part of an overarching aim. The 

Zero Pollution Strategy is meant to prevent and remedy environmental pollution. Soil 

is considered part of the environment and so part of this strategy is aimed at soil 

pollution. Similarly, the EU Climate law considers soil as an important carbon sink; 

the Biodiversity Strategy considers soil biodiversity a key part in ecosystem services 

such as nutrient cycling and soil fertility; the Farm to Fork strategy tackles soil from 

an agricultural perspective and includes the need for food security (Heuser 2022). 

 

The EU Soil Strategy (2021) is the main aspect of the European Green Deal which 

considers soil. It outlines a number of objectives (EC 2021a) which it aims to reach by 

2030 and 2050 respectively.  
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By 2030, the EU aims to: 

• Combat desertification, 

• Restore degraded soils and land, 

• Remove 310 million tonnes of CO2 annually for the land use, land use change 

and forestry (LULUCF) sector within the EU, 

• Achieve good ecological and chemical surface water status and good chemical 

and quantitative groundwater status by 2027, 

• Decrease nutrient loss by 50%, 

• Decrease use and risk of chemical and hazardous pesticides by 50%, 

 

By 2050, the aims are: 

• Obtain no net land take, 

• Decrease soil pollution to non-harmful levels to both humans and ecology, 

• Obtain a climate neutral Europe, 

• Obtain a climate resilient society in the EU which is ready to deal with the 

impacts of climate change. 

 

The EU Soil Strategy for 2030 is a framework concerning the protection, restoration, 

and sustainable use of soils (EC 2023b; EC 2023c). It was adopted in 2021 to replace 

the Soil Thematic Strategy from 2006. The Soil Thematic Strategy had included a 

proposal for a Soil Framework Directive, but this directive was never passed. Now, 

the EU Soil Strategy, is calling for the introduction of a Soil Health Law. Such a step is 
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important as while the strategy interacts with other EU policies, soil legislation comes 

as a by-product from other laws and there is no EU-wide soil specific law (Kolpak & 

Fornabaio 2022). The law which came from the EU Soil Strategy is the Soil Monitoring 

Law which aims to provide the legal framework for healthy soils by dealing with soil 

threats including erosion, landslides, salinisation, etc. It will set up a monitoring 

framework and encourage sustainable soil management practices across all member 

states as well as require member states to identify contaminated sites (EC 2023a).  

 

The soil monitoring law (Directive 2023/0232 (COD)) proposes that member states 

are obliged to establish soil districts throughout the country. These districts require 

a monitoring framework to be created for them. The framework aims to monitor the 

soil's health in each district. The Commission and the European Environment Agency 

(EEA) will help the member state in its monitoring efforts by conducting in-situ soil 

sampling regularly and using remote sensing technologies to develop soil monitoring 

products. Member states are to analyse the samples with the aim of determining the 

soil descriptors' values in Annex I, any additional soil descriptors' values, and land 

take values and soil sealing indicators as in Annex I part D.  Member states are obliged 

to use the methods listed in Annex II parts B and C. A healthy soil is when the soil 

descriptor's values meet the criteria in the Annex. If one criterion is not met, a soil is 

considered unhealthy. The proposed Directive also sets out a reporting system with 

reporting to the Commission and EEA being done every 5 years. Reports need to 

consist of the results of the monitoring, a trend analysis of the descriptors, and a 

summary of the progress regarding sustainable soil management principles which are 
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coming into practice ad the identification and management of contaminated sites. 

Online access to the Commission and EEA is also to be ensured (EC 2023a). Based on 

Directive 2008/99/EC, the protection of the environment through criminal law, 

violations are dealt with by the member state through fines which should be 

proportionate to the violation. The proposal for the Soil Monitoring Directive has 

already been criticised for lacking legally binding targets (Kolpak & Heinzel 2023). 

 

Another new EU regulation which is related to soil management is the nature 

restoration law (Regulation (EU) 2024/1991). This law works in tandem with other 

soil measures set by the EU to restore and manage soil. This law passed into force on 

the 18th of August 2024 (Directorate-General for Environment 2024). The proposed 

law requires member states to: 

• Put in place adequate restoration measures to improve the habitat types 

mentioned in Annex I and II to a good condition status. 

• Apply appropriate restoration measures for freshwater, marine, coastal, and 

terrestrial habitats of species found in Annex III and Annexes II, IV, and V of 

the Habitats Directive (92/43/EEC) and the Birds Directive (2009/147/EC). 

• Ensure habitats listed in Annexes I and II do not degenerate. 

• Increase the habitat area with good condition status of those under Annexes 

I and II and increase the quality and quantity of the habitats of the species 

listed in Annex III and in Annexes II, IV, and V of the Habitats Directive 

(92/43/EEC) and the Birds Directive (2009/147/EC). 
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• Guarantee no overall loss of urban green space and urban tree canopy cover 

between 2021 and 2030. 

• Increase the total area of urban green space by 3% of the total urban area in 

2021 by 2040 and by 5% by 2050, while also ensuring there is at least an urban 

tree canopy cover of 10%. 

• Undo the reduction in pollinator populations by 2030. 

• Set up restoration measures for biodiversity enrichment in agricultural 

ecosystems. 

• Obtain an improving trend in the: 

o Stock of organic carbon in cropland mineral soils. 

o Grassland butterfly index. 

o Share of agricultural land with high-diversity landscape features. 

• Establish restoration measures on organic soils in drained peatlands, 

including rewetting. 

• Establish restoration measures to improve forest biodiversity. 

• Improve the trends as per Annex VI in the following forest indicators: 

o Lying deadwood. 

o Standing deadwood. 

o Forest connectivity. 

o Share of the forest with uneven-aged structure. 

o Stock of organic carbon. 

o Common forest bird index. 
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• Prepare national restoration plans and preparatory monitoring and research 

necessary to help in identification of the restoration measures required so 

that the targets and obligations of Articles 4-10 may be met. 

• Quantify the area which requires restoration as per the targets in Articles 4 

and 5.  

(Regulation (EU) 2024/1991) 

 

The EU's Common Agricultural Policy (CAP) also considers soil within its remit. The 

latest version of the CAP, CAP 2023-27, attempts to protect soil through concepts 

such as crop rotation, which is a new condition for farmers and thus should take place 

on 85% of the CAP's arable land. This will disturb diseases and pests, thereby 

decreasing pesticide use, as well as increase soil fertility, thus improving water 

retention capacity of the soil and the soil's resilience to drought conditions. This is 

among other conditions to improve and support agriculture and its relationship with 

the environment (EC 2022). This period of the CAP has €387 billion from the 

European agricultural guarantee fund (EAGF) and the European agricultural fund for 

rural development (EAFRD). For farmers to benefit from financial aid, they must meet 

a set of requirements (European Commission n.d.). 

 

2.11.3. National Law 

 

In Malta one of the main environmental laws is the Environment Protection Act of 

2016. In its definition of the environment, this act specifically mentions soil as an 
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aspect of the environment and so this means that soil is included within its remit. 

Furthermore, soil is listed as being included in the terms land and natural resources 

within the act. The Environment Protection Act (2016) states that it is the duty of the 

government, every entity, and every person to protect the environment. It also sets 

up the Environment and Resources Authority (ERA) which has several functions: 

• Forms and implements environmental polices,  

• Conducts environmental monitoring,  

• Promotes research on environmental topics,  

• Issues information and guidelines to other entities and to the public relating 

to environmental issues,  

• Establishes environmental measures, 

• Monitors compliance and enforces it, 

• Assess and issues permits for activities influencing the environment, 

• Advises the Minister in charge on formulation of environmental policy. 

 

Another Maltese law which relates to soil is the Fertile Soil (Preservation) Act of 1973. 

While this law does not directly mention soil erosion, it mentions other soil related 

activities. It prohibits a number of harmful activities such as transportation of soil, 

covering fertile soil with stones or concrete, make fertile soil unsuitable for 

agricultural purposes by mixing it with stones among other activities, or build on 

fertile soil. When a building is to be built, the Fertile Soil (Preservation) Act states 

that the soil is to be removed as per the proper regulations beforehand. It also gives 
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the inspectors the right to enter a building site or any land where a building is going 

to be built.  

 

Malta also has a number of management plans for Natura 2000 sites. While the area 

of interest for this study is not explicitly within a Natura 2000 site, it is adjacent to 

one. The site, il-Qortin tal-Magun u l-Qortin il-Kbir, which is a special area of 

conservation (SAC) with the code MT0000026, includes a number of aims and actions 

which seek to conserve and manage the site, its habitats, and its species. The 

management plan also identifies threats to the site, one of which being the risk of 

increased soil erosion arising from walking and trampling off the tracks (ERA 2014).  
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3. METHODOLOGY 

 

3.1. Introduction 

 

This chapter focuses on the methods used during this study. It includes the methods 

used to derive the 5 factors for the RUSLE equation. The methods used are mainly 

based on spatial data analysis that includes raster and GIS data processing, using a 

number of software, namely: the Aeronautical Reconnaissance Coverage Geographic 

Information System (ArcGIS) ArcMap v. 10.8 (esri 2020) and ArcPro v. 3.1 (esri 2023a), 

the System for Automated Geoscientific Analysis (SAGA GIS) v. 9.3.0 (Conrad et al. 

2023), and the Quantum Geographic Information System (QGIS) v. 3.26.3 (QGIS 

Development Team 2023). Figures 3-1, 3-2, and 3-3 graphically explain the 

methodology of each aim. 

 

Figure 3-1: Flowchart of Methodology for Aim 1: Estimating the Soil Erosion at 
Different Spatial Resolutions, Using Both Coarse and Fine Data. 



80 
 

 

Figure 3-2: Flowchart of Methodology for Aim 2: Mapping Soil Erosion Patterns and 
Estimating Total Annual Soil Loss for Intermediate Years from 1957 up to 2021. 

 

 

Figure 3-3: Flowchart of Methodology for Aim 3: Estimating the Future Potential 
Soil Erodibility on the Basis of Variables Derived from Multi-Model Climate 

Projections. 
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3.2. Data Sources 

 
Table 3-1: Data Sources for the RUSLE Equation. 

Factor Influence on 

erosion 

Source 

R-factor Rainfall 

erosivity 

Monthly precipitation in mm from Malta International 

Airport (MIA) Meteorological Office  

Projected monthly precipitation from CMIP6 Climate 

Models from WorldClim (Fick & Hijmans 2017) 

K-factor Soil erosivity Fieldwork and lab analysis 

LS-

factor 

Topography LiDAR DEM 1 m resolution (Planning Authority 2018) 

ASTER GDEM 30 m resolution (2013) 

(NASA/METI/AIST/Japan Spacesystems and U.S./Japan 

ASTER Science Team 2019) 

C-factor Vegetative 

cover 

Muscat, 2022 

Orthophotos (Planning Authority 1978, 1988, 1998, 

2004, 2018) 

Landsat 5 TM (USGS/NASA Landsat 5 TM Surface 

Reflectance Tier 1 2023) 

Landsat 7 ETM+ (USGS/NASA Landsat 7 ETM+ Surface 

Reflectance Tier 1 2023) 

Landsat 8 OLI/TIRS (USGS/NASA Landsat 8 Surface 

Reflectance Tier 1 2023) 

P-factor Management Panagos 2015b; Muscat 2022 
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3.3. RUSLE Factors  

 

3.3.1. R-Factor 

 

The R-factor was determined via the method introduced by Arnoldus (1980) and 

modified by Renard and Freimund (1994) to result in the modified Fournier index (F) 

which is shown in the following equation: 

𝐹 =
1

𝑁
∑(∑

𝑝𝑖2

𝑝
)

12

𝑖=1

𝑁

𝑗=1

 

Where: 

• F = modified Fournier index 

• N = number of months 

• pi = monthly rainfall in mm 

• p = mean annual rainfall in mm 

 

The data obtained from the Meteorological Office contained monthly precipitation 

values for 1947-2021. For each year that required an R-factor, i.e. each year that the 

RUSLE is being worked for, the above equation was used with 4 past years of data. 

Thereby, N was set to 48 months. This determines the modified Fournier index but a 

subsequent step is necessary to calculate the R-factor. The following two equations 

by Ferro et al. (1999) and Renard and Freimund (1994) for Italy-Sicily and Morocco 

respectively were used for this purpose.  
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𝑅𝐼𝑡𝑎𝑙𝑦−𝑆𝑖𝑐𝑖𝑙𝑦  = 0.612 ∗  𝐹1.56 

𝑅𝑀𝑜𝑟𝑜𝑐𝑐𝑜 = 0.264 ∗ 𝐹1.5 

As in Malta Environment and Planning Authority (MEPA) (2013), the Moroccan 

equation underwent a correction by dividing the resulting R-factor by 0.587. The 

result of this correction and the result of the Italy-Sicily equation were averaged 

together to calculate an estimate for the Maltese Islands. This specific method was 

used because Sicily and Morocco have similar climates to Malta since they are 

geographically close to the Maltese Islands. Therefore, it was assumed that an 

average of their respective equations would be good for Malta as it lies 

approximately between them, in terms of latitude. Table 3-2 below displays the 

resulting R-factors for the different years. 

Table 3-2: R-factors for Each Relationship for Each Year. 

Relationship and 

reference 

R-factor 

1957 1978 1988 1999 2004 2018 2021 

R(Italy-Sicily) 

Ferro et al. (1999) 
1135.7 698.7 1049.6 949.3 792.2 573.5 969.7 

R(Morocco) 

Renard and 

Freimund (1994) 

366.8 229.9 340.0 308.7 259.4 190.1 315.1 

R(Morocco correction) 

(MEPA 2013) 
624.8 391.7 579.2 525.9 441.9 323.9 536.8 

R(Malta) 
880.3 545.2 814.4 737.6 617.1 448.7 753.2 
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The R-factor for Malta for each year was used and each value was inputted into the 

attribute table of a separate vector layer in ArcGIS, which covered the entire valley 

as one polygon. The vector layers were exported as shapefiles from ArcGIS and 

imported into SAGA GIS.  

 

3.3.2. K-Factor 

 

The K-factor was calculated using Sharpley and Williams’ (1990) EPIC model’s K-factor 

equation. While this is not the standard RUSLE approach to calculating the K-factor, 

this method was chosen due to data constraints and a well-documented use of this 

equation for the RUSLE in cases where there is not enough data to use the standard 

nomograph or equation (Wischmeier 1971; Wischmeier & Smith 1978; Yang et al. 

2024; Ghosal & Bhattacharya 2020; Xu et al. 2013; Guduru & Jilo 2023; Jin et al. 2021). 

This method was chosen over other potential K-factor calculation methods as it’s use 

in RUSLE is more well-documented and because all data required for this method was 

available, unlike for other methods. Soil samples were collected based on site access 

and permission, with at least two samples taken per category from Lang’s (1960) soil 

map. The EPIC equation requires soil texture and soil organic matter percentages, 

which were determined in a lab as in Muscat (2022) (Appendix 6), which were often 

found to have a high sand content and a low organic matter content. The equation is 

as follows: 
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𝐾 = (0.2 + 0.3 ∗ exp (−0.0256 ∗ 𝑆𝐴𝑁 ∗ (1 −
𝑆𝐼𝐿

100
))) ∗ (

𝑆𝐼𝐿

𝐶𝐿𝐴 + 𝑆𝐼𝐿
)

0.3

∗ (1 −
0.25 ∗ 𝐶

𝐶 + exp(3.72 − 2.95 ∗ 𝐶)
)

∗ (1 −
0.7 ∗ 𝑆𝑁1

𝑆𝑁1 + exp(−5.51 + 22.9 ∗ 𝑆𝑁1)
) 

Where: 

• K = K-factor 

• SAN = percentage sand 

• SIL = percentage silt 

• CLA = percentage clay 

• C = percentage organic matter 

• SN1 = 1 −
𝑆𝐴𝑁

100
 

 

The equation was calculated for each soil sampling site and the result was multiplied 

by 0.1317 to convert the units from the American units ton.acre.hr/hundreds of 

acre.ft.tonf.in to the SI units t.ha.hr/ha.MJ.mm. In ArcGIS a new point feature class 

was created and a new record was created in each soil sampling location. In the 

attribute table, the K-factor values were inputted, with care that each value 

corresponds to the location it was taken from. The vector layer was then exported as 

a shapefile and imported into SAGA GIS. Ordinary kriging interpolation of the points 

was then performed to create a continuous raster covering the entire area of 

interest.  
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Interpolation was a necessary step in the processing and analysing of the data as it is 

impossible to manually sample every spot in the AOI to have a continuous surface 

unless you use satellite imagery. Since field samples were taken, interpolation had to 

be used to estimate the values between the sample points based on some type of 

weighting system. The weighting system chosen for this study was kriging as it is a 

geostatistical method, based on statistical models using statistical relationships 

between the data points to weigh them based on distance between the measured 

point and the missing value, and the spatial distribution of the points. This makes it 

more capable of predicting the missing values as well as help it produce an element 

of accuracy to these predictions. It assumes that the direction or distance between 

the given point values is indicative of a spatial relationship that describes the 

variation present in the area. Hence, it is used when bias based on distance is present 

in the data (esri 2023c). This is a very useful technique to interpolating soil-related 

attributes as soils have a spatial pattern, whose variation needs to be reflected in the 

interpolation. Inverse distance weighting (IDW) and spline are also interpolation 

techniques. They were not chosen for this study as IDW is highly distance-based, 

weighing the neighbouring values according to distance; and spline is ideal for 

surfaces with gentle variation; thereby making them less suited for soil interpolation 

than kriging (esri 2023b; esri 2023d). 
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3.3.3. LS-Factor 

  

The LS-factor was determined via GIS methods in SAGA GIS (Conrad et al. 2023). The 

LiDAR data obtained was in .las format and thus the first step of processing was 

converting it to a grid. This was done using the point cloud to grid conversion tool in 

SAGA GIS. The second step was using the LS Factor (One Step) tool to calculate a 

raster grid of the LS-factor. This method involves sink removal as preprocessing and 

uses the method of Desmet and Govers (1996). A post-processing step was applied 

to the result of the LS-Factor (One Step) result. The raster calculator was used to 

apply a command to remove any values larger than 3 and thus help to filter out any 

rubble walls or small trees which may still be present. For proper comparison 

purposes, a copy of the LiDAR data was resampled to match the spatial resolution of 

the ASTER GDEM data. 

 

The ASTER GDEM data was obtained from NASA Earthdata in TIFF format and thus 

the initial part of the processing was unnecessary. It was decided to use ASTER GDEM 

data as it is easily available but slightly coarser elevation data, thereby making it part 

of the methodology used to meet aim 1. The data was first clipped to match the 

extent of the AOI, the aforementioned LS Factor (One Step) tool was then used to 

determine the LS-factor from the ASTER GDEM data. Since the spatial resolution of 

this dataset is 30 m, no command was applied because at 30 m, such small details 

like rubble walls are averaged across the entire cell.  
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3.3.4.  C-Factor 

 

The C-factor includes the type of vegetation growing in the plot as well as the type, 

if any, of tillage method used. The C-factor changes annually as farmers change the 

land use and the tillage method used. This means that for every year that the RUSLE 

equation is being calculated, the C-factor needs to be reworked. This is done by using 

old orthophotos from the specific years that are being used in the calculation and 

determining what is growing in each field in each year. The first step to doing this is 

to obtain the orthophotos and then to georeference them into the GIS software 

being used. Georeferencing is the process by which images and maps with no 

coordinate system are placed on a coordinated map and fixed in place, thereby giving 

the uncoordinated map or image the same coordinate system as the underlying map. 

The process uses reference points from both the image and the coordinated map to 

ensure that the image is positioned properly. Therefore, each orthophoto was added 

to the GIS file and using the georeferencing toolbar in ArcGIS, fixed into its correct 

position on the map. Spline georeferencing was used as it uses a large number of 

reference points to enhance the local georeferencing positioning, which is what is 

ideal for this project.  

 

Once the old aerial images were georeferenced in place, a new polygon vector layer 

was created in ArcGIS. This layer was made the first time by plotting each field in the 

valley as a polygon. It was then copied for each year as necessary. Each vector layer 
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has an attribute table, with each row representing a polygon – i.e. a field – and which 

includes the following columns:  

• Fid (field ID) 

• Classification 

• Crop factor 

• Tillage method 

• Tillage factor 

• C-factor 

The Fid is an automatically generated column which identifies each individual field, 

with an identification number starting from 0 and increasing upwards. The 

classification field is filled in manually. This was achieved by checking row by row 

what is growing in each field, as per the old orthophotos, and filling the column 

accordingly. This is a difficult process as some of the orthophotos are black and white, 

and of relatively bad quality. This makes the land use difficult to determine. The crop 

factor column is then filled in automatically via a python code (Appendix 1.1) 

according to what is growing in the field.  The crop factor values vary between 0-1 

and were obtained from a number of sources and are as per table 3-3 below. 
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Table 3-3: Classification and Crop Factor (Adapted from Galdies et al. 2022; 

Panagos et al. 2015d; Schürz et al. 2020; Benavidez et al. 2018). 

Classification Crop factor 

Bare soil 1.0 

Seasonal crops 0.5 

Fallow 0.5 

Grain 0.35 

Vines 0.35 

Palms 0.3 

Fruit trees/Citrus/Young trees/Reeds/Other trees 0.1 

Prickly pears 0.02 

Abandoned 0.02 

Abandoned with trees 0.01 

 

Due to difficulties in identification of land use, not all of the classifications were used 

for all of the orthophotos. For example, in black and white imagery, it is difficult to 

determine fallow fields. 

 

Regarding the tillage method field, two options were available: tilled or not tilled. 

This limited choice is because it is impossible to determine certain other tillage 

methods, such as conservation tillage, through orthophotos. Bare soil, seasonal 

crops, grain, and vines were considered tilled while fallow, palms, reeds, other trees, 

prickly pears, abandoned, and abandoned with trees were considered not tilled. This 
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was done automatically using a python code similar to that in Appendix 1.1. Since 

fruit trees, citrus, and young trees can be both tilled or untilled, each field containing 

them was checked manually to determine whether it was tilled or not. The tillage 

factor is the value given to each tillage option, as per table 3-4. 

Table 3-4: Tillage Method and Factor (Adapted from Galdies et al. 2022). 

Tillage method Tillage factor 

Tilled 1.0 

Not tilled 0.25 

 

 

The above methods regarding obtainment of the crop factor and the tillage factor 

were repeated for every year that is being studied. The C-factor is the final value used 

in the RUSLE calculation which represents the soil’s erosivity according to what is 

being grown and to how the field is tilled. It is obtained automatically by multiplying 

the crop factor by the tillage factor using the field calculator in ArcGIS. The layer is 

then exported as a shapefile from ArcGIS. 

 

3.3.5. P-Factor 

 

The P-factor for this entire study was kept constant at 0.5 as in Muscat 2022 and as 

found in Panagos et al. 2015b due to the presence of rubble walls and terracing 

throughout the valley. A polygon covering the entire valley was created and the p-



92 
 

value of 0.5 was entered into its attribute table in ArcGIS. This layer was then 

exported as a shapefile so that later it can be used in the final RUSLE calculation. 

 

3.3.6. RUSLE Calculation 

 

The shapefiles of the R-, C-, and P-factor layers were imported into SAGA GIS and 

they were rasterized using the shape to grids tools. Along with the rasters of the K-, 

and LS-factors, they were also clipped to match the extent of the AOI using the clip 

grids with polygon module in SAGA GIS. The grid calculator was then used to multiply 

the shapefiles together as per the RUSLE equation. The equation includes the R-, K-, 

LS-, C-, and P-factor layers. It was repeated with these five factors for each year, i.e. 

for 1957, 1978, 1988, 1998, 2004, 2018, and 2021. Another RUSLE was also worked 

with the 2018 data but using the LS-factor obtained from the ASTER GDEM. All the 

RUSLE calculations were named accordingly and exported as GeoTIFFs. ArcGIS was 

used for symbology and map layout purposes. 
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3.4. Future Soil Loss Projections 

 

Another aspect of the study was to predict future soil loss estimates. This is an 

important outlook to consider in the face of today’s climate change challenges and it 

is essential to study potential outcomes to aid in their mitigation and management. 

While soil types and topography are slow-changing processes, rainfall and vegetation 

are two major aspects which are likely to change with a changing climate. Therefore 

this study considered some possible methods, outlined below, to adjust these two 

factors accordingly to best represent future changes. The management factor was 

not adjusted as this is a very difficult factor to estimate, especially for the future, 

because it has several affecting factors, including those relating to human choices. 

 

3.4.1. Models 

 

Future climate projections were obtained from WorldClim v2.1 (Fick & Hijmans 

2017), which downscales future climate projections from CMIP6. Its products include 

monthly minimum and maximum temperature, precipitation, and bioclimatic 

variables, averaged over 20-year periods for different GCMs, spatial resolutions, and 

SSP scenarios (WorldClim 2024). CMIP6 itself includes several models and has a wide 

range of products to choose from. Some products, among many others, include 

(Copernicus 2021): 

• Air temperature, in K 

• Precipitation, in kg m-2 s-1 
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• Sea surface salinity, in PSU 

• Surface air pressure, in Pa 

• Relative humidity, in % 

CMIP6 has a varying spatial resolution depending on the model. It has data from 1850 

to 2014 as past experiments and 2015 to 2100 as future projections. CMIP6 also 

offers different emission scenarios as discussed in section 2.6 of this study. The data 

from CMIP6 is obtained in a NetCDF4 format (Copernicus 2021). Products and 

scenarios available differ from model to model. For this study the following models 

from CMIP6 were used to obtain the monthly total precipitation in mm: 

• CMCC-ESM2 (Lovato et al. 2022) 

• EC-Earth3-Veg (EC-Earth Consortium 2019) 

• IPSL-CM6A-LR (Boucher et al. 2018) 

• UKESM1-0-LL (Tang et al. 2019) 

Furthermore, each model was used to obtain a dataset for the SSP 2-4.5 and SSP 5-

8.5 scenarios for the years 2041-2060, resulting in 8 datasets overall. The data was 

obtained at a 30 second spatial resolution, which is about 1 km, from WorldClim v2.1 

(Fick & Hijmans 2017).  

 

The four chosen models are all European models. This relative proximity of their 

origin to Malta is the reason why they were chosen. CMCC-ESM2 is an Italian model 

from the Centro Euro-Mediterraneo sui Cambiamenti Climatici. EC-Earth3-Veg 

originates from the EC-Earth consortium, which is made up of 27 partners from 10 
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European countries. IPSL-CM6A-LR is from the Institut Pierre-Simon Laplace in 

France. UKESM1-0-LL is a UK model by the Met Office Hadley Centre. 

 

3.4.2. R-Factor 

 

Rainfall measurements in mm over the area of interest was extracted from the 

downloaded data. A total of 6 pixels were used to cover the area of interest at the 30 

seconds spatial resolution which the data was in. The value tool in QGIS was used to 

determine the rainfall measurement per month for each dataset. 

 

The R-factor for the datasets was determined using MS Excel. Using the Modified 

Fournier Index (Renard & Frimund 1994) and the aforementioned Sicily-Italy and 

Morocco equations by Ferro et al. (1999) and Renard and Freimund (1994), the same 

process applied to the past data was applied to each model for both the SSP 2-4.5 

and the SSP 5-8.5 scenarios for each model. The results of the models were then 

averaged to determine one R-factor per pixel for each SSP scenario.  

 

2 layers were created in ArcGIS for the different SSP projections of the data. The 

resulting R-factors were then inputted into the respective ArcGIS attribute tables 

according to their pixels. The layers were exported from ArcGIS as shapefiles. 
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3.4.3. C-Factor 

 

Since vegetation is not constant, the C-factor is a factor which changes with time. To 

obtain a more accurate estimate of future soil loss, the future C-factor had to be 

adjusted. This was done using the Normalised Vegetation Index (NDVI). This index 

helps determine plant health and areas of vegetation undergoing stress. It can thus 

be used as a proxy for the C-factor. It is calculated with the following equation: 

𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑
 

Where: 

• NIR = Near InfraRed Band 

• Red = Red Band 

 

NDVI estimates for the future are not readily available and so two methods were 

used to predict the estimates. One of the methods offers spatial variation while the 

other does not, and thus in this study they are referred to as the spatial method and 

the non-spatial method. The non-spatial method uses past NDVI data calculated from 

Landsat 5, 7, and 8 surface reflectance imagery (USGS/NASA Landsat 5 TM Surface 

Reflectance Tier 1 2023; USGS/NASA Landsat 7 ETM+ Surface Reflectance Tier 1 2023; 

USGS/NASA Landsat 8 Surface Reflectance Tier 1 2023) and regresses it against 

specific humidity and air temperature data from CMIP 5 (Copernicus Climate Change 

Service, Climate Data Store 2019). Landsat data was downloaded for a specific day in 

early spring, so that green vegetation would be present, as opposed to dry vegetation 
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in summer. The images were also chosen on a day which had minimal cloud cover 

over the AOI, this was preferred over downloading annual averages so that a year’s 

worth of averaged cloud cover does not alter the real NDVI values. The images were 

found using Earth Engine (Appendix 1.2) (Gorelick et al. 2017), were downloaded 

with only the red and NIR band, and were visually inspected before downloading to 

ensure cloud cover was minimal. Different dates were chosen because of the cloud 

cover issue and thus image date ranges from February to April, with one of the years 

being studied having an image from a different year as no images with minimal cloud 

cover were available within that date range. Table 3-5 displays the years being 

studied and the dates of each Landsat image representing it. 

Table 3-5: Landsat Images Date and Bands. 

Year Landsat image date Landsat satellite Bands for red and NIR 

1985 3rd March 5 3 and 4 

1991 27th March 5 3 and 4 

1995 18th February 5 3 and 4 

2000 5th April 7 3 and 4 

2005 18th March 7 3 and 4 

2010 8th April 7 3 and 4 

2015 29th March 8 4 and 5 

2021 29th March 8 4 and 5 

 

The specific humidity and air temperature data were downloaded from CMIP5’s data 

store for the years being studied (Copernicus Climate Change Service, Climate Data 
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Store 2019). The years 2010, 2015, and 2021 did not have any historical data so 

instead data from RCP 2-4.5 was downloaded. The data for 2050 under RCP 2-4.5 and 

RCP 5-8.5 was also downloaded. This data was loaded into SAGA GIS and the mean 

of each year being studied for both datasets was extracted and inputted into MS 

Excel. The Landsat images were also loaded into SAGA GIS and the NDVI was 

calculated using the above equation in the grid calculator. Some preprocessing was 

done before the NDVI was calculated, this included interpolating the faulty scan lines 

in Landsat 7 images, clipping the images to the AOI, and resampling them to match 

the other RUSLE grids. The mean of the NDVI over the AOI was then found and 

inputted into MS Excel with the specific humidity and air temperature data. Multiple 

regression was then performed in MS Excel between the means of the three datasets, 

with specific humidity and air temperature acting as predictors for NDVI (table 4.4.5-

5). It should be noted that other relationships with other variables were also 

explored, but this was data that gave the best fitting model and was thus chosen to 

be used. The resulting NDVI value was inputted into the below equation to determine 

the C-factor and one C-factor was used for the entire valley. The use of the proxies 

to determine NDVI, which is then further used to determine the C-factor was 

repeated for both SSP scenarios, resulting in a C-factor for SSP 2-4.5, and a C-factor 

for SSP 5-8.5 for 2050. 

 

For the spatial method, only the Landsat images for 1991 and 2021 were used. The 

NDVI was calculated as aforementioned and the 1991 grid was then subtracted from 

the 2021 grid using the grid calculator to determine the difference in the NDVI which 
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occurred in the 30 years. The annual rate of change was then determined by dividing 

the difference in the NDVI by 30. The NDVI for the future was then projected based 

on this annual rate of change using the following equation: 

𝑁𝐷𝑉𝐼2050 = 𝑁𝐷𝑉𝐼2021 + (𝑅𝑎𝑡𝑒 𝑜𝑓 𝑐ℎ𝑎𝑛𝑔𝑒 𝑜𝑓 𝑁𝐷𝑉𝐼 ∗ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑦𝑒𝑎𝑟𝑠) 

 

This calculation was performed with SAGA GIS’s grid calculator. The resulting grid was 

then classified to exclude any values larger than 1 and any values smaller than -1, 

since the NDVI is an index which ranges from -1 to 1. This was accomplished using 

the reclassify grid values tool in SAGA GIS, which changed any value over 1 to 1 and 

any value less than -1 to -1 while keeping all other values the same.  

 

Both of the NDVI maps, and the NDVI constants require transformation into C-factor 

values maps. This was done using the relationship and equation by Van der Knijff et 

al. (1999), which is as follows: 

𝐶 = exp (−𝛼
𝑁𝐷𝑉𝐼

(𝛽 − 𝑁𝐷𝑉𝐼)
) 

Where: 

• C = C-factor 

• α = a parameter that helps define the shape of the NDVI-C curve, given a value 

of 2 as in Van der Knijff et al. (1999) 

• β = another parameter that also helps define the shape of the NDVI-C curve, 

given a value of 1 as in Van der Knijff et al. (1999) 
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For the non-spatial method, the equation was calculated in MS Excel, whereas for 

the spatial method the grid calculator in SAGA GIS was used to apply this relationship 

between the NDVI and C-factor and thereby estimate the C-factor values from the 

calculated NDVI maps for 2021 and 2050. 

 

3.4.4. Other Factors 

 

The other RUSLE factors needed for the equation were kept constant since they do 

not undergo a lot of change within a small number of years. Therefore the same K-, 

LS- (from LiDAR), and P-factor layers were used. These layers were multiplied by each 

other using the raster calculator in SAGA GIS as per the RUSLE equation: 

A = R * K * LS * C * P 

This equation was used to calculate a RUSLE for each SSP scenario. It should be noted 

that for the non-spatial method, a constant value was inputted as the C-factor for 

each SSP, whereas for the spatial method, a grid was inputted as the C-factor in the 

calculation. The spatial method also calculated a RUSLE for 2021 using the C-factor 

from the 2021 NDVI for comparison purposes. 
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3.5. Statistical Analysis of the Three Aims 

 

The next chapter will display the results and statistics of this study. The chapter is 

divided into 3 parts, one for each aim for clarity. Here, a breakdown of each test listed 

in the next chapter will be provided. 

 

Two difference maps are present in the next chapter. These are maps which highlight 

the changes between two maps. The first map presented is a comparison between 

soil loss estimates from ASTER and LiDAR at 30 m spatial resolution. This highlights 

areas where the two datasets differ. The second map is between the soil loss 

estimates for 2021 and 1957. This serves to highlight the changes in soil erosion the 

valley went through as well as visually depict areas undergoing erosion increase and 

erosion decrease. Time series plots are found with the results of the third aim. They 

present an easy-to-read graph showing changes in soil erosion in the AOI in time. The 

future predictions are included. A trendline of the past data is also included on the 

graphs to further illustrate the changes in erosion in the valley in a very general way.  

 

The descriptive statistics are another aspect presented in the next chapter. This is a 

numerical breakdown of the maps – highlighting the mean and maximum so that a 

better idea of the soil erosion changes throughout the years and under different 

scenarios is understood. The results of Moran’s I are also presented. This test is a 

type of spatial autocorrelation test which is used to determine whether there is 

clustering in the data, and whether this clustering is statistically significant. This is an 
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important test to consider for this study as the spatial dimension is very important in 

soil erosion and clusters tend to be present, thus spatial statistics and patterns are of 

the utmost importance. 

 

Some sections also have normality and statistical tests presented. Normality tests 

and Q-Q plots for the data tested are first displayed. This is an essential step to 

determine if parametric or non-parametric tests should be used. The statistical tests 

are then presented. These tests relate to aim 3 of this study, i.e. soil loss estimates 

at different spatial resolutions. This is why the Wilcoxon signed-ranks test was chosen 

as it compares the mean of two related datasets, such as when the datasets are of 

the same location. The second test is Spearman’s rank correlation coefficient. This 

test was used to investigate the strength of the relationship between the soil loss 

estimates from ASTER and LiDAR datasets. Each test had related graphs produced to 

further illustrate the statistical findings. Another statistical test presented is the 

multiple regression, which was mentioned in section 3.4.3. This test was necessary 

as a relationship between NDVI and two proxies was required so that a relationship 

could be used to estimate a future value for NDVI over the AOI.  

 

It is important to note that throughout all the tests, H0 represents the null hypothesis, 

where there is no statistical significance and thus there is no significant difference; 

meanwhile, H1 is the alternative hypothesis which means that there is a statistically 

significant difference between the datasets being tested. Please find the full list of 

hypotheses for each test in Appendix 3.1. 
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4. RESULTS 

 

This section displays the results obtained from this work. This section is divided into 

3 subsections, one for each aim, with each section including its own descriptive 

statistics and Global Moran’s I – a test to determine if similar data values are spatially 

clustered together. The first subsection displays the results for the first aim, i.e. the 

soil erosion predictions using the same method but a different spatial resolution. The 

section includes the map results obtained, as well as a map highlighting the changes 

between the two datasets; and some statistical tests, including normality tests. The 

second subsection relates to the second aim of the study, and it includes the map 

results of the RUSLE equation, i.e. the soil loss estimates in t/ha/yr, as well as one of 

the final estimates’ influencing factor – the C-factor. This subsection illustrates the 

spatial trends of erosion throughout the years, in approximately 10-year intervals, 

between 1957 and 2021. The maps show both patterns in the AOI as well as 

quantities of erosion in the valley being studied. The third subsection shows the 

results obtained for the third aim, the future predictions of soil erosion in the AOI – 

based on future rainfall and NDVI estimates. This subsection displays the soil loss 

estimates for both the non-spatial and the spatial methods, as well as for both 

scenarios studied: SSP 2-4.5 and SSP 5-8.5 for 2050. This section also displays time 

series plots showing past estimates from 1957 to projections for 2050; and the 

multiple regression used in Chapter 3 of this study. 
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4.1. Soil Loss Estimates at Different Spatial Resolutions 

 
 

Figure 4-1: Estimated Soil Loss in in t/ha/yr for 2018 over the AOI at 30 m Spatial Resolution with (a) Showing Results from LiDAR, (b) Showing 
Results from ASTER GDEM. 

a. b. 
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Figure 4-1 displays the soil loss results at 30 m resolution from (a) LiDAR-derived DEM 

upscaled from 1 to 30 m, and (b) ASTER GDEM. Hotspots of soil loss are evident in 

both figures in the same locations. The figures are also very similar, spatially and 

quantitatively, with (b) having a slightly higher maximum. 

 
4.1.1. Difference Map of Lidar-Derived vs ASTER-Derived Soil Loss Estimates 

 
Difference maps have been made by subtracting one map from another to bring out 

changes present between two maps. Figure 4.2 illustrates a difference map where 

the soil loss estimate map obtained through a LiDAR DEM (figure 4-1 (a)) was 

subtracted from that obtained by ASTER GDEM (figure 4-1 (b)). The resulting map 

displays overestimations and underestimations made by ASTER GDEM, with only 

slight changes being observed.  

 

 

 

 

 

 

 

 

 

 

Figure 4-2: Difference Map of Soil Loss Estimates in t/ha/yr from ASTER GDEM – LiDAR. 
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4.1.2. Descriptive Statistics for LiDAR-Derived vs ASTER-Derived Estimates 

 

Table 4.1 displays the mean, standard deviation, and maximum in t/ha/yr for the soil 

loss estimates obtained using a 1 m DEM from LiDAR, the same DEM but upscaled to 

30 m, and ASTER GDEM at 30 m spatial resolution. The soil loss estimates obtained 

at a 1 m spatial resolution are much lower than those at 30 m, with the mean being 

more than half, and the standard deviation and maximum being approximately half 

for the 1 m resolution dataset when compared to the 30 m resolution datasets. 

Table 4-1: Descriptive Statistics for Soil Loss Estimates at Different Spatial 
Resolutions. 

 Mean in 

t/ha/yr 

Standard deviation 

in t/ha/yr 

Maximum in 

t/ha/yr 

LiDAR 1 m (2018) 2.12 4.32 32.03 

LiDAR 30 m (2018) 8.30 9.83 57.32 

ASTER 30 m (2018) 9.03 10.49 66.64 

 

 

4.1.3. Spatial Autocorrelation – Global Moran’s I for LiDAR-Derived vs 

ASTER-Derived Soil Loss Estimates 

 

Global Moran’s I tests for spatial autocorrelation, i.e. clustering of data values, this is 

important for this study as soil erosion is often found in clusters. The Moran’s index 

for the 1 m LiDAR-derived soil loss estimates is very close to 1 and is thus strong and 

positive, indicating the presence of clustering of data values. This is further 

reinforced by the very high z-score. The very low p-value of almost 0 means that the 
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data is statistically significant, i.e. it is highly unlikely that the clustering of data values 

is occurring due to chance, and H1 is accepted. 

Table 4-2: Results of Global Moran’s I for Soil Loss Estimates at Different Spatial 
Resolutions. 

 
Moran's Index z-score p-value 

LiDAR 1 m (2018) 0.847596 1625.197 0.000 

LiDAR 30 m (2018) 0.359639 22.02317 0.000 

ASTER 30 m (2018) 0.364924 22.20902 0.000 

 

 

4.1.4. Normality and Statistical Tests for LiDAR-Derived vs ASTER-Derived 

Soil Loss Estimates 

 

Normality tests are an important aspect to consider when doing statistical analysis 

as through them it is decided whether to use parametric or non-parametric tests. The 

statistical tests themselves are important as they test for statistical significance, i.e. 

whether something is likely to have occurred by chance or not. 

 

Normality: 

Table 4-3 shows the result for the normality test conducted on the soil loss estimates 

from LiDAR and ASTER at 30 m spatial resolution. Since the p-value of both LiDAR and 

ASTER-derived soil loss is almost 0 for both the Kolmogorov-Smirnov and Shapiro-

Wilk tests, the normality assumption is violated, and the data is not normally 

distributed. This is further reinforced by the Q-Q plots in figures 4-3 and 4-4, where 
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the data points deviate from the reference line; as well as in the normal distribution 

plot displayed over the histogram (Appendix 3.2), which clearly shows the skewness 

of the data. Since the data is not normal, non-parametric tests will be used.  

 

Table 4-3: Normality Tests for Soil Loss Estimates from LiDAR and ASTER Datasets. 

 

Kolmogorov-Smirnov Shapiro-Wilk 

Statistic df p-value Statistic df p-value 

LiDAR .194 1006 .000 .804 1006 .000 

ASTER .193 1006 .000 .802 1006 .000 

 

 

Figure 4-3: Q-Q Plot for Soil Loss Estimates from LiDAR at 30 m. 
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Wilcoxon Signed-Ranks Test: 

Table 4-4 and table 4-5 are the results of the Wilcoxon signed-ranks test from SPSS 

for the soil loss estimates from ASTER and LiDAR datasets at 30 m spatial resolutions. 

The Wilcoxon signed-ranks test was used as it compares paired datasets together, 

such as datasets located over the same area. The former table shows the ranks result, 

with negative ranks showing the number of pixels with a higher LiDAR value and 

positive ranks showing the opposite. It can be seen that there are more positive 

ranks, revealing that ASTER-derived values are higher more often than LiDAR-derived 

values. This is in line with the descriptive statistics, as ASTER-derived values had a 

slightly higher mean and a higher maximum. Table 4-5 shows the z-score and p-value 

for the Wilcoxon signed-ranks test for the same dataset. The p-value of almost 0 

means that H1 is accepted and H0 is rejected. The error bar graph in figure 4-5 

graphically displays the results of the Wilcoxon signed-ranks test, with a graphical 

Figure 4-4: Q-Q Plot for Soil Loss Estimates from ASTER GDEM at 30 m. 
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representation of the lower LiDAR values. It visualizes the overestimation produced 

by ASTER GDEM as its mean is higher than LiDAR’s mean. The 95% confidence 

intervals around the means for the two datasets overlap, suggesting that the means 

are not very different from each other, despite the result of the Wilcoxon signed-

rank test suggesting statistical significant difference between the means. This could 

be because while there is some difference present between the two means, this is 

minimal. 

 

Table 4-4: Ranks’ Results for Wilcoxon Signed-Ranks Test for ASTER – LiDAR 

Datasets. 

 N 

ASTER – LiDAR Negative Ranks 431a 

Positive Ranks 570b 

Ties 5c 

Total 1006 

a. ASTER < LiDAR 

b. ASTER > LiDAR 

c. ASTER = LiDAR 

 

Table 4-5: Statistics Result for Wilcoxon Signed-Ranks Test for ASTER – LiDAR 

Datasets. 

 

 

 

 ASTER – LiDAR 

Z -5.528b 

p-value .000 

b. Based on negative ranks. 
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Spearman's Rank Correlation Coefficient: 

Another test conducted was Spearman’s rank correlation (table 4-6) to compare the 

soil estimates from ASTER and LiDAR at 30 m spatial resolution. The table displays 

the correlation coefficient and the p-value while the scatterplot in figure 4-6 displays 

this relationship in graphical format. The high, almost 1 correlation coefficient 

suggests a strong positive relationship between the two datasets. Meanwhile, the 

very low p-value of almost 0 means H1 is accepted and H0 is rejected. The R2 value 

and a trendline were added to the scatterplot to further illustrate the relationship 

between the ASTER and LiDAR derived soil loss estimates. While there are a few 

outliers, the majority of the data points are clustered around the trendline, indicating 

that the two datasets are strongly correlated. The R2 of the scatterplot is 0.8, further 

Figure 4-5: Error Bar Graphs for ASTER and LiDAR Datasets. 
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confirming the strong correlation between the ASTER- and LiDAR-derived soil loss 

datasets. 

 

Table 4-6: Results for Spearman's Rank Correlation for ASTER and LiDAR Datasets. 

 LiDAR 

Spearman's rho ASTER Correlation coefficient .966 

p-value .000 

 

 

 

 

 

Figure 4-6: Scatterplot of RUSLE Results Obtained Using ASTER GDEM Against Those 

Obtained by the Upscaled (1 m to 30 m) LiDAR Data. 
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4.2. Past Soil Loss Estimations 

 

The following maps (a) are the estimated soil loss in t/ha/yr calculated with the RUSLE 

equation between 1957 and 2021 at approximately 10-year intervals. Each soil loss 

estimate map is adjacent to its C-factor map (b), which represents vegetation cover 

and is one of the factors influencing soil loss estimates. This was done for ease of 

reference as the C-factor is possibly the main spatial influence on the soil loss 

estimates. The soil erosion figures (a) display the highest estimates of soil loss in red. 

Through the years, these red hotspots are seen to spatially change, but some trends 

remain constant through the years. The C-factor maps (b) mirror the soil loss maps 

(a) with high C-factor areas in white corresponding to red areas highlighting high soil 

erosion in figures (a). 

 

 

 



114 
 

 

 

Figure 4-7: 1957 (a) Soil Loss Estimates in t/ha/yr, (b) C-factor. 

a. b. 
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Figure 4-8: 1978 (a) Soil Loss Estimates in t/ha/yr, (b) C-factor. 

b. a. 
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a. b. 

Figure 4-9: 1988 (a) Soil Loss Estimates in t/ha/yr, (b) C-factor. 
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a. b. 

Figure 4-10: 1998 (a) Soil Loss Estimates in t/ha/yr, (b) C-factor. 
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a. b. 

Figure 4-11: 2004 (a) Soil Loss Estimates in t/ha/yr, (b) C-factor. 
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a. b. 

Figure 4-12: 2018 (a) Soil Loss Estimates in t/ha/yr, (b) C-factor. 
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a. b. 

Figure 4-13: 2021 (a) Soil Loss Estimates in t/ha/yr, (b) C-factor. 
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Results for 1957: 

Figure 4-7 illustrates the (a) soil loss estimates, and (b) the C-factor for 1957. Areas 

highlighted in white in (b) are seen to have a higher soil loss estimate in (a). The 

landwards side of the valley is seen to have higher erosion values, as well as higher 

C-factor values. High soil loss values seem to be common, covering most of the AOI’s 

landward side. 

 

Results for 1978: 

Figure 4-8 displays the (a) soil loss estimates, and (b) the C-factor for 1978. Soil loss 

estimates are much lower than in 1957, with a lower maximum and a more dispersed 

spatial pattern. This spatial pattern of the soil loss estimates once again mirrors the 

C-factor, with much less high C-factor values. 

 

Results for 1988: 

Figure 4-9 shows the (a) soil loss estimates, and (b) C-factor for 1988. Soil loss 

estimates have increased from 1978, with a higher maximum and more areas marked 

in red in (a). These soil erosion hot spot areas are mirrored in (b) in white which show 

areas of high C-factor. High soil loss values are especially concentrated around the 

valley floor. 
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Results for 1998: 

Figure 4-10 displays (a) the soil loss estimates, and (b) the C-factor for 1998. The 

maximum soil loss estimate value is similar to that in 1988 but the spatial pattern is 

much less dense, showing less areas with a high soil erosion estimate. This could be 

due to there being less high C-factor areas in (b). Despite this, there are still high 

erosion hotspots. 

 

Results for 2004: 

Figure 4-11 shows the (a) soil loss estimates, and (b) the C-factor for 2004. Erosion is 

spatially similar to that in 1998 but the maximum in 2004 is slightly lower. Despite 

the lower maximum, hot spot areas of high erosion are still present in the valley, 

especially on the landward side (southern side). 

 

Results for 2018: 

Figure 4-12 shows (a) soil loss estimates, and (b) C-factor for 2018. A decrease in 

erosion is evident, with a lower maximum – similar to 1978 levels. Despite the lower 

estimates, hotspots, displaying high erosion values are still present. These areas 

correspond to high C-factor areas in (b). These hotspots are less dense than in other 

years. 

 

 



123 
 

Results for 2021: 

Figure 4-13 displays (a) soil loss estimates, and (b) the C-factor for 2021. The 

maximum soil erosion value has increased greatly from 2018 but spatially, there are 

still many areas displaying low erosion values. It is important to note that the C-factor 

(b) ranges from 0-1 in 2021 instead of from 0-0.5. Despite this, the C-factor is often 

low. 

 

4.2.1. Difference Map for the Study Period 2021-1957 

 

Figure 4-14 relates to aim 2 of this study and displays the changes occurring in soil 

loss estimates over the AOI between 1957 and 2021. The map does not consider any 

fluctuations throughout the years, nor does it break down how the changes occurred 

through the 10-year intervals studied. This map simply shows the difference one can 

see if a snapshot of soil erosion in 1957 is compared to one in 2021. The map shows 

an increase in erosion along the valley floor and on the seaward (north) side of the 

valley. Meanwhile, the landward (south) side of the valley, with the exception of the 

valley floor seem to be undergoing a decrease in erosion with time. The majority of 

the changes are either decreases in erosion, with changes up to 30 t/ha/yr, or 

increases in erosion of up to 40 t/ha/yr. There are also exceptions which involve 

larger decreases or increases. 
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4.2.1. Descriptive Statistics for Past Soil Loss Estimates 

 
Table 4-7 groups together the mean, standard deviation, and maximum for past soil 

loss estimates at a 1 m spatial resolution. The maximum and the mean can be seen 

to fluctuate slightly throughout the years studied, despite a decreasing trend being 

visible. The maximum mean rate recorded is in 1988, followed closely by that in 1957. 

On the other hand the highest maximum rate recorded is in 2021. This is over 20 

Figure 4-14: Difference Map of Soil Loss Estimates in t/ha/yr in 2021 - in 1957. 
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t/ha/yr more than the second maximum rate recorded in 1957. Meanwhile the 2021 

mean soil erosion rate is only 3.51 t/ha/yr, suggesting the presence of outliers. 

Table 4-7: Descriptive statistics of the results obtained. 

 Mean in t/ha/yr Standard deviation in 

t/ha/yr 

Maximum in t/ha/yr 

1957 7.52 10.38 62.78 

1978 3.55 6.17 38.93 

1988 7.60 10.24 58.07 

1998 4.46 7.59 52.65 

2004 3.85 6.78 44.02 

2018 2.12 4.32 32.03 

2021 3.51 7.13 87.01 

 

4.2.2. Spatial Autocorrelation – Global Moran’s I for Past Soil Loss Estimates 

 

Global Moran’s I tests clustering of data values and tests whether the clustering is 

statistically significant or not. Table 4-8 summarizes the results for Global Moran’s I 

test conducted in ArcGIS Pro for the past soil loss estimates. All the Moran’s indices 

obtained are positive, with a very high index of almost 1 being obtained for all years 

studied. Similarly, all the p-values obtained where almost 0 and thus were lower than 

the 0.05 level of significance. This means that the alternative hypothesis, H1, is 

accepted. 
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Table 4-8: Results of Global Moran's I Test from ArcGIS Pro. 

 
Moran's Index z-score p-value 

1957 0.803395 1540.450 0.000 

1978 0.819837 1571.532 0.000 

1988 0.802753 1539.207 0.000 

1998 0.826322 1583.403 0.000 

2004 0.828227 1587.031 0.000 

2018 0.847596 1625.197 0.000 

2021 0.846630 1623.357 0.000 
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4.3. Future Soil Erosion Predictions 

 

This section presents the future soil loss prediction maps in t/ha/yr for 2050 under 

SSP 2-4.5 and SSP 5-8.5. The rainfall erosivity (R-) factor was adjusted as estimated 

from WorldClim CMIP6 climate models and the vegetation cover (C-) factor was 

altered using two methods. The first presented method is the non-spatial method 

(figure 4-15), where one NDVI value for the whole AOI was estimated using proxy 

data; the second method is the spatial method (figure 4-16), where future NDVI 

values were estimated from past NDVI values (section 3.4.3). The resulting maps 

display minimal spatial differences between the two scenarios, but the two methods 

resulted in highly different maps. 

 

RUSLE (Non-Spatial): 

Figure 4-15 displays the estimated soil loss for 2050 using the non-spatial method for 

(a) SSP 2-4.5, and (b) SSP 5-8.5. Figures (a) and (b) are spatially very similar as they 

have no spatially varying factor as the C-factor is the same number for the entire AOI. 

The figures differ in scale with (a) recoding a higher maximum erosion rate. 

 

RUSLE (Spatial): 

Figure 4-16 shows the soil loss estimates for 2050 using the spatial method for (a) 

SSP 2-4.5, and (b) SSP 5-8.5. The figures are once again very similar due to the C-

factor being the same for both scenarios. This limits spatial and quantitative variation 

between the two scenarios. Despite this, hotspots are still visible, highlighting areas 

of highest concern. 
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a. b. 

Figure 4-15: Estimated Soil Loss in t/ha/yr for 2050 Using the Non-Spatial method for (a) SSP 2-4.5, (b) SSP 5-8.5. 
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a. b. 

Figure 4-16: Estimated Soil Loss in t/ha/yr for 2050 Using the Spatial Method for (a) SSP 2-4.5, (b) SSP 5-8.5. 
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4.3.1. Time Series Plots for Past and Future Soil Loss Estimates 

 

Figures 4-17 and 4-18 are time series plots of the mean and maximum results 

obtained for past soil erosion (over the years 1957, 1978, 1988, 1998, 2004, 2018, 

and 2021), as well as future predictions for 2050 under SSP 2-4.5 and SSP 5-8.5. The 

graphs also indicate the general trend that the past estimates have been following 

through the years and display the R2 of the plotted trendline. Figure 4-17 shows a 

trend of decreasing soil erosion over the AOI through the years, despite some 

fluctuations. While the future scenarios have no trendline plotted, it is still visible 

that erosion will either minimally change (SSP 2-4.5) or continue decreasing (SSP5-

8.5). Meanwhile, figure 4-18 shows that the maximum is set to continue slightly 

increasing. However, the future predictions both predict very low maximums in 

comparison with past estimates. 
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Figure 4-17: Time Series of Estimated Mean Soil Loss in t/ha/yr over the AOI, 
Including the Future Predictions for 2050 under Two Different SSP Scenarios. 

R2 = 0.5 
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4.3.2. Descriptive Statistics for Future Soil Loss Predictions 

 

Table 4-9 displays the mean, standard deviation, and maximum for 2050 for SSP 2-

4.5 and SSP 5-8.5. Soil loss is projected to be lower for SSP 5-8.5, with SSP 2-4.5 having 

a similar mean to past soil loss estimates, but maximum soil loss rates for both 

scenarios is projected to be much lower than those estimated for past soil loss rates. 

 

Table 4-9: Descriptive Statistics for Future Soil Loss Predictions for 2050 under 

Different SSP Scenarios. 

 Mean in 

t/ha/yr 

Standard deviation 

in t/ha/yr 

Maximum in 

t/ha/yr 

2050 SSP 2-4.5 2.46 1.84 9.21 

2050 SSP 5-8.5 0.87 0.65 3.26 

R² = 0.036
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Figure 4-18: Time Series of Estimated Maximum Soil Loss in t/ha/yr over the AOI, 

Including the Future Predictions for 2050 under Two Different SSP Scenarios. 

R2 = 0.04 
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4.3.3. Spatial Autocorrelation – Global Moran’s I for Future Soil Loss 

Predictions 

 

Table 4-10 shows the results for Global Moran’s index. The high positive Moran’s 

index suggests the presence of clustering, further reinforced by the high z-score, 

while the very low p-value indicates statistical significance. Since the p-value is lower 

than the 0.05 level of significance, the alternative hypothesis is accepted, and the 

clustering of similar data values is assumed to not be by chance. 

 

Table 4-10: Results for Global Moran's Index for Future Soil Loss Predictions. 
 

Moran's Index z-score p-value 

2050 SSP 2-4.5 0.656281 1258.369 0.000 

2050 SSP 5-8.5 0.848413 1598.505 0.000 

 

 

4.3.4. Statistical Tests for Future Soil Loss Predictions 

 

Multiple Regression: 

Table 4-11 displays the results of the multiple regression done during the methods 

for aim 3 (section 3.4.3). This regression was required to determine a relationship 

between NDVI and two proxies. This relationship would be determined via past data 

and would then be applied to future data to estimate a future NDVI value for the AOI. 

Past NDVI is regressed against past specific humidity and air temperature to 

determine a relationship between them. Since the R2 (0.86) was relatively high, this 
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relationship was used, and specific humidity and air temperature were used as 

proxies to determine future NDVI as per the equation determined by the regression.  

 
Table 4-11: Results of the Multiple Regression between NDVI, Air Temperature, and 

Specific Humidity in MS Excel. 

 

 

 

 

  

Regression Statistics
Multiple R 0.924900665
R Square 0.85544124
Adjusted R Square 0.797617736
Standard Error 0.032149574
Observations 8

ANOVA
df SS MS F Significance F

Regression 2 0.030582024 0.015291012 14.79400556 0.007945313
Residual 5 0.005167976 0.001033595
Total 7 0.03575

Coefficients Standard Error t Stat P-value Lower 95% Upper 95% Lower 95.0% Upper 95.0%
Intercept 18.49077975 6.379230846 2.898590786 0.033846213 2.092444812 34.88911469 2.092444812 34.88911469
tas -0.070298589 0.022962921 -3.06139573 0.028057356 -0.129326657 -0.011270521 -0.129326657 -0.011270521
huss 236.8373611 43.76029364 5.412152007 0.002913502 124.3479451 349.326777 124.3479451 349.326777



134 
 

5. DISCUSSION 

 

This section of the study discusses and interprets the results found and presented in 

chapter 4. The chapter discusses the findings of each aim separately; summarises the 

effects of each RUSLE factor on the final soil loss estimates; compares the study to 

other similar studies; and lists a number of recommendations which should be taken 

to further safeguard against erosion as well as highlights areas of potential future 

research. 

 

5.1. Soil Loss Estimates at a Different Spatial Resolution 

 

Aim 1 of this study considers soil erosion estimates from the RUSLE equation at a 

different spatial resolution. The LiDAR-obtained DEM used for the past and future 

soil loss estimates is upscaled to a 30 m DEM to match the resolution of ASTER GDEM. 

The LS-factor is calculated from these two DEMs, and two RUSLE equations are 

calculated – one for LiDAR and one for ASTER. The results were then compared 

together to determine if the use of ASTER data is sufficient for soil erosion estimates 

over a small watershed. 
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5.1.1. Comparison between the Original 1 m LiDAR-Derived Soil Loss 

Estimates and the Upscaled 30 m LiDAR-Derived Estimates 

 

Figure 4-1 (a) illustrates the results of the RUSLE equation using LiDAR 1 m data 

upscaled to a 30 m spatial resolution. The resulting soil loss map is visibly coarser and 

looks more pixelated than its 1 m resolution counterpart. Despite this, the map still 

shows hotspot areas of higher values (figure 5-1 (a)) – on the western slope closest 

to the sea (A); on the eastern slope on the seaward side of the valley heading towards 

the centre of the valley (B); in the centre of the valley, starting on the valley floor and 

going up the slope (C); further landwards at the valley floor going up the slope (D). 

Each of the four hotspots, especially (A) and (B), are also visible in figure 5-1 (b), 

which is the 1 m spatial resolution version of soil loss estimates for 2018 using a LiDAR 

DEM. Hotspot (B) is the least visible of the four hotspots on figure 5-1 (b) as adjacent 

to it there are similar values. In figure 5-1 (a) the hotspots near area (B) are more 

separate, unlike in figure 5-1 (b) where there seems to be a larger area of relatively 

higher values of soil erosion. 
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All five factors used to create figure 4-1 (a) are the same as the ones used to create 

figure 4-12, but they are upscaled. These factors affect the spatial pattern and the 

numerical values of the resulting soil loss maps. Patterns were not very visible in the 

1 m resolution LS-factor (Appendix 2.4), however, when it was upscaled, the patterns 

were more decipherable (Appendix 2.10). Generally, the seaward side of the valley 

showed a higher LS-factor than the landwards side. This is likely because the 

landwards side of the valley has gentler slopes than the seaward side of the valley, 

which has much steeper slopes. The highest LS-values are found on the sides of the 

valley, with certain hotspot areas – another logical aspect as the middle of the valley 

is the valley floor and is thus not very steep. It is noticeable, however, that the mouth 

of the valley has a very high LS-factor. However, the LS-factor’s pattern is not 

consistent with the pattern of the RUSLE output – indicating that another one of the 

A. A. 

B. B. 

C. C. 
D. D. 

Figure 5-1: Soil Loss Estimates with Marked Hotspots (a) at 30 m spatial Resolution 
from Upscaled LiDAR, (b) at 1 m Spatial Resolution from Original 1 m LiDAR. 

a. b. 
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factors is the main influence on the visible pattern of soil erosion in the valley. Given 

that the R- and P-factors are constant throughout the valley, and the K-factor has 

little variation, the influencing factor is likely to have been the C-factor.  

 

While in this case the lack of variation of the other factors is an important 

contribution to the fact that the C-factor is the biggest spatial influencer on the 

RUSLE, it is still valid that the C-factor greatly affects soil erosion. The C-factor 

represents vegetation cover and vegetation has several soil-protecting mechanisms 

that help hinder erosive processes. The canopy of the vegetation itself increases 

interception and thus decreases raindrop splash, meanwhile the roots of plants bind 

the soil together increasing its resistance to erosion. The denser the vegetation, the 

lower the C-factor (de Baets 2007). Another aspect is tillage. Tillage operations 

loosen and break the structure of soil and can even create a precursor to rills, 

especially if tillage is done up-and-down a slope, with soil erosion occurring on the 

plough lines (Van Oost et al. 2006). 

 

When comparing the mean soil loss rates of the 30 m LiDAR-derived estimates to the 

1 m data for 2018, it is immediately evident that the upscaled data is resulting in 

higher values (table 4.1). The mean soil loss rate of the upscaled data is quadruple 

that of the 1 m, while the standard deviation and maximum are almost double. This 

suggests that while coarser datasets can determine hotspot locations well when 

compared to finer data, numerical quantification of erosion is not as accurate and 

reliable as that of finer datasets. Therefore, caution must be taken when using coarse 
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datasets for quantitative purposes. It is important to note that this is still LiDAR data, 

it is just upscaled and so differences in the soil loss estimates stem from the 

coarseness of the data and not from any inaccuracies or differences of the DEM.  

 

When quantifying soil erosion, an important step is to classify it into several classes 

that help determine its severity. This can be used for easy comparison between 

different areas and studies. The following table (table 5-1) by Stone and Hilborn 

(2012) was used for classification purposes. For 2018 upscaled soil loss estimates 

from LiDAR DEM, the mean soil loss value of 8.3 t/ha/yr is over the 6.7 t/ha/yr 

tolerable threshold and thus is classified as low. Meanwhile, the maximum falls into 

the severe category as it exceeds the 33.6 t/ha/yr threshold. This differs from the 

categorization of 2018 1 m soil loss estimates which has a tolerable mean soil loss 

rate and a maximum soil loss rate falling in the high classification. This difference in 

categorization further reinforces the difference in quantitative measurement 

between fine and coarse datasets with regards to soil loss estimates. 

Table 5-1: Severity Classification Table as per Stone and Hilborn (2012). 

Classification Soil loss in t/ha/yr 

Severe >33.6 

High 22.4 – 33.6 

Moderate 11.2 – 22.4 

Low 6.7 – 11.2 

Tolerable (very low) <6.7 
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Table 4-2 displays the results of Moran’s I spatial autocorrelation test. Moran’s index 

is 0.36, contrasting with the values obtained for the 1m spatial resolution data of the 

same year which had a much higher Moran’s index of 0.85. Therefore, while this is 

technically the same data, just at a different spatial resolution, the upscaled data 

showed less clustering and grouping together of similar values than the original data. 

Despite this, 0.36 still indicates a positive spatial autocorrelation so grouping 

together of similar values, while less than before, still occurs. Clustering of soil 

erosion values is a logical result as many of the factors which affect soil erosion occur 

over whole areas and not single points. This includes slopes and soil types, among 

other factors, as both are often, but not always, found to change gradually. 

 

5.1.2. Comparison between Upscaled LiDAR-Derived Soil Loss Estimates and 

ASTER-Derived Soil Loss Estimates 

 

Figure 4-1 (b) shows the soil erosion estimates from ASTER GDEM at a spatial 

resolution of 30 m. The hotspots visible and the spatial pattern in figure 4-1 (b) are 

similar to those in figure 4-1 (a), which were created using the LiDAR DEM. This 

suggests that spatially, ASTER GDEM can be used in soil loss predictions with 

relatively good accuracy. The same R-, K-, C-, and P-factors as for the LiDAR-derived 

predictions were used for the ASTER-derived predictions, and only the LS-factor 

differed. The LS-factor (Appendix 2.10) used was calculated from ASTER GDEM 

(Appendix 2.9). The LS-factor for ASTER GDEM is seen to be very similar to the LiDAR 

one, but it appears to be smoother and has a slightly lower range. However, all the 

hotspots of the LiDAR LS-factor are visible as hotspots of the ASTER LS-factor. Again, 



140 
 

the pattern of the LS-factor does not seem to match that of the RUSLE output and 

thus one of the other factors, likely the C-factor, is influencing the pattern of the soil 

loss more. 

 

A difference map of ASTER-derived soil loss – LiDAR-derived soil loss was created to 

check where and how the two maps differ spatially from each other. The map is 

mainly covered by two categories: slightly higher ASTER values, and slightly 

lower/similar ASTER values, with values ranging between -9 to 9 t/ha/yr. There are 

then very few pixels throughout the valley which show moderate or large differences. 

This again shows the similarity between the two RUSLE products and show that 

spatially ASTER behaves very well and produces good results. 

 

The mean and the standard deviation are approximately 1 t/ha/yr higher for ASTER-

derived predictions than for LiDAR-derived ones, while the maximum differs with 

approximately 10 t/ha/yr, with ASTER-derived predictions being higher. This suggests 

that while spatially ASTER-derived predictions are quite accurate, magnitude-wise 

ASTER-derived estimates are slightly higher than LiDAR-derived ones, suggesting that 

ASTER GDEM tends to overestimate when estimating soil erosion values in the AOI. 

The classifications of the ASTER-derived predictions match the classifications of the 

LiDAR-derived dataset. The mean soil loss is categorized as low since it is between 

6.7 – 11.2 t/ha/yr, and the maximum soil loss is categorized as severe since it exceeds 

33.6 t/ha/yr. The spatial autocorrelation test (table 4-2) obtained results that are very 
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similar to the results obtained by the LiDAR-derived predictions, with differences only 

seen with more decimal places.  

 

Wilcoxon Signed-Ranks Test: 

The Wilcoxon signed-ranks test compares the soil loss estimates derived from LiDAR 

with those derived from ASTER GDEM, both at 30 m spatial resolution. Table 4-4 

illustrates the overestimation of the ASTER-derived soil loss estimates since these 

estimates are higher more often than LiDAR derived estimates. Despite the 

difference between the LiDAR-derived and the ASTER-derived soil loss estimates 

being statistically significant, figure 4-5 shows us that the means do not have a high 

degree of difference. This is further reinforced by table 4-1. This means that using 

ASTER GDEM in soil loss estimation instead of LiDAR technology can result in a slight 

overestimation of soil erosion values. However, this overestimation over the AOI was 

not very large. It is important to keep in mind that this test compared estimates 

obtained using 30 m spatial resolution data for both ASTER GDEM and LiDAR. This 

means that the slight overestimation of ASTER GDEM is when compared to LiDAR 

estimates of the same spatial resolution. Table 4-1 shows that if LiDAR at 1 m was 

compared with LiDAR at 30 m, different results might have been obtained as their 

descriptive statistics were different despite being the same dataset, just over a 

different spatial resolution. 
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Spearman’s Rank Correlation Coefficient: 

This test correlates the soil loss estimates obtained using LiDAR and ASTER GDEM. 

Since both datasets represent the same variable over the same location at the same 

time, a high correlation coefficient close to 1 is expected. Since the value of 0.966 is 

very close to 1, the datasets are strongly correlated, suggesting that ASTER-derived 

soil loss is a valid alternative to upscaled LiDAR-derived soil loss. This conclusion is 

supported by several results. Figure 4-1 visually shows that both datasets identify 

similar areas as hotspots for soil erosion, and figure 4-1 illustrates the low amount of 

differences between the two maps in figure 4-1. Spatial autocorrelation between the 

two datasets is also very similar. This means that in terms of hotspots, both DEMs 

perform well. When it comes to descriptive statistics, LiDAR-derived and ASTER-

derived soil loss estimates at 30 m are similar, but ASTER-derived estimates are 

slightly higher. The biggest difference is between fine resolution LiDAR estimates and 

upscaled LiDAR estimates. The overestimation of ASTER-derived soil loss estimates is 

confirmed with the Wilcoxon signed-ranks test. However, the error bar graph in 

figure 4-5 and the result of Spearman’s rank correlation suggest that despite the 

overestimation, ASTER-GDEM can still be used instead of the upscaled LiDAR DEM. 

This is because the overestimation is not very high.  

 

5.1.3. Conclusion for LiDAR vs ASTER GDEM-Derived Soil Loss Estimations 

 

Despite the conclusion that ASTER GDEM can be used instead of an upscaled LiDAR 

DEM, it is important to note that this is a comparison between 30 m resolution 
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datasets. When compared to the 1 m dataset, the results are quite different. While 

statistical tests were not conducted, maps and descriptive statistics were used to 

compare the datasets. The descriptive statistics are different enough between the 

datasets that the fine resolution data has a different severity category than the 

coarse resolution data. The hotspots themselves on the maps were quite similar to 

each other (figure 5-1). The spatial autocorrelation was positive for all three datasets, 

showing that all datasets experienced clustering of similar values, but the 1 m dataset 

had a much higher degree of clustering than the 30 m resolution datasets. This 

suggests that while ASTER GDEM can be used for small watersheds in cases where 

finer data is unavailable, it performs better spatially than quantitatively. This means 

that it can detect hotspots of higher soil erosion values, but it is not as accurate as 

fine data when it comes to numerical measurements of erosion as it tends to 

overestimate. This overestimation is not just the one between the 30 m datasets, but 

also the one seen within the descriptive statistics, where the mean soil loss rates for 

the 30 m datasets are quadruple that of the 1 m dataset. This stems from the 

coarseness of the data itself – as even upscaled LiDAR suffered from it. A possible 

solution would be downscaling the ASTER GDEM, as this would remove the issue of 

coarseness and ASTER GDEM performed well when compared to LiDAR at the same 

resolution. In downscaling, it is imperative to be cautious of artifacts as these are 

often introduced into the downscaled DEM and can alter the soil loss estimates. 

 

In comparison of these conclusions with other studies, a slight conflict between 

studies is evident. Bircher et al. (2019) reported that a 25 m DEM, similar to ASTER 

GDEM’s 30 m, resulted in a higher L-factor and a lower S-factor when compared to a 
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2 m DEM due to the smoothing effect. Fu et al. (2015) also found that the S-factor 

decreased, and the L-factor increased with a coarse resolution DEM. Fu et al. (2015) 

continued to find that the LS-factor decreased and thus, the estimated soil loss was 

lower for the coarse resolution DEM. This is in contrast with this study’s findings as 

the soil loss estimates, through observation – and not statistical tests – are higher for 

the coarse resolution DEMs. This difference of overestimation instead of 

underestimation of soil loss estimates by coarser resolution DEMs could have 

occurred due to the specific topography of the AOI. While the AOI does have hilly 

areas and slopes, the change in terrain is relatively gradual, and thus smoothing of 

the terrain may lead to longer slopes (higher L-factor) and larger slope angles (higher 

S-factor) to be calculated than what is present – thereby exaggerating the LS-factor. 
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5.2. Past Soil Loss Estimations 

 

Aim 2 of this study considers soil loss estimations over past years to determine the 

general trends in erosion and whether there are fluctuations. The years considered 

range from 1957 to 2021, in approximately 10-year intervals. With the data 

constraints available, the years considered in this study were: 1957, 1978, 1988, 

1999, 2004, 2018, and 2021. Data availability relied on orthophotos available from 

the Planning Authority, their 1960s aerial imagery run did not cover Gozo and so no 

data was available; 2004 was considered instead of 2008 as it was the closest year 

with data available; and 2021 uses fieldwork-derived data conducted at the start of 

this study. 

 

5.2.1. Overall Trend 

 

The second aim, mapping and estimating the total annual soil loss for intermediate 

years between 1957 and 2021, is to further increase the understanding of the 

mechanisms and trends of soil erosion in the AOI. In fact, an important aspect is to 

determine whether soil erosion in the AOI fluctuates over the years or whether it 

undergoes gradual increase or decrease. Figure 4-17 graphically illustrates this 

behaviour in a time series graph of the mean values of each year under study. 7 years 

were used in this study and while it can be seen that the mean values seem to 

fluctuate, 4 of the years studied (1988-2018) show a clear decrease in soil loss 

without any break in the trend. Despite the outliers of 1978 and 2018, a negative 
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trend was obtained showing erosion over the AOI decreasing with time. This suggests 

that soil erosion is decreasing throughout the AOI, thereby resulting in an overall 

lower mean soil loss rate with time. It is important to note that this trend has not 

been tested for statistical significance due to the very small sample size of only 7 

samples. 

 

Figure 4-18 shows the maximum values of the 7 years studied instead of the mean. 

This graph is also seen to fluctuate despite having 4 years obtaining a constantly 

lower value than the previous one studied. This decrease in maximum erosion over 

1988-2018 is especially contradictory when compared to the trendline of the graph 

which is showing a positive trend – thereby an increase in maximum erosion over the 

years. This trendline might have been the result of the 2021 maximum value – which 

is a strong outlier. The trendlines obtained indicate that the severity of the maximum 

soil loss rates will increase as the maximum will increase but more areas will get less 

and less erosion as the mean will decrease over time. However, it is important to 

note that neither trendline was tested for significance due to the small sample size. 

There is also the presence of outliers in the data, these might be either normal 

fluctuations or abnormal outliers, but it is difficult to determine which due to the 

small sample size. 

 

Figure 4-14 is the difference map for the entire time period under study. The map 

(2021 – 1957) – aiming to see the overall changes which occurred – displays a lot of 

areas which underwent minimal change in the 64-year difference that this map is 
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investigating. The landward side of the valley has many areas which through the 

years have undergone a moderate reduction in soil erosion. There are, however, a 

few hotspots all throughout the valley which are marked as a moderate increase and 

even substantial increase in erosion. These hotspots are areas where the maximum 

might continue increasing as the maximum soil erosion rate trend suggests. These 

areas are the areas most in need of erosion control measures as they are most at risk 

– with their erosion rate having increased greatly. Many of these hotspot areas can 

be found along the valley floor, and areas which have undergone a slight increase in 

erosion can be found mainly on the seaward side of the valley. In general, this map 

illustrates a small decreasing trend in erosion between 1957 and 2021 – further 

reinforcing the time series plot of figure 4-18. This is in stark contrast to the pattern 

revealed by figure 5-7 which showed an increase in erosion in the past 20 years. Given 

that the other two difference maps (figures 5-3, 5-5) both illustrate decreases in 

erosion, it is only the past 20 years that display an increase in erosion in the 

difference maps created. This is an important result as it shows that while erosion 

was decreasing in the valley, it is once again increasing. 

 

This trend could be the result of either the R- or C-factor. Rainfall totals make up part 

of the R-factor, along with rainfall intensity, and decreasing precipitation totals could 

be part of the reason why soil loss estimates have been decreasing. 2021 and the 3 

years prior had a relatively higher total precipitation and thus a higher R-factor was 

obtained for 2021. The mirroring effect between the R-factor and the mean soil loss 

rate over the AOI is further explained in section 5.4.1 of this study. Rainfall erosivity 
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is known to have a large impact on soil loss and thus, it is a logical conclusion that it 

is one of the major reasons why soil loss is changing in this way. The C-factor is seen 

to affect the spatial pattern of the soil loss in each of the years studied. If a year has 

large areas with a high C-factor, the same place is seen to record high soil loss values. 

This directly shows the influence that the C-factor has on the soil loss estimates. 

 

5.2.2. Analysis for 1957 

 

Spatial Pattern: 

The spatial pattern of the soil loss estimates is seen to change throughout the years, 

with some hotspot areas shifting and some remaining as hotspots throughout the 

study period. Hotspot area of higher erosion values can be compared with the 

individual factors making up the soil loss estimates so there is more understanding 

of the processes at work. This can aid in management and soil erosion control 

measures as the control measure chosen can directly affect the most influential 

factor in that hotspot. In this study, the R-factor and the P-factor are constant 

throughout the entire valley, therefore, any variation within the valley within the 

same year of study is the result of the K-, LS-, and C-factors. The LS-factor ranges 

between 0 and 3, however, spatial variation is very difficult to determine as there is 

no clear pattern or distribution. This could be due to the fact that most of valley is 

terraced. Where higher values are actually visible, there is no obvious relationship 

between them and the high RUSLE values upon inspecting them visually. 
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The K-factor doesn’t have a large variation with the maximum being 0.10 and the 

minimum being 0.091. In contrast with the RUSLE soil loss findings, the higher K-

factor values are found on the seaward side of the valley – where there is generally 

lower estimated soil loss. On the other hand, the lowest K-factor values are found on 

the landward, western side of the valley, which is one of the places recording higher 

RUSLE values. Regarding soil texture, high RUSLE values were often recorded in areas 

with a sandy loam and with a clay loam. It is important to note that despite this, not 

all sampled areas with sandy loam or clay loam soils experienced higher levels of 

erosion. While soil texture is a major aspect of the K-factor, it is not the only factor 

considered. However, it is of great importance with fine silty soils tending to erode 

more than sandy or clayey soils. This is because sand particles are larger, heavier, and 

thus are more difficult to entrain. Their high permeability rate also decreases the 

amount of surface flow which can wash it away. Meanwhile, clay soils have a high 

cohesion and are thus difficult to detach and wash away. On the other hand, silty 

soils are neither large and heavy enough to hinder transportation processes nor small 

enough to have strong cohesive forces (FAO 2019). 

 

The C-factor values for 1957 are more in line with the RUSLE findings. Figure 5-2 

displays the high and low soil erosion areas of 1957 with the corresponding area on 

the C-factor map. Sites A and C display low erosion estimates on figure 5-2 (a) and 

corresponding low C-factor values on figure 5-2 (b). Sites B, D, and E illustrate that 

the opposite is also true. The values range from a maximum of 0.5 to a minimum of 

0.0025. Most of the valley is recording high C-factor values in 1957, and this is likely 
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due to the much higher percentage of land being under crop production. In fact, the 

combination of seasonal crops and presence of tillage can greatly increase the C-

factor. On the other hand, abandoned plots, and plots abandoned but with trees 

suffer from less erosion due to the higher amount of vegetation cover and so have a 

higher C-factor. However, most plots in 1957 were either under crop production or 

tree cultivation. While most of the valley has a high C-factor close to the 0.5 

maximum, the landward side of the valley has the highest values and has only few 

areas with a lower C-factor. This could be a good explanation as to why the RUSLE 

values in the landward side of the valley are higher than in the seaward side. 

 

 

 

Figure 5-2: 1957 Hotspot Links between (a) Soil Erosion Estimates, (b) C-factor. 

A. A. 

B. B. 

C. C. 

D. D. 

E. E. 
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Descriptive Statistics and Classification: 

The descriptive statistics for 1957 display a big difference between the mean and the 

maximum as the overall mean erosion rate of the entire valley is 7.52 t/ha/yr while 

the maximum is a much higher 62.78 t/ha/yr. According to Stone and Hilborn (2012) 

(table 5-1), who classified soil loss rates into different scales of severity, the mean 

erosion rate for 1957 falls into the low category. On the other hand, the maximum 

erosion rate for 1957 exceeds the 33.6 t/ha/yr minimum threshold for the severe 

category and is thus classified as severe. The standard deviation for this dataset was 

10.38 t/ha/yr, which is relatively high when compared to the mean. It further 

reinforces the fact that the data is dispersed, which can be seen by the large 

difference between the mean and the maximum. The 1957 histogram (Appendix 3.2) 

graphically illustrates the distribution of the data, the mean, and the standard 

deviation. The data is clearly skewed towards 0 with a large majority of the data 

found between 0-2 t/ha/yr of estimated soil loss. This is in line with the mean value 

of 7.52 t/ha/yr and with the normality distribution curve.  

 

Moran’s I, a spatial autocorrelation test, checks whether values are clustered, 

dispersed or randomly distributed. It ranges between -1 to 1, with -1 indicating a 

perfect clustering of dissimilar values, i.e. a negative spatial autocorrelation; 1 

indicating a perfect clustering of similar values, i.e. a positive spatial autocorrelation; 

and 0 indicating a random spatial distribution. With a high Moran’s index of 0.8, the 

data displays a strong positive spatially clustered pattern. This is a reasonable finding 

as soil erosion is often found in clusters as influencing factors are often located close 



152 
 

to each other. In this case, the valley only has few sudden slope changes, the rainfall 

erosivity and management factors are constants, and the soil erosivity factor is based 

on interpolation. These four factors would contribute to the clustering of similar data 

values in the soil loss estimates. Meanwhile, the C-factor, which is visibly the main 

spatial influence on the soil loss estimates, has the most potential variance for spatial 

autocorrelation. However, the high Moran’s index suggests that in all, the five factors 

lead to highly clustered data values. This is expected for soil erosion values as even 

without the potential variance of the C-factor, the other factors change gradually or 

not at all. The C-factor itself can also be clustered with fields near each other growing 

similar crop types. This can be because a certain area is good for growing specific 

crops due to factors such as water resources, soil type, land ownership, etc. 

 

5.2.3. Analysis for 1978 

 

Spatial Pattern: 

The spatial pattern for 1978 is quite different to that of 1957 (figure 4-8), with more 

dispersion of high erosion values throughout the valley. There is still a general trend 

where the landward side of the valley is displaying higher erosion levels, however, 

unlike in 1957 estimates, there is a patch of high erosion values on the northern side 

of the valley.  
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Regarding correlation between the different layers and how they affect the final 

RUSLE values. The R-, and P- factors are again constant throughout the valley for the 

entire year and so do not offer variation within the year itself. The LS-factor, as in 

1957, has minimal visible patterns and so it is difficult to determine its influence. The 

same K-factor that was used for 1957 was used for 1978. Again, for 1978, there are 

no obvious visible trends between the K-factor and the final RUSLE values. Higher 

RUSLE values are still recorded mainly on the landward side of the valley while the K-

factor has higher values on the seaward side. Again, it is important to note that 

variation in the K-factor itself is minimal. 

 

On the other hand, the C-factor for 1978 is much different than that for 1957. The 

range is still the same between 0-0.5, however, there are much more low values 

recorded in this year than in 1957. The high C-factor values present are spread out 

throughout the valley – similar to the high RUSLE values’ dispersion. This change in 

vegetation cover could explain the lower soil loss rates as the C-factor is generally 

lower. This change in C-factor values could be due to land abandonment, leaving the 

land fallow, a shift to orchards, and a number of other potential factors. 

 

Descriptive Statistics and Classification: 

Table 4-7 shows that the mean and maximum for 1978 are very different than 1957’s, 

which were higher than 1978’s. The mean of 1957 was double that of 1978, and the 

maximum was slightly less than double but still much higher. This shows that 1978 
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suffered much less erosion than 1957 and even the areas marked in red, which show 

high erosion relative to the rest of the erosion in the valley in the same year, suffered 

much less soil losses in 1978.  

 

According to Stone and Hilborn (2012) the data recorded in 1978 can be classified as 

very low for the mean, as it falls underneath the 6.7 t/ha/yr minimum threshold; and 

severe for the maximum as it slightly exceeds the 33.6 t/ha/yr minimum (table 5-1). 

Therefore, while the majority of the valley can be classified as suffering very low or 

low soil erosion, there are areas which are undergoing severe erosion. Moran’s index 

for the testing of spatial autocorrelation was found to be very high as in 1957 (table 

4-8). The index of 0.82 indicates a strong positive spatial autocorrelation – and thus 

indicates that similar values are grouped together.  

 

Changes with Time: 

In comparison with the RUSLE results of 1957, there is less overall erosion in 1978 

with both maximum and mean values being lower. There are also less areas 

experiencing severe erosion in 1978. Similarly to 1957, there are higher erosion 

values estimated on the landward side of the valley than on the seaward side. 

However, visually cases of severe erosion look more dispersed in 1978 than in 1957. 

This could be due to the smaller number of severe cases estimated. According to 

Moran’s I, both in 1957 and in 1978, there was a similar high amount of clustering of 

soil erosion values.  
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Figure 5-3 is graphically illustrating the difference in RUSLE estimates of soil loss 

between 1978 and 1957. The map highlights areas which saw an erosion increase or 

an erosion decrease during the approximately 20-year time gap. It can be noted that 

the seaward side of the valley, which suffered less erosion in both years studied in 

relation to the rest of the valley, recorded mostly minimal reduction or no change in 

erosion. Meanwhile, the landward side of the valley recorded mostly moderate 

reduction. Large reductions and moderate increases were present but minimal and 

dispersed throughout the valley. 
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Figure 5-3: Difference Map of Soil Loss Estimates between 1978 - 1957 in t/ha/yr. 

 

A major reason behind the decrease in soil loss can be attributed to the R-factor. The 

R-factor is the same throughout the valley for the entire year, but it changes annually. 

The R-factor in 1957 is 880 MJ mm ha-1 hr-1 yr-1 while in 1978 the R-factor decreased 

to 545 MJ mm ha-1 hr-1 yr-1. This change is likely to have occurred due to a decrease 

in precipitation in 1978 and in the 3 years prior, which are used to calculate the R-

factor. In fact, total rainfall in the 4-year period for 1957 is 2725.62 mm while the 

total for the 4-year period for 1978 is 2242 mm. Since the R-factor is multiplied with 
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the other factors in the RUSLE equation, a decrease in its value will result in a 

decrease in the final RUSLE result, if all other factors were constant. This means that 

while it is a contribution to the final RUSLE, it is not the only change. The K-, LS-, and 

P-factors are kept constant throughout the years studied, but the C-factor is not. 

Visibly, there is a drastic change in the C-factor (figures 4-7 (b) and 4-8 (b)). Both 

maps have the same range of values with a maximum of 0.5, but in 1957 there were 

many more instances where the maximum was reached than in 1978. This can be 

seen as the map for 1957 has a lot more white – the colour of the maximum – than 

the map for 1978. Given that only the C- and R-factors are contributing to change 

between different years, this change in the C-factor is likely to also be a contribution 

to the decrease in RUSLE values.  

 

5.2.4. Analysis for 1988 

 

Spatial Pattern: 

The spatial pattern of soil loss estimates in 1988 is more similar to that of 1957 than 

that of 1978 (figure 4-9). Soil erosion is higher on the landward side as in both 1957 

and 1978, but there are many more cases where soil erosion reaches higher values. 

Soil erosion is also highly concentrated closer to the valley floor on the landward side 

of the valley. It is imperative to investigate the individual factors which affect the 

RUSLE soil loss estimate to help in understanding the variation occurring within the 

valley within the same year, as well as between years. As in 1957, the C-factor in 

1988, shows more areas with high values of 0.5 than in 1978. However, there are still 
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more areas with lower C-factor values than in 1957. The C-factor in 1988 also shows 

a general trend of higher values on the landward side of the valley, although there 

are exceptions. This could be due to the fact that the landward side of the valley has 

a gentler slope than the seaward side and so is used more for agricultural production. 

This would increase the C-factor as seasonal crops have a higher C-factor value than 

trees and especially more so than abandoned land. Tillage of agricultural fields 

further increases the C-factor value. It is particularly noteworthy that the floor of the 

valley on the landward side has a high C-factor value and is in fact represented in 

white – meaning the C-factor is 0.5. This is interesting because the RUSLE output at 

this spot recorded some relatively high values. 

 

Descriptive Statistics and Classification: 

Table 4-7 shows the mean and maximum soil loss rates for 1988 to be much higher 

than those of 1978 and are in fact, more similar to the descriptive statistics of 1957. 

This could explain why the soil loss map for 1988 at first glance looks much more 

similar to that of 1957, rather than that of 1978. Regarding soil erosion classification, 

according to Stone and Hilborn (2012) (table 5-1), the mean soil erosion rate for 1988 

falls in the low category. However, since the maximum is 58.07 t/ha/yr, this is more 

than the 33.6 t/ha/yr minimum threshold and so it needs to be classified into the 

severe category. These are the same categories that the mean and maximum of 1957 

were classified in. On the other hand, the mean for 1978 was classified into very low 

or tolerable soil erosion, while 1978’s maximum soil erosion was still classified into 

the severe category. Table 4-8 shows Moran’s I to be 0.8. This is in line with the 



159 
 

findings for spatial autocorrelation of 1957 and 1978, and indicates a strong positive 

spatial autocorrelation, showing that in the dataset, similar values are grouped 

together.  

 

Changes with Time: 

When comparing with other years, visually the map of soil estimates of 1988 looks 

very similar to that of 1957. The R-factor for 1988 is 814 MJ mm ha-1 hr-1 yr-1, slightly 

less than the 880 MJ mm ha-1 hr-1 yr-1 of 1957. Despite this, total rainfall in the 4-year 

period is much less than that of 1957, with 1988 having only 2190.7 mm of rainfall as 

compared to 1957’s 2725.62 mm. The higher R-factor could be one of the 

contributors to the higher RUSLE output. The other time-varying factor is the C-

factor. As aforementioned, the C-factor for 1988 is generally higher with the map 

displaying much more white values, which represent the maximum of 0.5.  

 

5.2.5. Analysis for 1998 

 

Spatial Pattern: 

The values for soil loss estimates for 1998 can be found in figure 4-10 (a), with a 

spatial pattern slightly similar to that of figure 4-8 (a), which displays the soil loss 

estimates for 1978. As with all the years studied before, the landward side of the 

valley is seen to suffer more from erosion, with the seaward side of the valley having 

less instances of high erosion estimated. Regarding hotspots (figure 5-4), the most 

obvious concentration of high erosion values lies in the centre of the valley, on the 



160 
 

landward side, near the valley floor (A); and on the landwards western side (B). In 

general, visibly high erosion hotspot areas are not as frequent as in 1957 and 1988.  

 

Figure 5-4: 1998 Soil Loss Estimates Hotspot Areas. 

 

As with other years, the R- and P-factors are constant throughout the valley, while 

the LS- and K-factors do not visibly show enough direct correlation to the RUSLE 

output map. While all these factors still affect the soil loss rates calculated by the 

RUSLE in some way, the final output map visibly looks similar pattern-wise to the map 

displaying the C-factor. In fact, 1998 was another year where the C-factor values in 

A. 

B. 
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the valley seemed to be generally lower than the values of 1957 and 1988. Large 

areas of uninterrupted high C-factor values are not visible and instead looking at the 

map you notice a lot of green – the symbology used to represent low C-factor values. 

In fact, areas which are showing a C-factor value of 0.5 (the maximum), are showing 

high RUSLE values, while areas displaying low C-factor values are found to have low 

RUSLE soil loss values.  

 

Descriptive Statistics and Classification: 

The mean soil loss over the AOI in 1998 is slightly higher than the mean soil loss in 

1978, but lower than the mean soil loss of 1957 and 1988 (table 4-7). This is in line 

with the visual observations from figure 4-10 (a) which clearly shows less high erosion 

areas, with the map being much paler in colour – symbolizing lower erosion values. 

However, the maximum soil loss for 1998 is very similar to that of 1988, only slightly 

less, but quite higher than the maximum soil loss of 1978. This suggests that while 

there are less high erosion areas, these areas still have a relatively high soil erosion 

rate. It is important to note that while the maximum of 1998 is relatively high, it is 

still 10 t/ha/yr lower than the maximum soil loss rate of 1957. The mean value of 4.46 

t/ha/yr falls into the very low (tolerable) soil loss classification. Meanwhile, the 

maximum value falls once again into the severe classification class. This is the same 

classification as that obtained by 1978. So far, soil erosion over the AOI is seemingly 

fluctuating with time. The Moran’s index for 1998 is 0.83 (table 4-8), indicating a 

strong positive spatial autocorrelation, thereby meaning that similar values are 

clustered together. 
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Changes with Time: 

When compared with previous years studied, the C-factor values map of 1998 (figure 

4-10 (b)) is quite similar to that of 1978 (figure 4-8 (b)). An important difference 

between them is that while figure 4-8 (b) is mainly divided into white (high C-factor), 

green (moderately low C-factor), and dark green (low C-factor), figure 4-10 (b) also 

has many areas under a light green colour scheme, representing moderately high C-

factor values. This means that some high erosion areas had a decrease in erosion, 

but some moderately low or low erosion areas had an increase in soil erosion. 

Meanwhile, the R-factor, the only other annually changing factor, was calculated to 

be 738 MJ mm ha-1 hr-1 yr-1. This is lower than both 1957’s and 1988’s R-factors, but 

higher than 1978’s relatively low R-factor. This could also have contributed to the 

general trend of more or less erosion on this specific year being studied. The total 

rainfall for the 4-year period used for 1998’s R-factor is 2557.5 mm, higher than 

1978’s and 1988’s rainfall totals. This shows that the R-factor is not only affected by 

the rainfall amount, but also by other factors such as rainfall intensity. 
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Figure 5-5: Difference Map of Soil Loss Estimates between 1998 – 1988 in t/ha/yr. 

Figure 5-5 is a difference map between 1998 and 1988, and it serves to highlight areas 

which had a shift in erosion during this 10-year time period. This specific 10-year 

period was chosen as it is in the middle of the whole study period between 1957-

2021 and hence it can provide a glimpse into the changes occurring in the middle of 

the study. The map suggests that a lot of the valley underwent minimal changes in 

the 10-year period under study in this map. However, erosion increase, and erosion 

decrease are also both detected in this timeframe, with areas undergoing such 

changes being dispersed throughout the valley. It can be noted that the seaward side 
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of the valley had more areas undergoing erosion increase than the central part of the 

valley which had mainly erosion decrease. 

 

5.2.6. Analysis for 2004 

 

Descriptive Statistics and Classification: 

The mean soil loss in 2004 was quite low and is very similar to that of 1978, with only 

0.3 t/ha/yr of difference. The maximum is also quite lower than 1998’s and 1988’s. It 

is instead only slightly higher than in 1978 (table 4-7). These values mean that there 

is less erosion in 2004 than in most of the years studied, apart from 1978. Figure 4-

11 (a) shows that there are quite a few low erosion areas, and the lower maximum 

shows that even high erosion areas do not suffer as much erosion as high erosion 

areas in previous years such as in 1988. The lower mean also suggests the decrease 

in erosion which occurred in 2004.  

 

With a mean of 3.85 t/ha/yr, the mean soil loss rate of 2004 can be classified as very 

low or tolerable since it is lower than the 6.7 t/ha/yr maximum threshold of the 

category. The maximum fits into the severe category as it is higher than 33.6 t/ha/yr. 

These are the same categories obtained by soil loss in 1998 and 1978, two years 

where soil erosion estimates were relatively lower than of other years studied. The 

spatial autocorrelation test Moran’s I resulted in a strong positive spatial 

autocorrelation and the presence of clusters in the data – just like in previous years. 
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Changes with Time: 

When compared with other C-factor maps, 2004’s is possibly the greenest. 1978 has 

many dark green areas (low), but it also has a good number of white areas (high) and 

essentially no light green areas (moderately high). 1998 seems to have quite a few 

areas with a moderately high C-factor but 2004 seems to have more areas with a low 

C-factor while many areas which in 1978 were white (high), in 2004 they are light 

green (moderately high). While moderately high is not the optimal C-factor, it is still 

lower than high C-factor values and thus it can lead to lower soil erosion estimates.  

 

The R-factor is the other factor which affects variability over the years. 2004 had a 

calculated R-factor of 617 MJ mm ha-1 hr-1 yr-1. This is lower than all the other year’s 

R-factor except 1978’s, and it can explain why the descriptive statistics of 2004 are in 

general higher than 1978’s but lower than all the other years studied. The total 

amount of rainfall over the 4 years considered for the calculation of the R-factor is 

2154.30 mm. This is a lower rainfall total than all the previous 4-year timeframes, 

however, it is important to note that rainfall totals are not the only thing which 

influence the R-factor. In fact, while 1978 has a higher rainfall total over the 4 years, 

it has a lower R-factor than 2004.  
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5.2.7. Analysis for 2018 

 

Descriptive Statistics and Classification: 

These values in table 4-7 are the lowest values recorded for the mean, maximum, 

and standard deviation of all the years studied so far. The low maximum means that 

the high values seen in figure 4-12 (a) are still relatively low when compared to the 

high values of other years. In fact, the maximum of 2018 is almost half that of 1957. 

The mean is also very low, being more than half the mean of 1998, which was an 

already relatively low mean. Overall, it can be said that 2018 suffered less estimated 

erosion than other years due to the lower descriptive statistics, and the relatively 

paler map showing lower values (as white means low soil erosion). It is important to 

note that there are still quite a few hotspots where erosion reaches the highest 

values of around 30 t/ha/yr. 

 

Due to the lower mean and maximum for 2018, the classification is different from 

that of other years studied so far. The very low mean of 2.12 t/ha/yr falls into the 

very low or tolerable soil erosion rate while the maximum of 32.03 t/ha/yr is just 

under the 33.6 t/ha/yr threshold of the severe category, thereby falling instead into 

the high soil loss rate. This is the only year studied so far which had a maximum in 

any category but the severe one. For 2018, the global Moran’s test obtained an index 

of 0.85 (table 4-8). This means the data has strong spatial clustering and data points 

of similar values are found near each other.  
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Changes with Time: 

The C-factor map for 2018 is another map which is largely coloured in green. Whilst 

there are still some hotspots of high C-factor values in white on the landward side, 

as well as a few spots on the seaward side, there is a much greater area of dark green 

(low), especially when compared to previous years. The seaward side also has many 

areas represented in green (moderately low). This change in C-factor throughout the 

years could potentially be due to an increase in land abandonment or in the switch 

in agriculture from crop production to fruit tree and citrus cultivation. Another 

potential change could be a reduction in tillage operations – such as ploughing less 

underneath tree cultivation.  

 

The R-factor is the other variable which changes with time. For 2018 the R-factor was 

calculated to be 449 MJ mm ha-1 hr-1 yr-1, while the rainfall total was 1631.2 mm. This 

makes the 4-year period used for 2018 relatively dry, with none of the years included 

(2015-18) being extremely wet. In fact, none of the years even reached 500 mm, 

which is Malta’s annual average. While the R-factor is not only affected by the rainfall 

amount, it is still one of the factors influencing it, therefore the R-factor is 

understandable lower. This is actually the lowest R-factor of all the years studied so 

far. The lower R-factor is also a good explanation as to why the RUSLE outputs of 

2018 were in general lower than all of the other years. 
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5.2.8. Analysis for 2021 

 

Spatial Pattern: 

The results in figure 4-13 (a) are quite different from the soil loss results of other 

years. The seaward side of the valley suffers more erosion than in other years. 

Otherwise, the erosion is mainly focused on the valley floor. Figure 5-6 shows the 

location of the soil loss estimates hotspots in the AOI. These hotspots could arise 

because of a number of reasons, including higher accessibility leading to more tillage 

and crop cultivation; steeper slopes on the seaward side of the valley; etc. 

 

Figure 5-6: 2021 Soil Loss Estimates Hotspot Areas. 

A. 

B. C. 

D. 

E. 

F. G. 
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Descriptive Statistics and Classification: 

The descriptive statistics in table 4-7 are also a bit different than other years’. The 

mean erosion is similar to other years which had relatively low erosion rates, 

however, the maximum soil erosion was estimated to be 87.01 t/ha/yr. This is a very 

large difference from the other years. It is the highest estimate, but even when 

compared with the second highest estimate of 1957, it is still over 20 t/ha/yr more.  

This means that caution must be taken when looking at the map in figure 4-13 (a) as 

red areas have much higher erosion estimated than those highlighted in the same 

colour for previous years. It also means that while some areas are highlighted in pink 

and may seem like they have moderately high erosion, in reality, these values would 

be about 30 t/ha/yr. This is still a lot, especially when considering that some of the 

previous years studied had maximums close to 30 t/ha/yr. An area which is coloured 

in this way is the majority of the seaward side of the valley – thereby showing that 

there was an increase in erosion here when compared to earlier years. The low mean, 

however, suggest that maximum values are minimal. The high abundance of pink on 

the map further reinforces this as most areas are not experiencing the maximum soil 

erosion estimated. 

 

Regarding classification of the soil erosion taking place, the mean soil erosion rate 

can be classified into the tolerable or very low category as it is less than 6.7 t/ha/yr. 

The maximum soil loss rate needs to be classified into the severe category as it far 

exceeds the 33.6 t/ha/yr threshold. This is the same classification as 1978, 1998, and 

2004, however, it is important to note that despite this, the maximum of 2021 is far 
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higher than that for any of the other years. The results for the spatial autocorrelation 

test indicate a Moran’s index of 0.85 (table 4-8), suggesting the presence of spatial 

clustering of the data values, where similar values are more likely to be found near 

to each other.  

 

Changes with Time: 

The C-factor map in figure 4-13 (b) was visually inspected to determine if and how 

the C-factor is affecting the results of the RUSLE equation in terms of variation within 

the valley within the same year. The first important aspect to note is that the legend 

of the C-factor is different for 2021 than for other years. The legend’s scale for other 

years ranges between 0-0.5, however, for 2021 it ranges between 0-1. This means 

that areas represented by white in 2021 have a much higher C-factor value than the 

ones represented by white in other years. Despite this change in scale, there are still 

a lot of areas which are represented by green, especially on the seaward side of the 

valley. While the higher range of C-factor values compliments the higher maximum 

of the final RUSLE, the abundance of green areas reflects the low frequency of 

maximum values and the low mean. Regarding the R-factor, the value of 753 MJ mm 

ha-1 hr-1 yr-1 is quite high, albeit not the highest of the R-factors calculated for the 

previous years studied. The total rainfall was 2050.2 mm for the 4-year time period 

used for the R-factor calculation. This is lower than all the other years’ studied totals, 

except for 2018. This is an example of how the R-factor is not just based on rainfall 

totals, but also on rainfall intensity. 
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Two difference maps were created for 2021. One looks at the difference that 

occurred between 2004 and 2021 – aimed at catching a glimpse of the changes of 

the past 20 years; the other, figure 4-14, looks at the difference between 1957 and 

2021 and is discussed in section 5.2.1. Figure 5-7 (2021 – 2004) investigates the soil 

erosion changes which occurred with time in recent years. A 20-year timeframe was 

used to see long-term changes. At first glance, the map displays many areas 

undergoing erosion increase. The seaward side of the valley is particularly interesting 

as it is shown to suffer mainly from slight erosion increase but also some moderate 

erosion increase and moderate decrease in other areas. It is important to mention 

that the slight increase category, which is categorizing the vast majority of the valley, 

is an increase between 0.1 and 5 t/ha/yr. The landward side of the valley saw more 

areas with minimal change than the seaward side, however, it also saw areas of 

substantial erosion increase. This is a category which is showing areas which had an 

increase of erosion between 30.1 and 90 t/ha/yr. In fact, these are areas which in 

2021 showed some of the highest erosion rates. In general this map illustrates a 

pattern of slight erosional increase in the past 20 years in the AOI. This is an 

important aspect to the study as it reveals that while there is a general trend of 

erosion decrease, the past 20 years have deviated from this, and soil erosion is seeing 

an increase again. It is important to note that since statistical tests were not 

conducted, statistical significance is unknown, and results are simply based on visual 

observation of the maps and the soil erosion rates. 
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Figure 5-7: Difference Map of Soil Loss Estimates between 2021 - 2004 in t/ha/yr. 
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5.3. Future Soil Loss Predictions 

 

The third aim of the study was to predict future soil losses over the AOI for 2050 

under SSP 2-4.5 and SSP 5-8.5. This was achieved using rainfall data from CMIP6 

models to predict an R-factor for the future, NDVI calculated through Landsat 

imagery, and proxies for future NDVI estimates from Copernicus Climate Data Store 

to estimate a future C-factor. A second method was also used to achieve a spatially 

varying C-factor – the spatial method. This used the past NDVI to estimate NDVI 

change over the years and apply the same rate to the future. The other factors in the 

RUSLE equation were kept the same as those used for the past as it was determined 

that the K- and LS-factors do not undergo many changes on the short-term, and the 

P-factor is very difficult to determine for the future due to its being based on many 

managerial components, which in turn rely on several other factors.  

 

5.3.1. 2050 SSP 2-4.5 

 

Descriptive Statistics and Classification: 

Table 4-9 shows us the descriptive statistics for future soil loss predictions. The mean 

soil loss rate is in line with low soil erosion rates estimated for past years, with 2018 

even having a slightly lower mean estimated. However, both the maximum and the 

standard deviation are much lower for the 2050 SSP 2-4.5 prediction than they were 

in any of the past years studied. The low maximum can be the result of smoothing of 

extreme values in climate models which in turn affect the R-factor. This was evident 
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when analysing the CMIP6 data and calculating the R-factor – storm events were not 

visible in the data despite these being very important to soil erosion and being 

relatively common in Malta. The removal of storm-related values can lower the 

maximum as less erosion is taking place as these storms often result in high amounts 

of soil loss.  

 

Regarding the classification of the mean and maximum soil erosion estimated, the 

mean falls into the very low or tolerable category while the maximum falls into the 

low category. This is in contrast with the category of the maximum for all the past 

years. The category was always severe, except for one instance where the category 

was high – with the 2050 SSP 2-4.5 estimate the maximum soil erosion prediction has 

been lowered so much that it completely skips the moderate category between high 

and low. Moran’s index for this dataset is 0.66 (table 4-10) meaning that while the 

correlation is less strong than that of the past years, a positive autocorrelation is still 

present – therefore there is less, but still present, clustering of similar values.  

 

Spatial Pattern: 

The R-factor for the future predictions is not constant throughout the valley, 

however, it has only little variation. It ranges between 341-353 MJ mm ha-1 hr-1 yr-1, 

which is a range quite lower than R-factors calculated from past rainfall data. This is 

most likely due to the lack of storm events modelled in the CMIP6 data, which 

unfortunately, is a limitation of the study. The general trend of the R-factor is that it 
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is slightly higher on the landward side of the valley. The C-factor is calculated through 

regression between specific humidity, air temperature, and NDVI. Unfortunately, the 

specific humidity and air temperature datasets are too coarse to give any variation 

to the C-factor within the same year. The variables used in the regression, the 

resulting NDVI, and the calculated C-factor for the entire valley for 2050 SSP 2-4.5 

can be seen in table 5-2. It is a huge oversimplification to have only one NDVI value 

for the entire study area, however, this is another limitation of the study as the only 

data available was too coarse. However, an NDVI value of 0.455 indicates moderate 

vegetation, which is a logical conclusion for the state of the valley. A C-factor of 0.188 

is relatively low. For comparison purposes, fruit trees and citrus have a value of 0.1 

in past estimates while seasonal crops have a value of 0.5. It is important to 

remember that this value is multiplied by the tillage factor to obtain the C-factor. 

Tilled fields have a factor of 1.0 while untilled fields have a factor of 0.25. This means 

that seasonal crops have a C-factor value of 0.5 as they are often tilled while 

abandoned plots (0.02) have a C-factor value of 0.005, as they are untilled. 

Table 5-2: Regression Variables, Resulting NDVI, and C-factor for 2050 under SSP 2-

4.5 over the Entire AOI. 

 2050 SSP 2-4.5 

Air temperature 292 K 

Specific humidity 0.01052 kg/kg 

NDVI 0.455 

C-factor 0.188 
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The spatial variation of figure 4-15 (a) is difficult to decipher and visually, it seems to 

mimic the pattern of the LS-factor (Appendix 2.4). This would be understandable as 

the past estimates seemed to follow the C-factor’s spatial pattern, but the future 

predictions have only one C-factor for the whole valley and thus cannot do this. The 

P-factor is also a constant for the whole valley and thus does not offer spatial 

variation. The K- and R-factors have little variation within the same year and this 

variation does not seem to be visible in figure 4-15 (a). This means that not many 

patterns or trends emerge for easy visualization through the map.  

 

Changes from 2021: 

The lack of an easy decipherable spatial pattern also means that upon visual 

comparison with the past estimates’ maps, such as that of 2021, it is difficult to see 

where the changes occurred. It is important to note that the range of values is much 

lower and thus there were definitely changes in the hotspot areas of 2021. Upon 

creating an actual difference map between 2050 SSP 2-4.5 and 2021, the changes 

that occurred became much more evident (figure 5-8). The landward side of the 

valley shows mainly a slight increase in soil erosion values (up to 10 t/ha/yr), 

however, there are also quite a few areas which underwent erosion reduction, 

including substantial reduction of up to 60 t/ha/yr on the hotspots of 2021. The 

seaward side of the valley also had some increases in erosion, especially in the 

northernmost part. However, it is also predicted that it will undergo slight decreases 

in erosion and in some cases even moderate decreases.  
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Figure 5-8: Difference Map of Soil Loss Estimates between 2050 SSP 2-4.5 - 2021 in 

t/ha/yr. 

 

These changes are highly likely to be due to the R-factor as this was the biggest 

change that the soil loss predictions underwent. The smoothing of climate data 

removed rainfall extremes and created a much lower R-factor, which in turn would 

create lower soil loss predictions as it would consider rainfall to be less erosive – from 

both a rainfall total and a rainfall intensity aspect, as the R-factor includes both. 

However, it is unlikely that it is the only affecting factor which caused the major 

changes between the 2050 predictions and the 2021 estimates. The C-factor also had 

major changes, even being calculated in a different way. A C-factor of approximately 
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0.2 is quite low, since this value was used throughout the AOI, it could have lowered 

the soil erosion predictions as well. The other factors were kept as in 2021 and thus 

are not influencing the change which occurred.  

 

5.3.2. 2050 SSP 5-8.5 

 

Descriptive Statistics and Classification: 

Erosion estimates for 2050 were created also under SSP 5-8.5. The predictions in 

table 4-9 are the lowest values obtained throughout the entire study – even lower 

than those for SSP 2-4.5, which had quite low values. The very low maximum reflects 

the lack of storm data found in the CMIP6 models. This contrasts with the 

expectations of climate change which is expected to increase the frequency of heavy-

precipitation storms in many parts of Europe, among other impacts (Ciarlo et al. 

2017; Stocker et al. 2013). Extreme storms are especially bad for soil erosion, 

especially if the soil was very dry beforehand from lack of rainfall as this leads to 

surface sealing (Wang et al. 2020; Ran et al. 2012). However, since extreme storms 

are not visible in the CMIP6 data used, such predictions of soil erosion from extreme 

storms are not present in this study. The mean soil loss rate for SSP 5-8.5 shows how 

generally, in the AOI, soil erosion will keep falling, which is in line with the trendline 

of figure 4-17.  
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Regarding classification of the mean and maximum soil erosion values. Both the 

mean and maximum soil loss rates fall into the tolerable or very low category of soil 

loss. This is the only instance where the maximum soil loss rate is categorized as very 

low. Table 4-10 displays a Moran’s I of 0.85, a result that is very similar to the results 

of the past estimates, indicating that data is clustered, with data points of similar 

values grouped together – just like in past estimates.  

 

Spatial Pattern: 

Variations within the year must come from the R-, K- or LS-factors as the C- and P-

factors are constant throughout the valley. The R-factor has little variation, ranging 

from 333 to 344 MJ mm ha-1 hr-1 yr-1; and the K-factor has even less variation, ranging 

from 0.091 to 0.1 t ha hr ha-1 MJ-1 mm-1. The spatial variation visible in figure 4-15 (b) 

likely occurs from the LS-factor (Appendix 2.4), making variation difficult to decipher 

from visual observation alone.  

 

Regarding variation between the different SSP scenarios, the range of the R-factor of 

SSP 5-8.5 is lower than that of SSP 2-4.5, but it is spatially similar with the landwards 

side of the valley having a slightly higher R-factor value. The C-factor is a constant for 

the whole valley but unlike the K-, LS- and P-factors it varies between scenarios and 

different years. Table 5-3 displays the regression variables, NDVI, and C-factor for 

2050 SSP 5-8.5. The air temperature is very similar under both scenarios with only a 

0.3 difference; and the specific humidity is slightly higher under SSP 5-8.5. The 
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resulting NDVI from the regression equation was higher than that of SSP 2-4.5 

indicating slightly denser vegetation – moderate to high vegetation cover. This 

contrasts with the expected increase of drought-like conditions. The C-factor 

obtained is very low – only slightly higher than the C-factor value for untilled soil 

underneath tree cultivation. Such a low C-factor value, coupled with the relatively 

low R-factor, is an understandable reason why such low soil erosion values were 

obtained from the RUSLE equation.  

 

Table 5-3: Regression Variables, Resulting NDVI, and C-factor for 2050 under SSP 5-

8.5 over the Entire AOI. 

 2050 SSP 5-8.5 

Air temperature 291.7 K 

Specific humidity 0.01093 kg/kg 

NDVI 0.57 

C-factor 0.068 

 

Changes from 2021: 

A difference map of 2050 SSP 5-8.5 – 2021 (figure 5-9) was created to help in 

visualizing the changes which are predicted to occur. This map is very similar to figure 

5-8, the difference map for SSP 2-4.5 – 2021. Figure 5-9 shows mainly a slight increase 

in erosion, however, hotspot areas in 2021 are predicted to undergo minimal to 

substantial decrease in erosion. These areas are mainly found along the valley floor 
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and on the seaward side of the valley. So far, the trends suggest that erosion will be 

more uniform throughout the valley with less extreme maximums. It is, however, of 

utmost importance to consider the limitations of using CMIP6 data and its 

implications, as well as any other limitations of this study when interpreting the 

trends and patterns of the predicted soil erosion. 

 

Figure 5-9: Difference Map of Soil Loss Estimates between SSP 5-8.5 - 2021 in 

t/ha/yr. 
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Time Series Plots: 

Figures 4-17 and 4-18, the time series plots display the mean and maximum soil 

erosion values for past soil estimates, SSP 2-4.5, and SSP 5-8.5. Figure 4-17 illustrates 

how the mean soil erosion rate will continue to decrease in 2050 – following the 

trend that was calculated for past estimates. The mean for SSP 5-8.5 is seen to be 

much lower than that of SSP 2-4.5, being in fact the lowest mean on the graph. Figure 

4-18 displays the time series for the maximum soil loss, revealing the large difference 

the maximum soil loss values have between past estimates and future predictions. 

The future predictions are much lower than the past estimates, with SSP 5-8.5 being 

even lower than SSP 2-4.5. This means that they do not follow the trend based on 

past data where maximum values were seen to slightly increase over time. This 

trendline could be the result of both outliers and a small sample size, while future 

predictions also suffer from the data limitations of future rainfall predictions from 

climate models. These limitations are likely to be the reason for the large discrepancy 

between the maximums of the past estimates and the future predictions. 

 

5.3.3. Spatial Method 

 

The spatial method was conducted because the non-spatial method results in only 

one C-factor for the whole valley, and it has resulting soil loss maps which lack a 

simple decipherable pattern. The method considers NDVI in 1991 and in 2021 and 

calculates the rate of change. This rate is then applied to 2050 to determine NDVI per 

pixel. While this method considers variation of NDVI within the valley, it does not 



183 
 

consider the influence the changing rainfall pattern has on the vegetation – which is 

why the non-spatial method was also conducted.  

 

Spatial Pattern: 

The soil loss estimates obtained from the spatial method are in figure 4-16 (a) for SSP 

2-4.5, and (b) for SSP 5-8.5. Both scenarios have very similar looking soil loss maps 

with hotspots located at the top of the hillslopes and on the valley floor on the 

landward side of the valley, with very little high erosion values on the seaward side.  

 

Using the NDVI for 2021, a map for 2021 soil loss estimates was also created. This is 

for direct comparison purposes with soil loss estimates from fieldwork data to 

determine if NDVI can also accurately determine soil erosion hotspot areas. Figure 5-

10 displays the soil loss estimates for 2021 using NDVI (a) adjacent to the soil loss 

estimates for 2021 using fieldwork data (b). Visually, the maps are seen to be 

relatively similar, with many hotspots being visible on both maps, despite slight 

differences. The locations are more or less the same for all the hotspots with the 

exceptions of sites F and G, which include the entire slope all the way to the top of 

the valley in the NDVI estimate; and site H, which includes only the top of the slope 

in the NDVI estimate. Another difference is that the NDVI estimate included much of 

the top of the slope as a hotspot as well. 
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Figure 5-10: Hotspot Location Comparison for 2021 between (a) the NDVI-Derived 

Soil Loss Estimates, and (b) the Fieldwork-Derived Soil Loss Estimates. 

 

The two SSP scenarios have similar spatial patterns together and with that of 2021. 

This is likely to be because the spatial pattern seems to be influenced by the C-factor, 

which is based on the NDVI. Since the NDVI is adjusted for the future according to 

the rate of change in NDVI between 1991-2021, for 2050 both scenarios share the 

same NDVI map. This means that the only change they have between them is the R-

factor, which undergoes only little variation. 
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Descriptive Statistics and Classification: 

It is important to note that while the non-spatial method resulted in soil loss 

maximums of 9.21 t/ha/yr and 3.26 t/ha/yr, the spatial method resulted in 

maximums of 39.07 t/ha/yr and 38.17 t/ha/yr for SSP 2-4.5 and SSP 5-8.5 

respectively. These maximums are more in line with the results of the past soil loss 

estimates – showing generally lower, but still similar results to the past estimates. 

This is also seen in the 2021 estimates, where NDVI-derived estimates have a 

maximum of 60.8 t/ha/yr while fieldwork-based estimates have a maximum of 87.01 

t/ha/yr. The mean for 2021 NDVI-derived estimates is 2.5 t/ha/yr – a value similar to 

the 3.51 t/ha/yr mean of the fieldwork-derived estimates. The means for SSP 2-4.5 

and SSP 5-8.5 are 0.9 t/ha/yr and 0.88 t/ha/yr respectively. The SSP 5-8.5 mean 

values for spatial and non-spatial methods are very similar, unlike the means for SSP 

2-4.5. When classifying the mean soil loss estimates, the spatial method values can 

be classified similarly to the non-spatial method, with the means for both SSP 

scenarios falling in the very low or tolerable category but both maximums fall in the 

severe category. These values, which are more in line with past estimates, could be 

because the effect of the change in rainfall on vegetation is not being considered, 

and therefore the C-factor is more like that of the past estimates. This is not realistic 

as reduced rainfall amounts can reduce or change the vegetation available due to 

increased dryness. 

 

 

 



186 
 

5.3.4. Conclusion and Comparison for Future Soil Loss Predictions 

 

In conclusion, all methods used to determine future soil loss predictions estimated a 

decrease in soil loss to occur over the AOI. The non-spatial method, which considered 

the effect the changing rainfall will have on vegetation change, estimated very low 

soil erosion losses. Meanwhile, the spatial method, which did not consider the effect 

of precipitation change on vegetation and only considered it as part of the R-factor, 

estimated soil losses more in line with past and current estimates. This is likely due 

to how the future NDVI was calculated. 

 

In comparison with other studies, a local study conducted in the adjacent valley to 

the AOI, found similar results, where soil erosion was estimated to decrease under 

future SSP scenarios. This was attributed to the decrease in precipitation and 

resulting increase of drought conditions which are expected to affect the Maltese 

Islands because of climate change (Galdies et al. 2022). The same reasoning where a 

reduction in precipitation leads to reduced estimates of soil erosion can be applied 

to this study, as the four climate models used predicted much lower monthly 

precipitation values than those recorded in the past. This greatly reduced rainfall 

amount in monthly averages is likely what led to substantially lower soil loss 

estimates under the future SSP scenarios. 

 



187 
 

Another study in Crete considered the change in rainfall erosivity under the RCP 

scenarios. Grillakis et al. (2020) found that RCP2.6 is estimated to suffer from an 

increase in rainfall erosivity, but RCP8.5 is estimated to undergo a decrease in rainfall 

erosivity. This study used SSP scenarios instead of RCP scenarios. It found that rainfall 

erosivity in the AOI decreased under both SSP2-4.5 and SSP5-8.5, with the R-factor 

being calculated at 753 MJ mm ha-1 hr-1 yr-1 for 2021 and ranging between 341-353 

MJ mm ha-1 hr-1 yr-1 for SSP2-4.5, and between 333-344 MJ mm ha-1 hr-1 yr-1 for SSP5-

8.5. This substantial difference could be due to the lack of extreme storms predicted 

by the climate models, which provided smoothed monthly averages and no data of 

possible individual storms. It is important to note that not all studies find that rainfall 

erosivity is expected to decrease under future SSP predictions, in fact, many studies 

find that rainfall erosivity will likely increase, such as in the studies by Shiono et al. 

(2013), and Wang et al. (2023b). Whether rainfall erosivity will decrease or increase 

with time depends on a number of factors, including where the study was conducted 

and how climate change is expected to affect that location in particular. 
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5.4. Summary of RUSLE Factors’ Effect on Soil Erosion 

 

Each RUSLE factor influences the final value of the soil loss estimate. Therefore, 

determining how the factors change spatially and temporally is imperative to 

properly understand how soil erosion changes throughout the valley on both a spatial 

and a temporal scale.  

 

5.4.1. R-Factor 

 

This is the factor responsible for the erosive power of the rainfall on soil erosion. It is 

mainly affected by rainfall intensity and rainfall totals, however, factors like raindrop 

size are a contributing aspect to rainfall intensity (Panagos et al. 2015a; Nearing et 

al. 2017). In this study the R-factor was a constant value over the whole AOI for each 

year being studied, but it was changed for each year. This is due to a lack of data. This 

meant that no variation within the same map was provided by this factor, however, 

it contributed to changes between the different years studied. In fact, the high or low 

R-factor is mirrored in the soil loss estimates, with years recording a high R-factor 

value also recording a higher mean (and maximum) soil loss value. Figure 5-11 

displays this mirroring between the mean soil loss and the R-factor.  
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Figure 5-11: Mean soil loss and R-factor for past estimates against date. 

 

When the R-factor is plotted against rainfall totals (of the 4-year period which was 

considered for the R-factor), a similar relationship but less prominent is revealed 

(figure 5-12). The graph shows the same mirrored relationship between the R-factor 

and rainfall as between mean soil loss and the R-factor. However, there are some 

obvious deviations – such as 1988 and 1998, where the R-factor first increased then 

decreased – opposite to the rainfall. This is because while rainfall totals are an 

important aspect of the R-factor, it is not the only influencing factor, with rainfall 

intensity being a major aspect to the R-factor. 
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Figure 5-12: R-Factor and Rainfall for Past Estimates against Date. 

 

Despite the obvious influences from other factors for both the R-factor itself, as well 

as for the soil loss estimates, the R-factor – and thus the rainfall totals – are an 

important aspect to the soil loss estimates. Many studies mention the R-factor as 

having a major impact on the soil loss estimates of their study (Meng et al. 2021; 

Yuan et al. 2021). The large impact rainfall erosivity has on soil loss is an 

understandable concept. Rainfall directly breaks up soil particles and aggregates 

through processes like rain splash erosion, and it also washes away any loose soil 

particles which it has the energy to move through several mechanisms, like sheet 

wash or rill erosion (Meng et al. 2021). Rainfall erosivity and the severity of its impact 

also depends on other factors – such as runoff generation, which in turn depends on 

not only rainfall amount and duration of rainfall, but also on antecedent soil moisture 
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conditions and surface sealing; and interception, which depends on vegetation 

present (Meng et al. 2021). 

 

The most erosive type of rainfall is that of high intensity and short duration as a lot 

of energy is hitting the soil over a short period of time (Meng et al. 2021). This is 

especially problematic as in a climate change context, the Mediterranean is likely to 

see an increase in extreme events with higher rainfall intensities (Camarasa-

Belmonte et al. 2020; Romera et al. 2017). Despite this, the future soil loss 

predictions were much lower than the past soil loss estimates. This could be due to 

the large uncertainties when using future climate projections, and the fact that the 

datasets obtained from WorldClim CMIP6 did not seem to be predicting extreme 

events, but where instead much smoother, predicting lower precipitation totals. 

 

5.4.2. K-Factor 

 

The K-factor is the soil’s erodibility, i.e. how resistant it is to erosion. This relies on 

several soil characteristics which when considered together make up the K-factor. 

Major soil characteristics which play a role in a soil’s resistance to detachment and 

transport are soil texture and organic matter content. In fact, these are the two 

factors considered in this study. Other factors such as permeability and soil structure 

can also contribute to soil loss estimates but were not considered in this study due 

to a lack of data. 
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In general, larger sand particles are more resistant to transport and small clay 

particles have high cohesion between themselves, thereby resisting detachment. 

This means loam soils and silty soils are usually the most erodible soils in terms of 

soil texture (FAO 2019). In general, in this study the AOI is highly sandy, with only few 

sample points having a majority of particles as silt or clay (figure 5-13). In this study, 

there is not much of a visible relationship between soil loss estimates and the soil 

texture from observation, however, this could be due to the low sample size of only 

14 sample points. 

 

 

 

 

 

 

 

 

 

 

 
Figure 5-13: Soil Texture Percentages Superimposed over Soil Loss Estimates of 2021. 
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Another major aspect of soil erodibility is the percentage of organic matter in the 

soil. This is because organic matter helps to bind the soil aggregates together – 

similarly to clay particles. Higher organic matter content means more erosion 

resistant aggregates (FAO 2019). In this study, the highest organic matter content 

found was in a loam soil with 5.7% and the least was in a sandy loam with 1.46%. As 

with the soil texture, this study showed no trends between soil loss estimates and 

organic matter content from visual observation alone. 

 

5.4.3. LS-Factor 

 

The LS-factor is the slope length and angle factor and represents the topography of 

the land. This is a very important factor which both directly affects soil losses but also 

influences other factors. The length of a slope directly affects erosion with longer 

slopes leading to higher soil losses (Bagio et al. 2017). The slope gradient is also of 

utmost importance. Steeper slopes have higher runoff amounts leading to higher soil 

losses (Li et al. 2019; FAO 2019). Steeper slopes also promote a higher runoff velocity, 

which in turn can transport particles easier. While soil particles on steep slopes are 

likely to detach and be transported with the higher velocity flow, gentler slopes are 

more likely to form a crust as soil particles fill larger soil pores (Wang et al. 2023a). 

While slope gradient is very important, with increasing rainfall intensity, its influence 

on erosion can decrease (Li et al. 2019).  

 



194 
 

In this study, the LS-factor is difficult to decipher as it contains a lot of data since it is 

a DEM of 1 m spatial resolution. Patterns are hard to see by visual observation alone, 

especially since this is a factor which can operate on relatively small scales – i.e. 

smaller than a field scale if necessary. An important aspect to the LS-factor in the AOI 

is that it is affected by the presence of terraces. Terraces help reduce both the slope 

length and slope gradient. This can be seen in the LS-factor map as the higher values 

are mostly on the fields’ perimeter with the centre having lower LS-values. This could 

be the stepped terraces while the centre of the field remains more level. 

 

5.4.4. C-Factor 

 

This factor represents the vegetation cover and its protection from erosion. This 

factor considers both tillage and vegetation present. Conservation tillage can result 

in much lower soil loss estimates than conventional tillage methods, with a study in 

Calabria finding a decrease of 67% (Preiti et al. 2017). In this study only two tillage 

methods were considered: no tillage applied and conventional tillage. This is due to 

difficulty deciphering different tillage methods from orthophotos. However, it is 

evident through visual observation that plots which are untilled, have suffered higher 

soil losses in the 2021 soil loss estimates using the 2021 tillage data (figure 5-14). 
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The plant type is also important to the final C-factor value. Denser crops, such as 

fodder crops, and trees lead to lower C-factor values as they produce more cover for 

interception purposes. On the other hand, low density crops, such as potatoes, 

cauliflower, etc. produce less protective cover and thus can lead to higher soil loss 

values (Preiti et al. 2017; Zhang et al. 2022). Plant cover is a major influencer of soil 

erosion because of interception. Interception can interact with the kinetic energy of 

the rainfall and reduce its erosivity as raindrops are stopped by foliage instead of 

falling on the ground, leading to raindrop impact (Zore et al. 2022). Another aspect 

of vegetation which helps protect against soil erosion is plant roots. Plant roots can 

bind the soil particles and promote cohesion. Vannoppen et al. (2017) found that the 

type of root most effective against erosion depended on the soil type. Thick tap roots 

Figure 5-14: 2021 (a) Tilled vs Non-Tilled Fields (b) Soil Loss Estimates 

a b 
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were most effective in cohesive soils while fine roots were better suited for non-

cohesive soils.  

 

In this study, plant type was divided between several different categories, most 

notably seasonal crops, fruit trees and citrus, abandoned, and abandoned with trees. 

Seasonal crops have the highest C-factor, and they suffer the highest erosion values. 

This is because these are most often low-density crops, and the fields are tilled 

conventionally – the most used tillage method in the AOI. On the other hand, 

abandoned with trees is the category with the lowest C-factor. These are plots of 

land with no tillage and dense vegetation – both trees and shrubs – and thus have a 

good vegetative cover for both root binding and interception. Another part of this 

study used the NDVI instead of fieldwork to calculate the C-factor. This works on a 

similar concept where the index determines which areas have dense and which have 

sparse vegetation. 

 
5.4.5. P-Factor 

 
The P-factor is a notoriously difficult to estimate factor within the RUSLE equation. It 

is the management and practice factor, and it depends on human activities, which 

either hinder or promote erosion. Many studies take the P-factor to be 1, but this 

study used a constant value of 0.5, as suggested in Panagos et al. (2015b), due to the 

presence of rubble walls and terraces in most of the valley. These help in hindering 

erosion by creating a smaller slope length and a gentler slope angle. Rubble walls also 

serve as a barrier to soil being transported.  
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5.5. Comparison with Other Studies 

 

There are some other studies which attempt to estimate soil loss over the San Blas 

and Binġemma valley. These studies are often coarse and consider more than just 

this valley as part of their AOI. One such study is that by Panagos et al. (2015c) which 

covers the entirety of the European Union. The mean soil loss rate for the EU’s 

erosion-prone areas was found to be 2.46 t/ha/yr. This is a rate similar to this AOI’s 

mean soil loss rates in years when erosion was low, with some years having higher 

rates of up to 7.52 t/ha/yr. The same study has a regional breakdown of soil loss rates 

per country. Malta was estimated to suffer from a mean soil loss rate of 6.02 t/ha/yr 

overall. This is in line with this study’s findings as mean soil loss rates ranged between 

2.12-7.52 t/ha/yr. It is important to note that these were found using the 1 m spatial 

resolution, using the 30 m resolution, the mean soil loss rate was 8.3 t/ha/yr for the 

same year that it was 2.12 t/ha/yr in the 1 m resolution. Meanwhile, Panagos et al.’s 

study had a much coarser spatial resolution of 100 m. Panagos et al. (2015c) could 

also provide comparisons with other EU countries due to the pan-European study 

they conducted. This revealed that Mediterranean countries have higher mean soil 

loss rates than other European countries. In fact, Malta has one of the highest rates, 

with only Italy, Slovenia, and Austria having a higher mean soil loss rate. 

 

A similar study to this one was conducted in the adjacent watershed of Ramla, Gozo, 

Malta. The study by Galdies et al. (2022) used the RUSLE equation to estimate soil 

losses in the Ramla watershed for both present and future estimates. The majority 
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of the valley was found to have a soil erosion rate below 10 t/ha/yr for present 

estimates. This is similar to this study which had all mean soil erosion rates under 10 

t/ha/yr for past estimates. Regarding future soil loss predictions, Galdies et al. (2022) 

did not consider a change in the C-factor as in this study, but just like this study, the 

future rainfall projections were based on monthly averages and not rainfall extremes. 

As in this study, Galdies et al. (2022) found decreasing soil erosion rates under future 

scenarios. The similar results between the two studies is understandable as the two 

valleys studied are exactly adjacent to each other and thus are likely to experience 

similar soil loss rates as certain factors like rainfall are likely to be similar. 

 

This study builds directly on the findings of another study, Muscat (2022). The two 

studies have the same AOI but have slightly different methodologies on determining 

the five RUSLE factors, mainly the R-, K-, and LS- factors. The current study also 

increases its research to encompass more past years, future predictions, and a 

different spatial resolution. In general, Muscat (2022) estimated lower soil loss rates 

than the ones found in this study. For 2021, a maximum 13 t/ha/yr was found in 

contrast with this study’s 87.01 t/ha/yr. However, it is mentioned that the majority 

of values are below 5 t/ha/yr – which is in line with this study which has a mean soil 

loss rate of 3.51 t/ha/yr. A different situation is evident for 1957, with Muscat (2022) 

finding a maximum of 5.5 t/ha/yr but with a majority of values being under 2 t/ha/yr. 

Meanwhile, this study found a much higher maximum of 62.78 t/ha/yr and a mean 

of 7.52 t/ha/yr, which is higher than the maximum found in Muscat (2022). The two 

studies have the same spatial resolution, but their methodologies differ and this is 

likely where these differences stem from. 
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5.6. Measures to Limit Erosion 

 

In viewing the results in chapter 4 of this study, it is immediately noticeable that 

certain areas suffer more from erosion than other areas. Hotspot areas shift with 

time, but some areas seemed to be highlighted as a hotspot in more than one of the 

years studied. Such areas, which are more prone to erosion, could have several 

underlying factors as to why – such as soil type, vegetation cover, or slope. In 

determining which factor is affecting the area, appropriate management measures 

can be applied to limit erosion and help safeguard soil.  

 

Several measures can be applied to erosion-prone areas, with varying degrees of cost 

and effectiveness. Measures vary according to what they aim to tackle – and this is 

why knowing the underlying issue causing the erosion is ideal. This is an example of 

why studies on soil erosion prediction are essential. Such studies can both highlight 

hotspots and areas most susceptible to erosion, as well as determine possible 

underlying factors which might be promoting soil loss in the area (Kumarasinghe 

2021). This helps in determining where soil erosion control measures are most 

needed and which measure is the most suitable to be applied.  

 

Many studies have found that the R-factor is a major influence on soil loss estimates. 

The R-factor itself cannot be adjusted as it depends on the characteristics of the 

rainfall. However, a number of measures can be applied to limit its influence. The C-

factor itself is inherently tied to the R-factor as vegetation can be used to limit rainfall 
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erosivity. Measures revolving around soil surface protection from the force of the 

rain include planting a vegetation cover, reduced tillage, and mulching. All reduce the 

amount of exposed bare soil and intercepting the rainfall, thereby reducing raindrop 

splash, but a vegetation cover also serves to bind the soil particles with its roots, thus 

further protecting the soil from detachment. Mulch and residues can be held down 

by soil netting, so it is not blown or washed away. Other measures include strip 

cropping, which both provides vegetation for interception and root binding, as well 

as reduces runoff by acting as a barrier. Crop rotation is another measure as it 

provides a constant vegetation cover, this is especially useful when the vegetation is 

dense, such as that from a fallow field or grain crops like wheat (Kumarasinghe 2021; 

FAO 2017). 

 

Measures could also be aimed at reducing the runoff. Runoff both detaches and 

transports soil particles, and it can be reduced often by means of a barrier as this 

slows down the flow. A common practice is to use hedges or rubble walls. These 

structures act as barriers and slow down the flow while also increasing infiltration, 

with hedges also binding soil with roots. Another hard engineering method is 

terracing, which is a very effective mechanism which reduces slope length and angle. 

A softer approach is contour planting, where crops are grown across slope so that 

they serve as a barrier to the flow and cause it to break and slow down. This is a very 

useful technique as even the ploughing itself helps in erosion control, with up-and-

down slope ploughing often leading to rill formation in the plough lines. Another soft 

approach is the use of fibre rolls (wattles). These tube-shaped nets filled with grass 
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also help to reduce the flow’s velocity by acting as barriers to the runoff 

(Kumarasinghe 2021; FAO 2017).  

 

The AOI already has some erosion measures in place, but they can be increased. The 

presence of some erosion-control measures in the valley is the reason why the P-

factor for the whole valley was taken as 0.5 and not 1. Most of the valley is terraced, 

with most terraces being intact and maintained – this is especially true where the 

land is still under agricultural production. Another common practice in the valley is 

the building of rubble walls or of planting prickly pear (Opuntia ficus indica). In the 

AOI this serves as both an erosion-control practice but also as a boundary between 

plots. The often-small plots mean rubble walls and prickly pears planted along the 

perimeter are a very common sight and while their main function is often to serve as 

a boundary, both structures help in erosion control by reducing runoff velocities, 

improving infiltration, and in the case of the prickly pear, binding soil with its roots. 

 

While the above-mentioned practices are very good erosion control measures, other 

practices like contour planting, or even contour ploughing, are not well-practiced. 

The most used tillage method is the easiest one the farmer finds to implement, which 

unfortunately is often up-and-down slope. A good practice which is sometimes, but 

always done, is that under trees, the land is not always ploughed, and it is left 

untilled. This depends on the individual farmer and so it varies from field to field. 

Another practice which depends on the individual farmer and varies greatly is strip 

cropping. Strip cropping is quite rare, but it is sometimes evident in a few fields, 
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although this could be done for a different purpose. Other measures such as soil 

netting and fibre rolls are not used in the AOI.  

 

These soil erosion control measures are very important, and they greatly help to 

reduce soil erosion. They are especially needed in erosion hotspots and in areas more 

susceptible to erosion. This will be even more needed under a climate change 

scenario of more extreme weather. This is an expected scenario even though the 

climate change projections used in this study did not use climate extremes to project 

future soil loss predictions. To fully understand the effects extreme weather can have 

on soil erosion, Appendix 4 describes a short case study conducted in the AOI before 

and after a strong storm to see its effects on the valley and on soil erosion. 
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5.7. Study Limitations 

 
As with any research, this study has a number of limitations listed below: 

• The R-factor for past estimates is calculated from monthly precipitation data 

recorded at Luqa because no records in the valley are available for all the 

years required. This resulted in only one R-factor for the entire area – with 

data recorded not in the AOI itself. 

• Due to lack of data availability, the recommended nomograph by Wischmeier 

et al. (1971) could not be used and the equation from the EPIC model 

(Sharpley & Williams 1990) is used instead to calculate the K-factor. 

• Only 14 samples were taken throughout the valley due to land ownership 

reasons. 

• Interpreting the old orthophotos to determine the land use is difficult and 

prone to human error. 

• Only two tillage methods were considered as it was not possible to determine 

any other tillage methods from orthophotos. 

• Only one P-factor is considered for the entire valley throughout the entire 

study. This is because it is difficult to accurately determine and so it was taken 

from literature. 

• CMIP6 climate projections are only projections and thus have a number of 

uncertainties. They also smooth the data and do not reveal any extreme 

events. To try to lessen the biases of using one climate model, four were used 

and their average was used instead. 
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• NDVI is not a perfect replacement for the C-factor. Furthermore, in projecting 

future NDVI, both the spatial and non-spatial methods have their limitations. 

o The spatial method does not consider the effect the changing 

precipitation pattern will have on the vegetation and instead assumes 

a constant change in NDVI – with a rate of change determined from 

past NDVI applied directly to future NDVI. 

o The non-spatial method uses proxies to determine future NDVI. This 

is not completely accurate (with the relationship having an R2 of 0.86). 

Additionally, this method provides only one future NDVI value for the 

whole valley – an oversimplification of the NDVI – due to coarseness 

of the proxies. 

• The K-factor was kept constant between present and future soil loss 

predictions, despite a possibility of a change in the SOM content. This was 

done due to feasibility issues in predicting future SOM values. 

• ASTER GDEM and its LiDAR counterpart were compared on a 30 m basis as a 

downscaled ASTER GDEM produced artifacts in the DEM and so could not be 

used. 

• ASTER GDEM is from 2013 as that was the freely available data while the 

LiDAR counterpart and the other factors are from 2018 as that is the closest 

year that was being studied. 

• Most of the results presented in this study are maps from GIS and thus have 

not been tested for statistical significance and therefore generalizations 

cannot be made. 
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6. CONCLUSION 

 

This study had three overall aims relating to soil erosion in the San Blas and 

Binġemma valley throughout the years. The first aim was to determine if a 30 m DEM 

(such as ASTER GDEM) can be used to accurately estimate soil loss over a small 

watershed such as the AOI. A 30 m DEM was compared with an upscaled 1 m DEM 

and results showed that the soil loss estimates were very similar between the two. 

However, the upscaled DEMs led to higher soil loss estimates than the original 1 m 

LiDAR-derived DEM. Statistical tests showed that while ASTER GDEM led to slightly 

higher soil loss estimates, the two datasets were still highly correlated together and 

thus, ASTER GDEM can be used in case there is no finer data available – albeit it will 

still have the limitations of a coarser dataset, such as the slightly higher estimates 

produced by both DEMs when at 30 m spatial resolution. 

 

The second aim was to estimate the soil erosion in the valley between 1957 and 2021 

in approximately 10-year intervals. The mean soil loss rate was found to slightly 

fluctuate despite a slightly decreasing trend. The spatial pattern was seen to slightly 

shift throughout the years studied, but soil loss was usually higher on the landwards 

(southern) part of the valley. The spatial pattern itself seems to have been highly 

influenced by the C-factor and upon visual comparison of the C-factor and soil loss 

maps, it was visible that the two maps have a similar spatial pattern. This is a logical 

effect as vegetation is highly influential in soil loss, depending on density and plant 
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type, with the AOI having varying plant densities and species making the C-factor 

well-varied. 

 

The third aim was to predict future soil loss estimates over the AOI using future 

climate projections from climate models and a projected NDVI. Two methods for 

NDVI prediction were used, with the non-spatial method providing very low soil loss 

predictions for 2050, and the spatial method providing very low mean soil loss rates 

but maximum soil loss rates which are more similar to past estimates. Both methods 

show a decrease in soil erosion in the AOI for 2050 under both SSP scenarios studied. 

This is likely due to the lower rainfall projected by the climate models and the lack of 

predicted precipitation extremes. 

 

To properly understand why such spatial and temporal changes were occurring in the 

AOI, the RUSLE factors and their influence on the soil loss estimates were 

investigated through visual observation and comparison, and it was found that the 

R- and C-factor show great influence on the estimates. The R-factor rises and falls 

throughout the years studied and this trend is mirrored by the mean of the soil loss 

estimates – with a high mean estimated every time a high R-factor is calculated. The 

C-factor is seen to affect the estimates spatially – with the soil loss map mirroring the 

patterns of the C-factor map. These are two factors, rainfall erosivity and vegetation 

cover, that are often found to greatly influence the soil loss occurring in an area.  
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Table 6-1: Summary of Research Questions and their Answers. 

Research question Summary of answer 

Can coarse topographic data be used 

accurately for small valleys such as 

those found in the Maltese Islands, 

when finer data is unavailable? 

30 m ASTER GDEM had a very good 

positive correlation with an upscaled 

LiDAR DEM and only slightly 

overestimated the soil loss estimates. 

Therefore, H1 is accepted, and ASTER 

GDEM can be used when finer data is 

unavailable, although it is important to 

keep in mind the limitations of coarser 

data. 

Has there been a substantial difference 

in the estimated annual total soil lost 

as well as its distribution during the 

period of analysis? 

Estimated mean total soil loss has slight 

fluctuations, but there is a trend of a 

slight decrease in mean soil erosion in 

the AOI. Spatially, hotspots of high soil 

loss seem to shift slightly but are mainly 

concentrated on the landwards side of 

the valley. 

Will there be a substantial change 

between estimated current soil erosion 

and predicted future soil erosion under 

climate change projections? 

Future mean soil loss predictions for 

2050 are set to decrease substantially 

under both scenarios (SSP 2-4.5 and SSP 

5-8.5) with both methods used if not 

considering extreme rainfall events. 



208 
 

 

 

 

Potential for Future work: 

Validate the soil loss estimates obtained from the RUSLE equation using different soil 

erosion models (Appendix 5).As with any study, this work leads to further studies 

related to the topic. Some potential areas for future work include investigating soil 

loss in the AOI prior to 1957 to further understand soil loss dynamics occurring in the 

valley, thereby improving its management. Another important area for future study 

is validation. Validation of the soil loss estimates could be done with in-situ 

measurements, as well as by using different models other than the RUSLE equation 

(Appendix 5). Soil loss measurements and estimates could also be determined for 

other valley systems in Gozo for comparison with the estimates obtained for the San 

Blas and Binġemma Valley. Another area for future work is regarding statistics. 

Statistical tests could be used to determine the significance of the observed changes. 

Finally, regarding future soil loss predictions, future studies could model the 

predictions using different SSP scenarios, timeframes, and potentially also using 

different models. 
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APPENDIX 1. SCRIPTS 

 

A1.1. Python Code Used for Automatic Filling of Attribute Tables in ArcGIS:  

Updating the crop factor for the C-factor for 2021: 

import arcpy 

 

# Set the workspace 

arcpy.env.workspace = 

r"C:\Users\alsat\OneDrive\Desktop\GIS_Thesis" 

 

# Set the feature class and the fields to update 

fc = "C_fac21" 

field_to_update = "Crop_fac" 

field_to_check = "Class" 

 

# Start an edit session 

edit = arcpy.da.Editor(arcpy.env.workspace) 

edit.startEditing(False, True) 

 

# Start an edit operation 

edit.startOperation() 

 

# Use an update cursor to update the field 

with arcpy.da.UpdateCursor(fc, [field_to_update, 

field_to_check]) as cursor: 

    for row in cursor: 

        if row[1] == "Abandoned": 

            row[0] = 0.5 

        elif row[1] == "Seasonal crops": 

            row[0] = 0 

        elif row[1] == "Fruit trees": 

            row[0] = 1 

        elif row[1] == "Citrus": 

            row[0] = 1 
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        elif row[1] == "Young trees": 

            row[0] = 0.5 

        elif row[1] == "Trees": 

            row[0] = 1 

        elif row[1] == "Tree": 

            row[0] = 1 

        elif row[1] == "Reeds": 

            row[0] = 1 

        elif row[1] == "Grain": 

            row[0] = 0.5 

        elif row[1] == "Abandoned with trees": 

            row[0] = 1 

        elif row[1] == "Vines": 

            row[0] = 0.5 

        elif row[1] == "Bare soil": 

            row[0] = 0 

        elif row[1] == "Fallow": 

            row[0] = 0.5 

        elif row[1] == "Olives": 

            row[0] = 1 

        elif row[1] == "Disturbed": 

            row[0] = 0 

        else: 

            row[0] = 0 # Use numeric zero instead of "0" 

         

        # Update the row 

        cursor.updateRow(row) 

 

# Stop the edit operation 

edit.stopOperation() 

 

# Stop the edit session and save the changes 

edit.stopEditing(True) 
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A1.2. Earth Engine (JavaScript) Code to Download Landsat Imagery: 

Landsat 8 2021 red and NIR bands: 

 

var aoi = ee.Geometry.Rectangle([14, 35.7, 14.5, 36.3]); 

 

var dataset = 

ee.ImageCollection('LANDSAT/LC08/C02/T1_L2') 

    .filterDate('2021-03-29', '2021-03-30') 

    .filterBounds(aoi); 

 

// Applies scaling factors. 

function applyScaleFactors(image) { 

  var opticalBands = 

image.select('SR_B.').multiply(0.0000275).add(-0.2); 

  var thermalBands = 

image.select('ST_B.*').multiply(0.00341802).add(149.0); 

  return image.addBands(opticalBands, null, true) 

              .addBands(thermalBands, null, true); 

} 

 

var scaledDataset = dataset.map(applyScaleFactors); 

 

// Select Red and NIR bands for visualization and export 

var RedNIRBands = scaledDataset.select(['SR_B4', 

'SR_B5']); 

 

Map.setCentre(14, 36, 8); 

Map.addLayer(RedNIRBands, {bands: ['SR_B4', 'SR_B5'], 

min: 0, max: 0.3}, 'Red and NIR'); 

print('Number of images:', scaledDataset.size()); 

 

// Select the image as one image from the collection 

var OneImage = RedNIRBands.first(); 
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// Export the image 

Export.image.toDrive({ 

  image: OneImage, 

  description: 'Landsat8_21_Red_NIR', 

  scale: 30, 

  region: aoi, 

  fileFormat: 'GeoTIFF', 

  folder: 'EarthEngineImages' 

}); 

 

print('Export started. Monitor the tasks in the Google 

Earth Engine Code Editor under the Tasks tab.'); 
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APPENDIX 2. EXTRA INPUT MAPS FOR THE RUSLE 

 

A2.1. R-Factor (2021): 

Figure A2-1: R-Factor for 2021 
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A2.2. K-Factor: 

 

Figure A2-2: K-Factor for 2021 
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A2.3. DEM at 1 m Spatial Resolution: 

 

Figure A2-3: DEM for 2018 
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A2.4. LS-factor at 1 m Spatial Resolution: 

 

Figure A2-4: LS-Factor for 2018 
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A2.5. P-Factor: 

 

Figure A2-5: P-Factor for 2021 
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A2.6. R-Factor for 2050 under SSP 2-4.5: 

 

Figure A2-6: R-Factor for 2050 under SSP 2-4.5 
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A2.7. R-Factor for 2050 under SSP 5-8.5: 

 

Figure A2-7: R-Factor for 2050 under SSP 5-8.5 
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A2.8. C-Factor for 2050 from the Spatial Method: 

 

Figure A2-8: C-Factor for 2050 from NDVI 
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A2.9. DEM from ASTER GDEM at 30 m Spatial Resolution: 

Figure A2-9: ASTER GDEM at 30 m Resolution 

 



264 
 

A2.10. LS-factor for 2018 at 30 m Spatial Resolution from Upscaled LiDAR vs ASTER GDEM: 

 

 

 

 

 

 

 

 

 

 

 

 

Figure A2-10: LS-Factor at 30 m Resolution Obtained from (a) LiDAR, and (b) ASTER GDEM 

a. b. 
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APPENDIX 3. EXTRA STATISTICS 

 

A3.1. List of Hypotheses for the Statistical Tests: 

 

Test Hypotheses 

Global Moran’s I 

H0: The spatial distribution of the data is random. 

H1: The spatial distribution of the data is not 

random. 

Normality tests 

(Kolmogorov-Smirnov and 

Shapiro-Wilk) 

H0: The data is normally distributed. 

H1: The data is not normally distributed. 

Wilcoxon signed-ranks test 

H0: there is no significant difference in the soil loss 

estimates derived from a LiDAR DEM and ASTER 

GDEM. 

H1: there is a significant difference in the soil loss 

estimates derived from a LiDAR DEM and ASTER 

GDEM. 

Spearman’s rank 

correlation coefficient 

H0: there is no relationship between LiDAR-derived 

and ASTER-derived soil loss estimates. 

H1: there is a significant relationship between 

LiDAR-derived and ASTER-derived soil loss 

estimates. 

Multiple regression 

H0: there is no relationship between the historic 

NDVI proxies, air temperature and specific 

humidity, and historic NDVI. 

H1: there is a relationship between the historic NDVI 

proxies, air temperature and specific humidity, and 

historic NDVI. 
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A3.2. Histograms for the Soil Loss Estimates: 

 
The histograms in this section all show the distribution of the data. A normality plot 

is drawn on them to further show the skewness of the data towards 0. The 

histograms also show the standard deviation in red and the mean in blue of their 

respective datasets. Histograms for the other datasets were also plotted but were 

found to have a very similar distribution to the ones present here and thus were not 

included. 
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 Figure A3-1: Histogram of Soil Loss Estimates for (a) 1957 (b) 2021 
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 Figure A3-2: Histogram of Soil Loss Estimates for 2050 under (a) SSP 2-4.5 (b) SSP 5-8.5 
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Figure A3-3: Histogram of Soil Loss Estimates at 30 m Spatial Resolution Obtained from (a) LiDAR (b) ASTER GDEM 
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APPENDIX 4. CASE STUDY OF A STORM EVENT 

 

A4.1. Background: 

In the duration of this study, a storm was forecasted to pass over the Maltese Islands 

and in order to see some visible signs and effects of soil erosion and storm damage, 

a fieldwork in the AOI was conducted to provide photographic evidence of visible soil 

erosion signs. The storm occurred between the 8th and 10th of February 2023, with 

most of the rainfall occurring on Thursday 9th February 2023, the second day of the 

storm. Rainfall over the three days was obtained from the Met Office’s Xagħra 

station, which is relatively near to the AOI. The rainfall totals are in table A4-1. 

Table A4-1: Rainfall Totals in mm per Day of the Storm. 

Date Rainfall in mm 

08/02/2023 13.8 

09/02/2023 100.2 

10/02/2023 3.2 

 

 

A4.2. Photographic Evidence: 

Before the storm photos were taken on the 6th of February 2023 and after the storm 

photos were taken on the 11th of February. 
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Figure A4.1 displays the state of the small dams on the side of the valley floor before (a) and (b), and after (c). The dams are muddy and have 

only slight water amounts before the storm, however, they are completely full after. The dark line in the dams (a) and (b) shows the level the 

water often reaches. In fact, this line is under the water level after the storm (c). This shows the sheer amount of rainwater that fell during the 

storm as this level of water in the dams was achieved after one storm, despite all the runoff that already flowed away. 

Figure A4-1: Small Dams on the Side of the Valley (a) Muddy and Empty before the Storm (b) Muddy and Partially Empty before the Storm, and 
(c) Full of Water after the Storm. 

a b

 
c 
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Sand particles are heavier and bigger than other soil particles and are thus more resistant to transport, making them be deposited first – instead 

of continuing to be washed away with the flow. 

Figure A4-2: Sand Deposits (a) on the Side of the Valley Floor, (b) in a Field, (c) in a Rill. 

a b 

c 
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Figure A4-3 shows photographic evidence of soil erosion happening in the AOI, in the form of rill formation. 

Figure A4-3: Examples of Some of the Rills Found in the AOI. (a) Still has Water Ponding in the Rill, (c) Has Plant Roots Visible 

a b 

c 
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Figure A4-4: Another Effect of the Storm: Broken 
Rubble Walls 

Figure A4-5: Ponding and Waterlogging of Soils 
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APPENDIX 5. THE MODIFIED MORGAN-MORGAN-FINNEY 

MODEL (MMMF) 

 

A5.1. Background: 

This study initially had a fourth aim which was to use a different model to estimate 

soil loss in the AOI. The model chosen was the Modified Morgan-Morgan-Finney 

model (MMMF). The results of this model were to be compared with those of RUSLE 

as each model has its own strengths and weaknesses, which can make the use of a 

specific model better under certain circumstances. It also improves or reduces the 

models' credibility, depending on the estimates' similarity. Given the MMMF model’s 

ability to estimate soil loss over a duration shorter than a year, this creates new 

possibilities in using it to estimate soil loss during a single storm event. This is in 

comparison with the RUSLE equation which is solely an annual model. This model, 

with its corresponding aim, are not included in the final presentation of the study 

due to computational and mathematical issues which occurred during processing. 

Resolving these issues required the use of methods which were out of scope of this 

study. 

 

A5.2. Model Description: 

The Modified Morgan-Morgan-Finney model (MMMF) is based on the earlier 

Morgan-Morgan-Finney model (MMF) by Morgan et al. (1984). Many different 

variations were done to improve the original MMF model, these include the MMMF 

by Morgan and Duzant (2008) as well as the revised Morgan-Morgan-Finney model 
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(rMMF) by Morgan (2001), and the Daily based Morgan-Morgan-Finney model 

(DMMF) by Choi et al. (2017). The GIS software SAGA GIS also has a module within 

the software for calculating the MMMF within a GIS environment. This module is 

called MMF-SAGA and while it is the MMMF by Morgan and Duzant (2008), it has a 

few changes from their original work (Wichmann & Setiawan 2012). These changes 

include: 

• Adding a parameter for rainfall duration 

• Adding a channel network layer 

• Exposure to the parameter regarding flow depth 

• Supporting spatially distributed modelling 

 
The MMMF model is a physically-based empirical model making it relatively simple 

and requiring fewer input parameters than physically-based models, but is still more 

physically-based than the USLE family of models. The MMMF model requires a 

number of inputs to work, which can be classified into the following 4 major 

categories (Morgan & Duzant 2008). 

 

Climate 

Climate is a very important aspect to soil erosion. Soil erosion models usually 

consider an aspect of the climate to help estimate soil losses. The MMMF is no 

exception, it uses a number of climate related parameters to include the weather 

and climate aspect in the estimations (Morgan and Duzant 2008). These include: 
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• Mean annual rainfall in mm, R  

• Mean annual temperature in °C, T  

• Mean annual number of rain days, Rn 

• Typical intensity of erosive rain in mm/h, I  

For rainfall intensity, Morgan and Duzant (2008) suggest using a value depending on 

the climatic regime in which the soil loss is being estimated. They suggest: 

• Temperate climates: 10 

• Tropical climates: 25  

• Strongly seasonal climates such as Mediterranean or monsoon: 30 

 
The MMF-SAGA module includes additional input parameters, along with the 

aforementioned MMMF inputs. It also requires: 

• A timespan in days, which is the duration you want the estimates to cover. 

The duration can have a minimum of 1 day and a maximum of 365 days. 

• Relationship between kinetic energy and rainfall intensity. SAGA GIS provides 

a list of choices for this option which are as follows: 

o North America east of Rocky Mountains 

o North-western Europe 

o Mediterranean-type climates 

o Western Mediterranean 

o Tropical climates 

o Eastern Asia 

o Southern hemisphere climates 
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o Bogor, West-Java, Indonesia 

Furthermore, all climate parameters are optional in SAGA GIS. However, when an 

optional parameter is left empty, SAGA GIS takes a default number and uses it for 

estimates, which may result in inaccuracies (Wichmann & Setiawan 2012). 

 

Soil 

Another important aspect to soil erosion is the soil itself and its characteristics. The 

MMMF includes the following soil characteristics in its estimations: 

• Percentage clay, %c 

• Percentage silt, %z 

• Percentage sand, %s 

• Percentage rock fragments on the soil surface, ST 

• Soil moisture at field capacity in % w/w, MS 

• Bulk density of the topsoil layer in Mg/m3, BD  

• Effective hydrological depth of the soil in m, EHD 

• Roughness of the soil surface in cm/m, RFR 

(Morgan and Duzant 2008). 

 
In addition to the above, MMF-SAGA also requires the saturated lateral permeability, 

LP of the soil in m/day. Another difference is that the surface roughness in MMF-

SAGA is optional and if left blank, it is taken as 1 and thus the surface roughness of 

the soil is not considered (Wichmann & Setiawan 2012). 
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Slope 

Topography is also of importance to soil erosion and so the MMMF also considers 

slope to determine soil loss estimations. There are three parameters: 

• Slope steepness in °, S 

• Slope length in m, L 

• Slope width in m, W 

(Morgan and Duzant 2008). 

 
Since SAGA is a GIS software, the inputs to the MMF-SAGA are slightly different, 

albeit they serve the same purpose. They are: 

• Digital Terrain Model in m, DTM 

• Slope in radians, S 

(Wichmann & Setiawan 2012). 

 

Crop cover 

The last major aspect which the MMMF model considers is the effect of vegetation 

and crop cover.  

• Permanent interception expressed as a proportion between 0-1, PI  

• Canopy cover expressed as a proportion between 0-1, CC 

• Ground cover expressed as a proportion between 0-1, GC 

• Ratio of actual to potential evapotranspiration, Et/E0 
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• Plant height in m, PH 

• Average diameter in m of the individual plant elements at the ground surface, 

D 

• Number of plant elements per unit area in number/m2 at the ground surface, 

NV 

(Morgan and Duzant 2008). 

 

A5.3. Methodology and Issue Experienced: 

The Modified Morgan-Morgan-Finney model is calculated in SAGA GIS via the MMF-

SAGA Soil Erosion Model module by V. Wichmann and M. Setiawan (2012). The 

module takes a number of grids as inputs and provides multiple grids as outputs. The 

outputs include soil loss, among other grids. The inputs can be classified into several 

categories and are described in more detail below. 

 

Climate 

Regarding climate, the MMMF model requires the following variables: 

• Mean temperature in °C 

• Amount of precipitation in mm 

• Rainfall intensity in mm/hr 

• Number of rain days 

• Relationship between kinetic energy and rainfall intensity 
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The data for mean temperature, amount of precipitation, and number of rain days 

was obtained from the Malta International Airport (MIA) Meteorological Office and 

inputted into SAGA GIS. Rainfall intensity was set to 30 in SAGA GIS as suggested by 

Morgan and Duzant (2008) for strongly seasonal climates such as the Mediterranean 

climate. Relationship between kinetic energy and rainfall intensity was set to 2 for 

Mediterranean-type climates (Zanchi & Torri 1980). 

 

Soil 

Fieldwork 

Site Selection 

Sampling sites were chosen as in Muscat (2022). This meant that 14 sites were 

selected in all, from varying areas of the San Blas and Binġemma Valley. The same 

sites were used for all the sampling procedures. 

 

Soil Moisture at Field Capacity 

Soil was sampled by digging a V-shaped hole in the soil and taking a wedge from the 

side of the hole. This process was repeated 4 times in each field. These 4 samples 

were placed in a clean bucket and mixed together. The soil sample was then passed 

through a 2 mm sieve. The portion which passed through the sieve, i.e. was smaller 

than 2 mm, was placed into a plastic bag and transferred to the lab for further testing. 
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Bulk Density 

A soil corer of known measurements (5 x 4.8) was used to take 4 soil cores from each 

site. The soil corer was pushed into the soil until it was full. A hole was then dug next 

to it and a flat piece of metal was pushed underneath it so that the soil core may be 

removed from the soil. Each soil core was deposited into a separate bag and taken 

to the lab for further analysis.  

 

Lab Work 

Lab analysis involved determining the soil moisture at field capacity and bulk density 

of the samples taken during the fieldwork. The soil moisture at field capacity was 

calculated by first reaching field capacity and then using the gravimetric method – an 

old method with first reported uses by Whitney in 1894 (Johnson 1962) – to ascertain 

the amount of soil moisture in the sample. The soil bulk density was determined 

using the core method, also known as the volumetric cylinder method. This method 

is based on the ISO (2017)’s procedure.  

 

Soil Moisture at Field Capacity 

Approximately 20 g of disturbed soil were placed in a cylinder with a mesh bottom 

of diameter 4.8 cm. This cylinder was placed in a container which was filled with 

distilled water to a level which was higher than that of the soil in the cylinder. Triples 

of each soil sample were made. The soil in the cylinder was left to saturate for 24 

hours. The cylinder was then removed from the water-filled container and placed on 
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a drying rack for another 24 hours. This allowed the soil to reach field capacity. The 

gravimetric method was then used to determine the soil moisture content. The soil 

at field capacity was weighed and oven-dried at 105°C for 24 hours. When it was 

completely dry, it was weighed again.  

 

The equation to determine the soil moisture percentage (% w/w) was as follows: 

𝑆𝑀% =  
𝑀 −  𝑀𝑑

𝑀𝑑
∗ 100 

Where, 

• SM% = soil moisture percentage 

• M = mass of moist soil 

• Md = of oven-dried soil 

 

Bulk Density 

The soil cores were deposited into separate containers and oven-dried at 105°C for 

24 hours. Once fully dry, they were weighed, and the measurements noted down. 

 

The volume of the soil corer was determined using the equation: 

𝑉 =  𝜋 ∗  𝑟2 ∗ ℎ 

 

The bulk density was then determined using the following equation: 

𝜌𝑏 =
𝑀𝑑

𝑉
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Where, 

• ρb = bulk density 

• Md = mass of dry soil 

• V = volume of soil 

 

Percentage Rock Fragments 

The soil sampling process mentioned in section 3.4.2.1.2 has two products: the finer 

portion which is made up of soil particles smaller than 2 mm, and the rockier portion 

consisting of material larger than 2 mm. This rockier portion is the part which 

remained in the sieve during the sieving process. To determine the percentage of 

rock fragments, the soil sample was weighed before sieving. The material larger than 

2 mm was weighed again after the sieving process. The weight of the larger material 

was divided by the total weight of the soil sample and the answer was multiplied by 

100 to become a percentage. 

 

GIS Work 

The data values for the saturated lateral permeability were determined according to 

Morgan and Duzant (2008) depending on the soil type present in each soil sampling 

location. The GIS work for saturated lateral permeability was the same as that for soil 

moisture at field capacity, bulk density, percentage sand, percentage silt, percentage 

clay, and percentage rock fragments. The data for each factor was inputted into an 

attribute table of a vector layer marking the location of the sampling site. Each factor 



285 
 

was then interpolated using kriging in SAGA GIS. This results in an interpolated raster 

grid for each function. Each grid was then clipped with the clip grids tool in SAGA GIS 

to match the extent of the AOI. 

 

Topography 

The MMF needed a DTM of the area and the slope in radians. The DTM was obtained 

via lidar imagery with a spatial resolution of 1m (Planning Authority 2018). The slope 

was calculated in radians using the slope, aspect and curvature tool in SAGA GIS from 

the DTM.  

 

Land Use 

Canopy Cover 

The canopy cover layer refers to how much of the plot is covered by a canopy and it 

includes giving a value between 0-1 for each field. This represents the amount of 

canopy cover percentage present in the field, with 1 being 100% coverage and 0 

being 0% coverage. This was determined using GIS software and an orthophoto of 

the area of interest. Supervised classification was used in SAGA GIS to divide the 

orthophoto into canopy cover, ground cover, and other. In QGIS, the raster calculator 

was used to create a mask layer which considered all the pixels under the division of 

canopy as 1 and everything as 0. The vector layer with polygons marking each field 

was used for zonal statistics to find the sum and count of the mask layer per polygon. 

The output was a new vector layer with sum and count columns in the attribute table. 
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A new field was added in this table and using the field calculator, sum was divided by 

count for each polygon to get the canopy values.  

 

Ground Cover 

The ground cover layer refers to how much of the ground in each field is covered by 

vegetation, with values ranging between 0-1 for each field. This represents the 

amount of ground cover percentage, with 1 referring to 100% coverage and 0 to 0% 

coverage. GIS software and an orthophoto of the area of interest were used to 

determine an estimate. The raster calculator was used to create a new mask layer 

from the classified orthophoto. This time the mask layer considered the ground cover 

as 1 and everything else as 0. The mask layer and the vector polygon layer were used 

to perform zonal statistics and calculate the sum and count of each polygon. The sum 

adds up all the cells with a value of 1 and the count counts all the cells regardless of 

their value. The field calculator was then used to divide the sum by the count to 

achieve the number of cells with a ground cover classification. This layer and the 

canopy cover layers are considered as estimates because the supervised 

classification process is not 100% accurate. 

 

Permanent Interception 

Permanent interception (PI) refers to the amount of rainwater which is intercepted 

by plants and not allowed to reach the ground during a rainfall event (Morgan & 

Duzant 2008). Each plot is given a value between 0-1 depending on the amount of 

rainwater they intercept. This value was decided on depending on the vegetation 
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growing in the field. ArcGIS was used to fill in the attribute table of a vector file 

containing polygons outlining each field. The crop cover type listed in this study was 

matched with a similar land cover type listed in the study by Morgan and Duzant 

(2008) and permanent interception values were taken from this study accordingly as 

listed in table A5-1. 

Table A5-1: Crop Cover and Permanent Interception Value (Adapted from Morgan 

& Duzant 2008). 

Crop cover Crop cover as in Morgan 

and Duzant (2008) 

Permanent interception 

value 

Bare soil Bare soil (no crust) 0 

Seasonal crops An average of forage 

crops, carrots, cabbage, 

peas, onions, and 

potatoes 

0.17 

Fallow Moorland (mainly grass) 0.3 

Grain Winter cereals 0.4 

Vines Vineyards (with grass) 0.25 

Fruit trees/Citrus/Young 

trees/Reeds/Other trees 

Orchards 0.25 

Abandoned Moorland (mainly grass) 0.3 

Abandoned with trees Woodland (broadleaved) 0.2 
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Effective Hydrological Depth 

The MMMF also requires the effective hydrological depth (EHD) which is expressed 

in metres (m). As was the case with the permanent interception, the effective 

hydrological depth was determined according to the vegetation growing in the field. 

ArcGIS was similarly used to input the EHD value into the attribute table of the vector 

file outlining each field as a polygon. The same study by Morgan and Duzant (2008) 

was used as reference values and so the crop cover classifications between this study 

and their study are the same as outlined in the permanent interception section 

above. The following table A5-2 lists the EHD value according to each crop cover 

classification used in this study. 

Table A5-2: Crop Cover Classification and Effective Hydrological Depth Value 

(Adapted from Morgan & Duzant 2008). 

Crop cover classification Effective hydrological depth value 

Bare soil 0.1 

Seasonal crops 0.13 

Fallow 0.13 

Grain 0.13 

Vines 0.13 

Fruit trees/Citrus/Young 

trees/Reeds/Other trees 

0.16 

Abandoned 0.13 

Abandoned with trees 0.21 
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Ratio Evapotranspiration 

Ratio evapotranspiration, Et/E0 is the ratio of actual to potential evapotranspiration. 

Actual evapotranspiration is the amount of water which through evaporation and 

transpiration has been removed. On the other hand potential evapotranspiration is 

the amount of water which the atmosphere is capable of taking when there are no 

restrictions on water supply. This ratio between actual and potential 

evapotranspiration ranges between 0 and 1 (Morgan & Duzant 2008). This study used 

the reference values by Morgan and Duzant (2008) to classify ratio 

evapotranspiration according to crop type as per table A5-3. ArcGIS was also used to 

input the Et/E0 values into the attribute table of the polygon vector layer. 

Table A5-3: Crop Cover Classification and Ratio Evapotranspiration Values (Adapted 

from Morgan & Duzant 2008). 

Crop cover classification Ratio evapotranspiration value 

Bare soil 0.05 

Seasonal crops 0.66 

Fallow 0.90 

Grain 0.60 

Vines 0.30 

Fruit trees/Citrus/Young 

trees/Reeds/Other trees 

0.70 

Abandoned 0.90 

Abandoned with trees 0.95 
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Plant Height 

Plant height is the height of the crop in meters, and it is used to consider the height 

which raindrops fall from the crop onto the soil underneath. The different plant 

classes were measured several times in the field using a tape measure, and then an 

average height was taken for each class. The classifications and their respective plant 

height values can be seen in the following table. ArcGIS was also used to input the 

height values into the attribute table of the polygon vector file outlining each field. 

Tabe A5-4: Crop Cover Classification and Plant Height Values (Adapted from 

Morgan & Duzant 2008). 

Crop cover classification Plant height value 

Bare soil 0.0 

Seasonal crops 0.4 

Fallow 1.2 

Grain 0.9 

Vines 0.8 

Fruit trees/Citrus/Young trees/Reeds 2.5 

Other trees 4 

Abandoned 1.2 

Abandoned with trees 3 
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Plant Diameter 

Plant diameter is the average diameter of the crop in meters at the plant surface, and 

it can include plant stems and tree trunks. The different plant classes were measured 

several times in the field using a tape measure, and then an average diameter was 

taken for each class. The classifications and their respective plant diameter values 

can be seen in the following table. ArcGIS was also used to input the plant diameter 

values into the attribute table of the polygon vector file outlining each field. 

Table A5-5: Crop Cover Classification and Plant Diameter Values (Adapted from 

Morgan & Duzant 2008). 

Crop cover classification Plant diameter value 

Bare soil 0.0 

Seasonal crops 0.014 

Fallow 0.006 

Grain 0.006 

Vines 0.05 

Fruit trees/Young trees 0.07 

Citrus 0.15 

Reeds 0.04 

Other trees 0.164 

Abandoned 0.006 

Abandoned with trees 0.2 
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Number of Plant Elements 

Number of plant elements is the number of the crops per unit area. Several sample 

areas of 1 meter squared of each crop were used to count the number of crops 

growing in it. An average amount was taken and used for each crop classification. 

The classifications and their respective number of plant elements values can be seen 

in the following table. ArcGIS was also used to input the number of plant elements 

values into the attribute table of the polygon vector file outlining each field. 

Table A5-6: Crop Cover Classification and Number of Plant Elements Values. 

Crop cover classification Number of plant elements value 

Bare soil 0.0 

Seasonal crops 11.25 

Fallow 100 

Grain 400 

Vines 0.44 

Fruit trees 0.16 

Citrus/Young trees 0.11 

Reeds 100 

Other trees 0.2 

Abandoned 100 

Abandoned with trees 100 
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MMMF Model 

Each vector layer was exported as a shapefile from ArcGIS and imported into SAGA 

GIS. They were then rasterized and clipped to the extent of the AOI using the ‘shapes 

to grid’ and the ‘clip grids’ tools respectively. The MMF-SAGA Soil Erosion Model 

(Wichmann & Setiawan 2012) was then used to calculate the soil loss in kg using the 

MMMF model. When this tool in SAGA GIS was run, an issue was encountered as the 

resulting maps had a minimum and maximum of infinity, indicating that there was a 

division by 0 somewhere in the calculation. To find a solution to this problem, it was 

attempted to work the model step-by-step to determine where in the process the 

issue is occurring. However, working the model manually required a level of coding 

expertise which is out of scope for this study. 
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APPENDIX 6. PARTICLE-SIZE DISTRIBUTION AND SOIL 

ORGANIC MATTER CONTENT 

 

A6.1. Particle-Size Distribution: 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure A6-1: Soil textural classes and percentage of sand, silt, and clay per soil 

sample. 

 

Sample % Sand % Silt % Clay Soil Textural Class

1A 57 35 8 Sandy loam

1B 61 30 9 Sandy loam

2A 53 28 19 Sandy loam

2B 54 30 16 Sandy loam

3A 43 21 36 Clay loam

3B 45 18 37 Clay loam

4A 48 33 19 Loam

4B 54 28 18 Sandy loam

5A 41 36 23 Loam

5B 43 34 23 Loam

6A 24 26 50 Clay  

6B 24 28 48 Clay

7A 65 16 19 Sandy loam

7B 60 23 17 Sandy loam

8A 48 36 16 Loam

8B 50 34 16 Loam

9A 66 21 13 Sandy loam

9B 67 22 11 Sandy loam

10A 73 16 11 Sandy loam

10B 73 16 11 Sandy loam

11A 37 29 34 Clay loam

11B 36 31 33 Clay loam

12A 33 27 40 Clay

12B 31 29 40 Clay

13A 65 19 16 Sandy loam

13B 68 16 16 Sandy loam

14A 61 16 23 Sandy clay loam

14B 65 14 21 Sandy clay loam
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A6.2. Soil Organic Matter Content (SOM): 

 

 

 

 

Figure A6-2: Titration readings and percentage organic matter per soil sample. 

 

Soil sample Soil mass Start End Difference % Organic Matter Average % Organic Matter

A 1.17 0 10.8 10.8 2.788

B 1.1 10.8 23.3 12.5 2.405

C 1.04 23.3 34.9 11.6 2.857

D 1.06 0 6.8 6.8 4.726

E 1.2 6.8 12.6 5.8 4.496

F 0.94 12.6 20.2 7.6 5.001

A 1.03 0 12.9 12.9 2.506

B 1.13 12.9 / / /

C 1.03 24.9 38.2 13.3 2.360

D 1.17 0 2.6 2.6 5.577

E 0.99 2.6 7 4.4 5.901

F 1 7 12 5 5.614

A 1.08 12 24.7 12.7 2.434

B 1.01 24.7 38 13.3 2.383

C 1.03 0 13.7 13.7 2.192

D 1.14 13.7 29 15.3 1.525

E 1.01 29 45 16 1.454

F 1.12 0 15.6 15.6 1.449

A 1.06 0 9.2 9.2 4.408

B 1.04 9.2 19.1 9.9 4.254

C 0.98 19.1 29.4 10.3 4.370

D 1.09 29.4 39.2 9.8 3.726

E 1.1 0 9.8 9.8 3.692

F 1.01 9.8 20.8 11 3.638

A 1.08 0 17.4 17.4 1.474

B 1.11 17.4 33.7 16.3 1.749

C 0.98 0 18 18 1.429

D 1.33 18 34.9 16.9 1.316

E 1.25 0 16.7 16.7 1.451

F 1.35 16.7 32.3 15.6 1.603

A 1.04 0 8.5 8.5 4.449

B 1.15 8.5 16.8 8.3 4.081

C 1.02 16.8 27.9 11.1 3.687

D 1.05 0 12.2 12.2 3.229

E 1.01 12.2 25 12.8 3.160

F 1.02 25 38.9 13.9 2.770

A 1.3 22.5 35.7 13.2 2.298

B 1.04 0 14.8 14.8 2.378

C 1.2 14.8 28.6 13.8 2.329

D 1.11 28.6 40.8 12.2 3.002

E 1.16 0 11.9 11.9 2.957

F 1.27 11.9 23 11.1 2.904
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