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Gully erosion – a desertification risk indicator 

1.1 Land degradation 
Man has adapted his environment to meet his demands. Growing world 
population and its ever increasing demands has led to the degradation of 
natural resources. Land degradation refers to any reduction or loss in the 
biological or economic productive capacity of the land (UNCCD, 1994) caused 
by human activities, exacerbated by natural processes, and often magnified 
by the impacts of climate change and biodiversity loss. Global assessments 
indicate that the percentage of total land area that is highly degraded has 
increased from 15% in 1991 to 25% by 2011 (UNCCD, 2013). Land 
degradation manifests itself in many different forms across the vast region of 
the earth. Drought, encroaching sand dunes, steeply eroded mountain 
slopes, deforested and overgrazed highlands, declining soil fertility and 
salinization of arable lands are some of the major forms of land degradation. 
UNCCD further characterizes the degradation of dry lands (arid, semi-arid 
and dry sub-humid areas) as desertification. The dry lands which occupy 
41.3% of Earth’s land area (includes deserts which are natural dry lands), 
house more than 2.1 billion people (UNDP, 2011). It has been estimated that 
about 12 million hectares of productive land become barren every year due 
to desertification, affecting the billion poorest and the most marginalized 
people living in the most vulnerable areas (UNCCD, 2014).  
 
Soil erosion is recognized as one of the major cause of land degradation 
worldwide (Valentin et al., 2005). It is a natural process that detaches and 
transports soil through the action of erosive agents such as water, wind, air 
and gravity. The formation of new soil and erosion is balanced in nature. But 
the human induced anthropogenic perturbations have accelerated the process 
of erosion. An estimated 24 billion tons of fertile soil are lost to erosion in the 
world‘s croplands (FAO, 2011), decimating the productive arable lands and 
further increasing food insecurity. Land degradation is also a driver of forced 
migration of people in rural areas who are dependent on the scarce 
productive land resources. Soil erosion by water is considered as one of the 
most important land degradation problem at a global scale (Eswaran et al., 
2001). Soil erosion by water mainly comprises:  
(i) Splash erosion- the detachment of soil particle due to the impact of 

falling rain drop and its displacement. 
(ii) Sheet erosion- removal of a thin layer of soil due to the surface 

runoff. 
(iii) Rill erosion- removal of large amounts of soil particles due to the 

concentration of surface runoff. 
(iv) Gully erosion- removal of large amount of soil particles by the 

accumulated surface runoff that is deeply incised and wider than rills, 
often combined with shallow mass movement on gully sides. 
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Erosion, in particular gully erosion, is an important sign of land degradation, 
forming an important source of sediment in a range of environments (Poesen 
et al., 2003). The problems associate with gully erosion ranges from loss of 
soil fertility to rendering soil slopes unfit for agriculture (onsite) and siltation 
off site, where dams/reservoirs  are affected with the sediments from runoff 
there by reducing the storage capacity of the  infrastructure and also 
reducing the water quality (Valentin et al., 2005). Gullies are considered one 
of the indicators of desertification (UNEP, 1994), and are a serious threat in 
arid and semi-arid regions (Lal, 1993; Salleh and Mousazadeh, 2011).  

1.2 Gully erosion: principle, types and 
characteristics 

Gully erosion is defined as the erosion process whereby the accumulated 
surface runoff recurs in narrow channels and, over short periods, removes 
the soil from this narrow area to considerable depths (Poesen et al., 2002). 
Gullies, with respect to the agricultural land, are often characterized by 
channels that are too deep to easily ameliorate with farm tillage equipment, 
typically ranging from 0.5m to as deep as 25 to 30m. The small channels that 
are eroded by concentrated overland flow and that can easily  be filled by 
normal tillage, only to reform again in the same location by a different runoff 
event are termed ephemeral gullies (SSSA, 2001). Gully erosion is a 
significant sediment source in dry lands. They act as effective links between 
upland areas and channels, transferring both overland flow and sediment to 
the lower areas in the landscape, contributing to 50% to 80% of overall 
sediment production (Poesen et al., 2002).  
 
A rill can develop into a gully if no soil and water management is carried out. 
However, the process of gully formation is more complex, and various 
theories have been developed on the basis of observations. A break in the 
surface covers (vegetation or boulder or man-made feature) allows the 
formation of erosional hollows in which surface runoff accumulates. With 
sufficient flow concentration a headcut or gully head is incised at points of 
favorable topography. With regular overland flow the surface material gets 
eroded, deepening and enlarging the gully along the direction of flow (Figure 
1.1a). Gully development is also associated with soil slumps and small 
landslides that leave deep steep-sided scars that are subsequently occupied 
by surface runoff. This results in backward erosion (Figure 1.1b).  Subsurface 
flow is yet another process that forms gullies as a result of pipe or tunnel 
collapse in various soil materials. 
 
The types of gullies existing in the drylands and typical for the study area 
(described in section 1.5 also seen in Figure 1.1) are: (i) valley bottom gullies 
- VBG: long quasilinear features along the thalweg of the catchment, (ii) 
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simple valley slope gullies - VSG: quasilinear features on gentle to moderate 
slopes and (iii) complex valley slope gullies - VSG: dendritic and 
anastomosing features on moderate to steeper slopes, both on concave and 
convex slopes. These gully types existing in the study area and their 
characteristic are describer further in chapter 3.2.  
 

 
Figure 1.1: Representation of a typical gully formed by rill extension along the flow 
direction (a), and a gully formed by backward erosion associated with scouring of the 
gully head and soil wall collapse (also refer to Figure 2.3).  

1.3 Gully erosion assessment  
The methods used for assessing gully erosion basically fall into two 
categories: field-based measurements (supported by air-photo interpretation, 
ever since availability of such data for civilian applications since the 1940s), 
and remote sensing assessment (supported by field work). Although field-
based methods are still in practice, image-based analysis is proving to be a 
practical approach for erosion assessment over large, inaccessible areas. This 
is especially applicable to regions with excessive gullying, given the variability 
in its size, shape and occurrence (Knight et al., 2007), as well as the dynamic 
nature of gully-affected landscapes.  
 
Data extracted from remotely sensed imagery have been used to provide 
specific information to the decision makers for the reclamation of degraded 
areas. Recent advances in satellite technology, geographical information 
system (GIS), and digital image processing, have led to the development of 
new techniques for semi-automatic and/or automatic gully detection. 
 
Remotely sensed imagery such as aerial photos, low-altitude aerial photos 
(e.g., from drones/unmanned aerial vehicles), satellite imagery, Light 
Detection and Ranging (LiDAR) data etc., has been utilized to map gully 
erosion features using several approaches. These methods include simple yet 
knowledge demanding manual image interpretation, photogrammetry using 
stereo-photos or stereo-images, and semi-automatic/automatic feature 
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extraction using pixel-, sub-pixel, or object-based image analysis (OBIA; 
coupled with field validation).  
 
Contributions of remote sensing to soil erosion research based on aerial 
photos interpretation techniques date back to the 1940s Smith (1943). Gully 
erosion assessment by aerial photo interpretation and photogrammetric 
techniques continued largely unchanged for decades, with the studies limited 
to visual image interpretation (Langran, 1983; Stromquist et al., 1985). 
However, aerial photos have traditionally been largely collected for smaller 
regions of interest, infrequently, are typically housed in archives that were 
not readily cataloged and that are frequently accessible, and had only 
panchromatic information. The increasing availability of spaceborne data with 
suitable spatial (<1 m) and spectral information (400–1000 nm), a swath 
width ranging from 10 km to 3000 km and frequent revisits, allows the 
detection of irregular instances of land degradation (caused naturally or 
through anthropogenic activity), gradually rendering airborne data less 
relevant. Until recently pixel-based image analysis has been the main method 
to extract gullies (Metternicht and Zinck, 1998; Vrieling et al., 2007). 
However, the selection of adequate training pixels (a key element for a 
successful classification) requires in-depth knowledge of the study area and 
careful analysis of the separability of spectral signatures (Laliberte and 
Rango, 2009). In addition, spectral heterogeneity of the environment is 
affected by variability in moisture, organic matter, and mineral content. This 
strongly affects the performance of multispectral image classifications. 
Furthermore, the spatial resolutions of the traditional Earth observation 
satellite platforms carrying low- to medium resolution instruments, such as 
those onboard Landsat, SPOT, ASTER, IRS and ENVISAT, were only sufficient 
to identify large to medium sized gullies (Vrieling and Rodrigues, 2004). 
Although pixel-based analysis finds possible erosion/gully pixels, the 
ambiguity of whether a feature is a gully or not requires contextual analysis, 
hence there is a need to use advanced image processing methods that use 
contextual information for the analysis. 
 
Technical advancements in spaceborne remote sensing, such as higher 
spatial and temporal resolution, development and extension of digital imaging 
technology and GIS, have created new possibilities for research in Earth 
surface processes, and especially gully erosion. With growing availability of 
high spatial resolution optical imagery (HRI), a shift from traditional pixel-
based methods has been necessary. The analysis of objects, as opposed to 
individual pixels, is more appropriate to address the aforementioned 
heterogeneity, and more suitable for knowledge-driven analysis akin to visual 
image interpretation. In object-based image analysis (also called object-
oriented analysis, OOA) the information content of an object (relatively 
homogeneous and meaningful segments in the image) is used to classify the 
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gullies by integrating the contextual information in the image analysis, which 
is a step towards replicating the human interpretation process (Navulur, 
2007). The acronym OOA will be used for object-based image analysis in 
further sections of the thesis.  
 
Since gullies are the result of hydro-geomorphological process, digital 
elevation models (DEM) and their derivatives have been used as additional 
data during analysis. Numerous gully susceptibility studies, trying to identify 
areas of gully incision, have been developed using slope gradient and critical 
drainage area relations (Montgomery and Dietrich, 1992; Patton and 
Schumm, 1975; Poesen et al., 1998). The term DEM is often used as a 
generic umbrella term for both digital surface model (DSM) and digital terrain 
model (DTM) and, where appropriate, will be used in further sections of the 
thesis. The increased availability of rational polynomial coefficient-based 
DEMs, which only require minimal ground data, can also be accommodated in 
OOA analysis (Martha et al., 2010). These datasets along with satellite 
imagery are useful in assessing the length, area and density of the gully 
systems.  
 
Gully development and change is unbound by time but requires favorable 
conditions. Some gullies may appear fresh and active while actually being 
very old and stable (Valentin, 2004).  Assessing gully dynamics may assist in 
understanding gully formation and spatiotemporal evolution. Visual 
stereoscopic analysis of series of aerial photos (Nachtergaele and Poesen, 
1999), pixel-based satellite images analysis (Vrieling and Rodrigues, 2004), 
pixel/object-based analysis of data from airborne LiDAR data and low altitude 
unmanned imaging platforms are efficiently used to measure and monitor 
changes in gully or gully systems. However, measures to stabilize gullies 
have to be designed for the entire area and this requires detailed erosion 
extent maps at landscape or regional scale. But, it is not practical to acquire 
HRI for larger area (although large swath is available) because of high costs 
involved. In such situation it may be possible to use the freely available 
medium resolution satellite imagery to extract gully features. Although it is 
possible to map the gully extent, it is not possible to quantitatively assess the 
magnitude of the soil loss. Erosion modelling can effectively reflect the 
behavior of the real system and allows simulating the soil loss.  
 
The impact of current topography, landscape evolution, climate and 
hydrological processes on gully erosion and sediment yield have been studied 
using various empirical and process-based models: RILLGROW (Favis-
Mortlock et al., 1998), Ephemeral Gully Erosion Model - EGEM (Woodward, 
1999), Gully Thermoerosion and Erosion Model – GULTEM (Sidorchuk and 
Sidorchuk, 1998), Limburg Soil Erosion Model – LISEM (De Roo et al., 1996), 
LandscApe ProcesS modelling at mUlti-dimensions and Scales - LAPSUS 
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(Schoorl et al., 2002) and Cellular Automaton Evolutionary Slope and River – 
CAESAR (Coulthard and Van De Wiel, 2006). These models predict either 
gully sub processes or gully erosion rates in a range of environments at 
various temporal and spatial scales. Also the fact that these models are 
integrated with GIS and remote sensing makes it possible to obtain the 
spatial patterns of erosion.  
 
Although these studies (mentioned in earlier paragraphs) have demonstrated 
good techniques for gully erosion assessments, they are less realistic and not 
practical when working for a larger area with high density complex gully 
features that are usually inaccessible for field measurements. The research 
presented in this thesis focuses on developing an improved method for gully 
assessment (in terms of area, density, changes over a time period and 
amount of soil loss) that is generic and transferable, which can be applied to 
complex gully systems especially in arid and semi-arid regions.  

1.4 Research aim and objectives 
The aim of this research is to develop a realistic knowledge-based generic 
approach for improving gully erosion assessment. The main objective is to 
couple OOA and spatially dynamic erosion modelling. To achieve this aim of 
this thesis the following research questions need to be answered.  

i. Is it possible to attain a more realistic gully detection method through 
OOA (of high resolution imagery and its derivatives alone) compared 
to visual image interpretation? 

ii. Are the gullies/gully systems in the study area changing over time, 
and where do we find higher gully activity?  

iii. Is it possible to extract the narrow and complex gully features from 
medium resolution imagery, using a high resolution reference data 
and a machine learning method? 

iv. Is it possible to couple gully systems identified by the OOA with 
spatially distributed soil loss simulations to gain insight in erosion 
rates?  

 
Each chapter deals with one or more of the research question. The objective 
of this thesis can be addressed by: 
1. Examining the potential of OOA to map complex gully erosion features 

using high resolution imagery. 
2. Conceptualizing changes in gully systems in the context of different 

stakeholders, to create a sensitive and objective method (by using 
attribute knowledge favorable to gully-related processes) for change 
detection. 
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3. Investigating the potential for predictive mapping of gully systems from 
medium resolution ASTER imagery using Random Forest, in the 
absence of high resolution imagery across the region. 

4. Relating the gully systems identified by OOA to the simulation results of 
the spatially-distributed storm-based erosion model LISEM, to assess 
gully erosion rates from a single heavy rainfall event.   

1.5 Study area 
The study was conducted in the sub-humid to semi-arid region of 
Mamora/Sehoul, Morocco (390 km2, coordinates: 33°54’N and 6°38’W) 
(Figure 1.2) recognized as one of the test sites for the Desertification 
Mitigation and Remediation of Land (DESIRE) project (DESIRE, 2013). The 
region is located in the lower central plateau of Atlantic Meseta, typically 
consists of rolling to hilly topography with slopes ranging from flat regions 
(0°), to very steep and precipitous slopes (up to 45°). The substrate consists 
of Paleozoic schists and sandstones, covered by Miocene molasse 
(sandstones, marls and conglomerates), miocene marls, Pliocene Calcarenite, 
and the old alluvial terraces consisting of pebbles, sands and clays. The river 
Bou Regreg incises through the Miocene deposits (van Dijck and al., 2003). 
The soils in the region are described by the French classification system as: 
"sols minéraux bruts" (sandy soils), "sols peu évolues" (poorly developed, 
young or colluvium), "sols fersiallitiques" (Alisols), "sols brunifiés" (Luvisols), 
"sols calcimagnésiques" (Rendzina), "sols hydromorphes" (Gley soils) and 
"sols isohumiques"(deep brown soils like Chernozems). The lower parts of the 
valley, where the channel are formed, have colluvium deposits (the soil types 
are explained further in chapter 5).  
 
The mean annual rainfall in the region is 540 mm, collected at the Rabat/Sale 
meteorological station about 22 km away from the study area, over a 59 year 
period (1951-2010) (daily total rainfall collected by Direction de la 
Météorologie, Casablanca, Morocco; Figure 1.2 inset). Rainfall within the 
recorded period showed one extreme rainfall year (1996, with a total annual 
rainfall of 1163 mm). The daily maximum rainfall from 1951 to 2010 
indicates that on the 4th of August 1959 the largest recorded daily rainfall in 
the region occurred (a total rainfall of 151.3 mm in one day). Such high 
intensity rainfall could have caused gully incision. The return period of such 
an event is one in 60 years (also see Chapter 5).  Figure 1.2 also illustrates 
the return period of the daily maximum rainfall. The erratic rainfall in the 
region results in agricultural activities that change in extent from year to 
year. Fields can be abandoned for several (dry) years before they are tilled 
again. 
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Figure 1.2: False color composite of ASTER imagery of the study area, Sehoul 
commune in Morocco, overlaid by a panchromatic high resolution GeoEye-1 image. The 
variation in annual rainfall variation (mm) and mean rainfall (mm) for 59 years over 
this area (Rabat at a distance of 20 km away from the study area) are shown in the 
graph.  
 
Land-use in this area consists of cork oak forests, agriculture, horticulture 
and orchards. Increasing population pressure, by both humans and livestock, 
has led to major land-use changes. Replacing natural forests with exotic 
species (eucalyptus), intensification of agriculture on steeper slopes and 
overgrazing in natural shrubland areas, despite the weak production of the 
vegetation and the readily erodible soils, are some of the major causes for 
degradation. The general practice in the area is guessing how much rain will 
fall (based on the previous year and the date of the first rainfall) and 
ploughing of a certain area. In good years more field area is prepared for 
sowing than in perceived bad years (according to interviews with the 
farmers). This means that certain fields almost never get ploughed, and on 
these fields existing rills can develop into gullies because concentrated flow 
lines are not erased regularly. Stubble grazing is a common practice in the 
area. Cattle are allowed to graze on the crop remains after the harvest 
and/or also in case of crops that fail due to insufficient rain. Extensive 
gullying is found on abandoned lands and in overgrazed areas at the sloping 
edge of the incised valleys of the Marmora plateau (DESIRE, 2013), making 
the land unsuitable for any land-use activities. Excessive grazing by livestock 
has also been recognized as the main reason for extensive land degradation 
in the area (van Dijck et al., 2006). According to locals the gullies in the area 

 9 



Gully erosion – a desertification risk indicator 

already existed before 1996, though no older imagery of suitable resolution 
exists to confirm this. 
 
The socio-economic conditions of the region are as follows: (i) the majority of 
inhabitants are poor farmers with less than two hectares of land, subsiding in 
a weak economic situation, incapable of making any investment in the 
affected land, (ii) a few farmers owning large areas of agriculture lands, but 
who are not keen to make any investment in the affected land, and (iii) very 
few farmers coming from the cities, with adequate means of investment and 
the ability to profit from the any projects of agriculture development. 
 
The gullies in the region are valley bottom gullies (VBG), simple quasi-linear 
valley slope gullies and complex dendritic valley slopes gullies (both 
represented as VSG). The majority of the gully systems are permanent and 
very few ephemeral gullies are seen in the field. They are usually formed in 
the agricultural lands during the rainy season, and before rains of the next 
season they area ploughed again, hence they might not be visible in the 
imagery, or vice versa. The area was selected as most of the arable land is 
getting abandoned due to gullying and other land degradation processes 
(Schwilch et al., 2012). 

1.6 Structure of the thesis 
The approach was developed and tested for a highly degraded area in 
Morocco. Figure 1.3 shows the approach developed in this thesis (starting 
from left to right). The remainder of the thesis is organized into four core 
chapters (2 - 5) and a synthesis chapter 6. Chapter 2 assesses the utility of 
OOA to map complex gully erosion features, using the morphometric and the 
spectral properties derivative from HRI (GeoEye-1). A knowledge-based 
method is presented using OOA to classify the gully systems. Chapter 3 
presets a method to detect changes in gully systems by conceptualizing 
change in the context of various stakeholders. The method is realistic and 
uses additional erosion related attribute knowledge for identifying gullies. The 
analysis is tested on a set of images with an eight year gap. In Chapter 4 a 
technique is developed for predicting gully systems, using medium resolution 
ASTER imagery in the absence of HRI for the whole study region. The method 
uses object-based Random Forest analysis to predict gullies from ASTER 
imagery. Chapter 5 makes an attempt to relate the LISEM simulation results 
to the gully systems identified by OOA, to assess the gully erosion rates. 
Chapter 6 provides a summary of the results obtained, and discusses the 
advantages and disadvantages associated with the techniques used or 
developed in this thesis. 
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Figure 1.3: Approach developed and followed in each chapter is indicated by (2), (3), 
(4) and (5). 
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Chapter 2 
 
Object-based gully feature extraction using 
high spatial resolution imagery* 

* This chapter is based on the article: Shruthi, R.B.V., Kerle, N., Jetten, V., (2011) 
Object-based gully feature extraction using high resolution imagery. Geomorphology, 
134, 260-268. 
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2.1 Introduction 
Erosion by surface runoff has been receiving substantial attention from 
researchers, conservationists and policy makers. It comprises sheet or inter-
rill, rill and gully erosion. Amongst these forms of soil removal, gully erosion 
in both ephemeral and permanent gullies is responsible for a substantial 
amount of soil loss, and is generally considered an indicator of desertification 
(UNEP, 1994). Figure 2.1 illustrates a typical gully formation situation, with 
incisions frequently cutting through different soil horizons, and their form and 
shape being guided by the hydrological and mechanical properties of these 
soil layers. A second commonly occurring gully formation process is the 
backward extension of a gully in the hillslope, which occurs as a combination 
of water incision and small mass movement on the sides and head of a gully. 
Extensive reviews on the initiation, controlling factors and impacts of gullying 
have been provided by Poesen et al. (2003) and Valentin et al. (2005). 
Poesen et al. (2006) and Vrieling et al. (2007) also identified that most 
research has focused on sheet (inter-rill) and rill erosion, and that little is 
known about gully erosion and its importance at large spatial scales. One of 
the reasons is that gullies, once formed, can remain unaltered for extended 
periods of time, especially in semi-arid climates. Although they are evidence 
of severe land degradation, their dimensions may not be easily related to 
current rainfall (Seeger et al., 2009) and surface runoff (Marzolff and Ries, 
2007). Moreover, the timeframe at which they are formed and change is 
often unclear.  
 
Sustainable land management fundamentally requires knowledge of the 
landscape and its processes, for which an efficient way of understanding, 
surveying and monitoring is needed. Given that gullies are one of the main 
drivers for soil loss in the landscape system, there is an imperative need for 
detailed monitoring and better prediction of gully locations. This study 
focuses on rill/ephemeral and permanent gully erosion. The gully features 
investigated are discontinuous, and much narrower (<10 m) than gullies on a 
river bank (alluvial gullies) with widths of 20 to 140 m (Brooks et al., 2009; 
Perroy et al., 2010). This constitutes a real challenge for the semi-automatic 
detection of gullies, because of not only the size, shape and distribution of 
gullies but also the presence of various land cover, land use, shadow and 
illumination. This study attempts to address the two existing problems: 1) 
Mapping gully systems through field work and manual image digitization is 
difficult and time consuming, and 2) there is a lack of a generic algorithm to 
identify gullies from images. 
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Figure 2.1: Schematic illustration of a gully formed by the deepening of rills. Gullies 
develop if rills do not disappear because of tillage. 
 
Mapping gullies and erosional activity is crucial for monitoring erosion and 
studying its impacts such as sediment production, land degradation, other 
socio-economical influences. Field-based methods were used in the past until 
aerial photos and later satellite imagery became more readily available. 
Remote sensing-based mapping is the only practical approach for mapping 
gully features over large areas, given the variability in gully size, shape and 
occurrence (Knight et al., 2007), as well as the dynamic nature of gully-
affected landscapes. A review of different methods used to map and monitor 
gully erosion features is given below. It has been recognized that accurate 
identification of gullies is not possible without additional data or expert 
knowledge (Bocco and Valenzuela, 1993). In addition auxiliary information, 
such as geometric properties (shape, dimension, orientation and texture) and 
the spatial relationship with surrounding features, allows an approach 
fundamentally similar to the cognitive approach used in visual image 
assessment, but in a controlled and reproducible quantitative manner. This 
makes it possible to treat erosion features as spatial objects that can be 
characterized based not only on their geometric properties, but also on their 
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spatial relationship with surrounding features. The potential of object-
oriented image analysis (OOA, also referred to as object-based image 
analysis - OBIA) to map gully erosion features from high spatial resolution 
optical imagery has rarely been explored. The objectives of this study are to: 
1) examine the potential of OOA to map complex gully erosion features using 
high spatial resolution imagery (HRI); 2) establish the topographical and 
image thresholds (spectral and textural) for a given area and develop a 
generic method for semi-automatic gully detection and extent mapping; and 
3) assess the accuracy of the results by comparing them with the manually 
digitized gully system. 

2.2 Previous works on mapping and monitoring 
gullies using remote sensing 

Contributions of remote sensing to soil erosion research based on aerial 
photos and image interpretation techniques date back to the 1940s (Smith, 
1943). Gully erosion assessment by aerial photo interpretation and 
photogrammetric techniques continued largely unchanged for decades 
(Langran, 1983; Stromquist et al., 1985). These studies were limited to 
visual image interpretation of photos, which are generally collected for 
smaller regions of interest, not frequently acquired, typically housed in 
archives that are not readily cataloged and accessible, and have no multi-
spectral information. With the launch of Landsat-1 in 1972 satellite imagery 
became available to the scientific community. The increasing availability of 
spaceborne data with suitable spatial and spectral information (400–1000 
nm), swath width ranging from 185–950 km and frequent revisits, allows the 
detection of erratic instances of land degradation, gradually rendering 
airborne data less relevant. Visual analysis, a logical follow-up to aerial photo 
interpretation, was successfully used to delineate gully features using 
Landsat imagery (Singh, 1977). Until recently pixel-based image analysis, 
using only the surface reflectance values, has been the main method to 
extract gullies (Bocco et al., 1991; Metternicht and Zinck, 1998). Various 
pixel based classification methods (Lillesand et al., 2008) can be employed 
for thematic mapping and quantitative analysis of eroded areas. However, 
the selection of adequate training pixels (a key element for a successful 
classification) requires an in-depth knowledge of the study area and careful 
analysis of the separability of spectral signatures (Laliberte and Rango, 
2009). In addition, spectral heterogeneity of the environment is affected by 
variability in moisture, organic matter, and mineral content, and also shadow 
and atmospheric influences add to a given texture. This strongly affects the 
performance of multispectral image classifications. Furthermore, the spatial 
resolutions of the first generation’s Earth observation sensors and platforms, 
such as those onboard of Landsat, SPOT, ASTER and IRS, were only sufficient 
to identify large to medium sized gullies (Vrieling and Rodrigues, 2004).  
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Technical developments in spaceborne remote sensing, such as higher spatial 
and temporal resolution, the increased availability of rational polynomial 
coefficient-based digital surface models (DSMs) that only require minimal 
ground data (Martha et al., 2010b), and development and extension of digital 
imaging technology and GIS have created new possibilities for research in 
gully erosion. However, their potential for erosion feature mapping remains 
largely unassessed. Studies that used more advanced methods, such as 
spectral linear unmixing (De Asis et al., 2008)  or a mutitemporal approach 
(Vrieling et al., 2007), yet were limited to the pixel level, inevitably faced 
challenges from spectrally similar false positives. Working with HRI implies a 
substantial increase in the number of pixels and information to be handled 
during the analysis, and even larger spectral ambiguity. This means that 
spectral variability associated with gully features, such as the presence of 
vegetation, or shadow- or moisture-related brightness differences, cannot be 
effectively captured with a method purely based on spectral information. With 
growing availability of HRI, a shift away from traditional pixel-based methods 
has been necessary. The analysis of objects or features, as opposed to 
individual pixels, is more appropriate to address the aforementioned 
heterogeneity, and more suitable for knowledge-driven analysis akin to visual 
image interpretation. A comprehensive review on the development and 
applications of OOA can be found in Blaschke (2010). Some gully mapping 
studies using OOA have already been carried out. Knight et al. (2007) used 
ASTER imagery to map alluvial gullies associated with large tropical rivers, 
while Eustace et al. (2009) used high-resolution LiDAR data to successfully 
map gully extent and density using OOA. The characteristics of neither 
dataset are comparable to what is contained in high resolution optical 
images, hence the studies offer limited guidance for the work with modern 
optical satellite data. The work by Knight et al. (2007), who only obtained 
accuracies for the gully class of approximately 50%, also showed that an 
object-based approach does not automatically lead to superior results. OOA 
has shown promising results in related application areas where the 
integration of multi-type auxiliary information has aided the analysis, such as 
landslide detection (Martha et al., 2010a), or field boundary extraction (Chen 
et al., 2009; Tansey et al., 2009). Insights from these studies, as well as 
recent work that has made OOA more objective and less based on trial-and-
error (Martha et al., 2011; Stumpf and Kerle, 2011) are reflected in this  
work to improve gully identification and mapping with HRI. 

2.3 Study area 
The processing approach was developed and tested for two areas covering 
approximately 0.99 km2 and 0.84 km2, respectively, in the Sehoul commune 
region, Morocco (Figure 2.2). Both are part of the lower central plateau 
Atlantic Meseta. The climate in this region ranges between sub-humid and 
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semi-arid, with mean annual rainfall of 350 mm, collected at the Rabat/Sale 
meteorological station about 22 km away from the study area, over a 32 year 
period (1970–2002) (DESIRE, 2010). Most of the region consists of rolling hill 
topography. Land use consists of cork oak forests, agriculture (rain-fed 
wheat, barley and maize), horticulture (mint, beans, and courgette) and 
orchards, with some fields being irrigated (submersion and drip). Eucalyptus 
plantations for timber and fire wood can also be found in some parts of the 
region. The major reason for extensive land degradation has been accounted 
to excessive grazing by the livestock (van Dijck et al., 2006).  

 
Figure 2.2: Location of the study area: Sehoul, Morocco, with panchromatic data (from 
Ikonos) overlaid on the DTM, and showing the training and validation areas as false 
color composites (from Ikonos).  
 
Due to the increasing population pressure (both human and livestock) the 
region is undergoing major land use changes, such as the trend towards 
replacing natural forests with exotic species (eucalyptus), and intensification 
of traditional land uses with corresponding reduction of fallow periods and 
overgrazing in natural areas, despite the weak production of vegetation and 
readily erodible soils. The reduction of organic matter and vegetation cover 
also results in soil compaction and higher overland flow generation in the 
overgrazed areas, increasing chances of gully incision at flow concentration 
zones. Extensive gully systems are found on abandoned lands and in 
overgrazed areas at the sloping edge of the Marmora plateau (DESIRE, 
2010). Figure 2.3 illustrates different forms of gully occurrence in the study 
area.  
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Figure 2.3: Diversity in gullies in the Sehoul commune region. Rill and rill developing in 
to an ephemeral gully (a), simple single isolated and multiple gullies with backward 
erosion (b) and (c), complex discontinuous gully system (d) and thalweg/ valley 
bottom gully (e) 
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2.4 Data and methods 
Orthorectified Ikonos data acquired on 31 December 2005 (blue, green, red 
and NIR of 4 m resolution, and PAN data of 1 m resolution; P-B-G-R-NIR) 
were used for extracting the spectral and spatial information. Stereoscopic 
GeoEye-1 data (PAN-0.5 m resolution) acquired on 1 September 2009 were 
used to create a DSM. The subsequent sections provide details of the 
methodology adopted (Figure 2.4).  
 

 
Figure 2.4: Overview of the method of gully feature extraction 

2.4.1 DSM generation 
A DSM, representing the Earth surface along with the above-ground features 
such as vegetation, and manmade features, is one of the primary data types 
required for the study of Earth surface processes. Typical sources for 
generating DSM these days are from LiDAR, RPC-based models made from 
optical satellite stereo images, as well as InSAR, though the traditional 
sources, such as aerial photos, contours from topographic maps, spot heights 
measured using total stations or global positioning system, can also be used 
in times of data scarcity (Li et al., 2005; Van Den Eeckhaut et al., 2007; 
Weibel and Heller, 1991). The techniques for DSM generation have developed 
over the years with the availability of newer data sources, the most recent 
one being based on stereo data obtained from HRI. Data from GeoEye-1, 
consisting of stereoscopic PAN imagery of 0.5 m resolution, was used to 
generate the DSM in this chapter.  
 
The photogrammetric software Satellite Image Precision Processing (SAT-PP), 
developed by ETH Zurich (Zhang and Gruen, 2006), was used to generate a 
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1 m DSM, making use of the rational polynomial coefficients (RPCs) provided 
with the image data. The general steps of processing the stereo image using 
SAT-PP is as follows: (i) image pre-processing, (ii) multiple primitive, multi-
image matching, and (iii) refinement of the matching by least square 
method. A more detailed description of these methods is given by Zhang and 
Gruen (2006). Nine ground control points obtained from a differential GPS 
(DGPS) survey were used to improve the orientation result of the RPC model 
(Figure 2.5). A vertical root mean square error (RMSE) of 0.37 m was 
achieved. Further, a digital terrain model representing only the earth surface 
excluding the above ground features (DTM), essential for quantifying 
topographic parameters, was derived from the DSM. The accuracy of the 
parameters mainly depends on the accuracy of the DTM (Drăguţ and 
Blaschke, 2006). Hence, the following corrections were made using Leica 
Photogrammetric Suite (LPS), where the local artifacts in the DSM, e.g., 
those resulting from scattered vegetation patches and buildings, were 
removed to avoid large errors in DTM derivatives (Martha et al., 2010b; 
Shruthi et al., 2011).  

 
Figure 2.5: Location of ground control points obtained from a differential GPS (DGPS) 
survey  
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Particular areas such as streams, rivers, and deep gullies, where the vertex 
or elevation values appeared to be erroneous, were also corrected manually 
using 3D break-lines. Finally, the DTM was hydrologically corrected using 
SAGA (Böhner et al., 2006) to allow extraction of derivatives such as slope, 
flow direction, specific catchment area (SCA) and sub-watersheds. These 
derivatives, along with the DTM, were used as input layers for OOA. 

2.4.2 Gully feature extraction 
Feature extraction was carried out in eCognition Developer 8 that uses an 
object-oriented approach for semi-automated image analysis. Baatz and 
Schäpe (2000) give a detailed description of the concept and its 
implementation in eCognition. 
 
Texture measure based on flow direction 
Various studies have demonstrated that the use of texture metrics, e.g., 
derived from the Gray Level Co-occurrence Matrix (GLCMs) (Haralick et al., 
1973), can significantly enhance the efficiency of image classification 
algorithms (Laliberte and Rango, 2009). Direction is significant when 
distinguishing gullies from non-gully features. Gullies are generally directed 
along the slope following the flow direction, while features such as freshly 
ploughed land, which has spectral and textural properties similar to gullied 
area, usually run slope parallel (at least within the study area where tillage 
operations are non-mechanical). To quantify such features and distinguish 
them from gullies a set of rotation-variant GLCMs metrics (contrast and 
correlation) was calculated based on the flow direction. The first step was to 
resample the original DTM to 10 m (this step degrades the quality of flow 
direction; however, it will still follow the direction specific to the aspect). This 
was done in order to create an artificial flow direction boundary that could 
include a sufficient number of PAN pixels to identify directionality in the 
texture. Then flow direction (FD) was calculated (Greenlee, 1987) and 
categorized into four main classes: N–S (0°), NE–SW (45°), E–W (90°) and 
NW–SE (135°). Subsequently, within each flow direction segment the 
normalized GLCMs of the Ikonos PAN data (10×10 pixel) was calculated in 
the direction of flow (Afd) and perpendicular to the flow (Ofd). In particular 
the quotients of GLCM contrast orthogonal to the direction of flow (ConOfd) 
(Eq. 2.2) and GLCM correlation orthogonal to the direction of (CorOfd) (Eq. 
2.5) perpendicular to flow direction were used to highlight areas.  
 

∑
−

=

= 1N

0ji,
ij

ji,
ji,

V

V
P  

Eq. 2.1 

 24 



Chapter 2 

 

 

 

Eq. 2.2 

2

1N

0ji, j(FD)i,

ji,

N

P
μ

∑
=

−

=
 Eq. 2.3      

∑ −=
−

=

1N

0ji, ji,j(FD)i,ji, )μj(i,Pσ  

 

Eq. 2.4 

 

 
Eq. 2.5 

 
Where, i is the row number, j is the column number, N is the number of rows 
or columns, Vi,j is the value in the cell i,j of the matrix, Pi,j is the normalized 
value in the cell i,j, μi,j the mean of the texture, and σi,j the std. deviation of 
the texture.  Figure 2.6 illustrates that grey values along a gully (downslope) 
are typically more correlated than in directions quasi-perpendicular to the 
slope. These layers were exported as image layers and used as additional 
input layers in the eCognition project, resampled to the highest resolution in 
the project, 1 m. 

 
Figure 2.6: Determining the texture value for a segment (GLCM correlation - Corofd 
along the flow direction). The yellow circle with four axes is flow direction at 0º, 45º, 
90º and 135º. An example of assessing GLCMs correlation of PAN for a segment with 
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flow direction as 45º, identified in the red box (also indicated by the red axis in the 
circle).  
 
Removal of background or areas of non-interest 
As discussed above, large amounts of information need to be handled to work 
with HRI results. Hence, it is beneficial to remove most of the segments of 
non-interest or background to achieve better efficiency and results. Most of 
the background areas that were excluded from further analysis were those 
with relatively low SCA (<= 40 m2), areas that are flat to gently sloped (< 
3°), areas with texture predominantly perpendicular to the flow direction, 
quasi-linear features such as plough lines, animal tracks (CorOfd < 1 and 
ConOfd > 1.7), areas under vegetation (NDVI > 0.32), and areas under 
shadow and bright/saturated areas were no surface information can be 
retrieved (brightness < 170 and > 330 respectively). The optimal scale for 
segmentation, a critical step that strongly influences the subsequent analysis 
(Martha et al., 2011), was estimated using the Estimation of Scale Parameter 
(ESP) developed by (Drăguţ et al., 2010). First a multiresolution 
segmentation, based on a homogeneity criterion composed of shape and 
compactness factors that determine the best neighbor to merge, with a scale 
factor of 72 was applied on the DTM and slope to remove most of the 
segments that have relatively lower SCA, and areas with flat to gentle slope. 
Subsequently the unclassified area was further segmented using 
multiresolution on the P-B-G-R-NIR bands with a scale parameter of 92, also 
derived from ESP, to remove most of the other background areas. Segments 
that were not successfully classified as background in this step were later 
removed as false positives. Figure 2.7a illustrates a subset of the area with 
most of the background class. 
 
Extraction of gully candidates 
The segments that were left unclassified after the removal of background 
were further segmented by chessboard segmentation with object size 1, 
which divides the image or selected parts into equal squares of a given size, 
in this case to re-establish the original image components (pixel level). Then 
a contrast filter was applied on the PAN data (< 0), to enhance features in 
shadowed areas and dark boundaries (Figure 2.7b and c). This was used to 
identify potential gully segments that were later merged. In the second step 
a Lee-Sigma edge detection filter was applied on the PAN data (> 10) to 
extract dark edges, i.e. sharp brightness transitions. This process detects 
object outlines, as well as boundaries between objects and the background in 
the image. This was used to extract gully systems within the potential 
candidates, including actual gullies but also a variety of false positives that 
were subsequently removed (Figure 2.7d and e).   
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Removal of false positives 
The final step in gully feature extraction was the removal of false positives, 
i.e. other quasi-linear features that were miss-classified as gullies, and which 
include segments identified as a result of locally erroneous DSM derivatives, 
such as slope along vegetation boundaries that are modeled as small humps 
in the photogrammetrically derived elevation layer, cattle tracks, plough lines 
orthogonal to the slope, and small bright patches likely corresponding to rock 
outcrops. A combination of different thresholds and geometric indicators was 
used to remove false positives (Figure 2.7f) as described in Table 2.1.  
 

 
Figure 2.7: Extracting gully erosion features using the OOA method. (a) Segments with 
background class for the test region. (b) Contrast filter on PAN data for the subset 
shown in black rectangle in (a). (c) Potential gully candidates. (d) Lee-Sigma edge 
filter on the PAN image. (e) Gully system identified from potential candidates. (f) Gully 
system separated from false positives. 
 
Table 2.1: Criteria for excluding false positives 
False positives Criteria type Description of criteria 
Vegetation (shrubs, hedge rows 
Crops from agricultural lands) 

Spectral  Relatively higher NDVI 
Mean NDVI >= 0.25 

Shadow Spectral Maximum difference >= 0.6 
Isolated objects with insufficient 
area  

Geometric Area <= 2 

Bright patches  Spectral Relatively higher NIR  
Mean NIR >= 410 

2.4.3 Generation of reference data for accuracy 
assessment 

While accuracy assessment is typically reduced to a mathematical problem 
based on comparison of analytical results and reference data, the intended 
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use of the derived information also matters. This means that it is not so 
meaningful to match individual erosion elements in the system. This is 
because the production of complete reference data (e.g., by digitizing) is 
challenging, but also because of the partial limitations in its utilization from 
an information user’s perspective. Because an extended gully system limits 
the utility of land, the extent of gullies is the most important parameter. The 
percentage of area enclosed by the gully system in two different sub-
watersheds, one consisting of simple and continuous (sw11) and the other 
complex and discontinuous (sw12) gully system was determined. Further, the 
difference between reference and classified data was examined. Reference 
data were generated by visual image interpretation and field observation. 
Polylines were digitized over individual gullies and then converted to a raster 
form, since direct matching of gully vectors resulting from the OOA analysis 
with digitized lines is too strongly affected by digitizing inaccuracies. Hence, 
instead of individual erosion lines, polygons showing a gully system were 
digitized by connecting the gully incision points identified in reference (GSBR) 
and classified (GSBO) gully systems, using the Concave hull approach 
(Moreira and Santos, 2007). The Feature Outline Masks tool in ArcGIS 
(margin of 1 m), was used to generate the concave hull polygons by selecting 
the Exact Simplified method, which were later aggregated using the Dissolve 
tool to form one polygon. 

2.5 Results and discussion  
As identified in the objectives, the potential of OOA to map complex gully 
erosion features was examined and the topographical and image thresholds 
for a given area was established, to develop a generic method for semi-
automatic gully detection to map the gully extent. In the test image an area 
of ca. 81,000 m2 is affected by gully systems, i.e. ca. 8% of the total area. 
Figure 8 illustrates the gully systems in the training area. Note how other 
linear features similar to gullies have been effectively eliminated (ellipses); 
while some false positives are still present (squares). 
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Figure 2.8: Gully systems extracted by OOA in the training area, and linear features 
that appear gully-like have been effectively eliminated (ellipses), while some false 
positives are still present (squares); (a, b, and c) original image and the false positives 
for three of the instance identified in the squares.  
 
The same rule-set, without parameter modification, was used to test the 
performance of gully identification in a different region within the same 
dataset. Figure 2.9 illustrates the gully systems in the validation area. The 
total area affected by gullying was estimated at ca. 150,000 m2, i.e. ca. 18% 
of the total area. It must be noted that the relatively low erosion level (8% 
and 18% of the total area in training and validation site, respectively) may 
render the land around the gullies useless because of possible future erosion. 
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Figure 2.9: Gully systems extracted by the rule-set developed in the validation area to 
test transferability of the rule-set. 
 
While a visual assessment of the results indicates realistic detection of 
gullies, feature extraction accuracy and uncertainties should be evaluated. 
The different gully systems in the two sub-watersheds, sw11 and sw12 
(Figure 10 a-d) show that the OOA analysis resulted in a slight 
overestimation of gully system area - GSBO, compared to the reference area 
-GSBR, 85 m2 for sw11 and 1529 m2 for sw12, corresponding to 0.03% and 
1.77% of the respective sub-watershed areas (Table 2.2). However, part of 
the apparent overestimation can be attributed to the problems with reference 
data preparation described in Section 4.2.5. In addition, increasing gully 
complexity led to more false positives and the gully system area in OOA. 
However, some increased false positives were acceptable, as they also 
ensure the transferability of the rule-set to other areas. 
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Figure 2.10: Gully systems of reference (digitization by visual image interpretation) 
and OOA data (output from the rule-set developed) for two different sub-watersheds 
with: (a and b) simple and continuous and (c and d) more complex and discontinuous 
gully system. 
 
Table 2.2: Difference in gully system area between (GSBR) and (GSBO)  

Watershed 
Watershed 

area, m2 
GSBR, 

m2 
GSBO, 

m2 

Difference 
in area, 

m2 

GSBR 

(%) 
GSBO 

(%) 
Over 

estimation 

sw11 284391 54057 54142 85 19.01 19.04 0.03 

sw12 86183 9956 11485 1529 11.55 13.33 1.77 

 
Uncertainties in this study can be assessed in terms of positional accuracy. 
Evaluation of this is important especially when heuristic generalization 
methods are applied. The DTM plays an important role in integrating the GIS 
and remote sensing data, especially in the orthorectification of the images, 
and the accuracy of the DTM used affect the accuracy of the final rectified 
image (Shi et al., 2005). A number of uncertainties relate to the spatial 
resolution and accuracy of the photogrammetric DTM used, and the 
derivatives calculated from it. This especially concerns local slope values that 
are highly sensitive to artifacts. Additional uncertainties were introduced by 
the images used in the study. The orthorectified Ikonos image used was not 
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provided with the file of RPC (rational polynomial coefficients). In addition, no 
information was provided by the vendor of the topographic data used for the 
orthorectification of the image. Therefore, an additional image-to-image 
registration with the flow accumulation image (derived from the DSM) was 
performed, though some error may have propagated, leading to improper 
removal of background segments. Due to this it was not possible to use some 
of the essential conditions such as flow accumulation, and curvature for 
developing the rule-set. 

2.6 Conclusions 
Accurate and comprehensive information of erosion features is of critical 
importance for farmers, land managers and scientists. To achieve this it is 
important to know gully location and extent, and our study introduces a 
method to provide this essential information. The semi-automatic method is 
based on an algorithm or rule-set for detecting gully erosion features, and is 
advanced compared to the existing methods. The time needed to map gullies 
for the entire test image (Figure 2.8) was much shorter than the time to 
digitize gullies manually.  
 
The use of OOA to map gullies was based on the thresholds of a physical 
parameter (slope, SCA, and NDVI). In addition to the convention of using 
suitable topographic and vegetation thresholds, the use of texture, contrast 
and edge filter information helped recognize potential gully candidates. The 
method is generic and the test for its transferability was also successful. Finer 
gully-related edges within the complex gully systems were better identified 
semi-automatically than by manual digitization which is subjective and 
dependent on individual visual acuity. 
 
The potential users of the approach presented here are land managers 
interested in the location of gullies, the degree of land degradation, and gully 
dynamics over a period of time for the planning and implementation of soil 
conservation measures. The approach is also useful for the erosion research 
community, and can be further extended to provide more information such as 
gully dimensions and temporal changes of individual gullies.  
 
However, the following limitations of the approach were identified: (i) the 
thresholds used were subjective and require adaptation when the rule-set is 
used for a different region or imagery; (ii) the removal of false positives also 
remains empirical, and (iii) there is still room for better using process 
knowledge for gully formation. Chapter 3 focuses on the improvements made 
in the gully detection method, which is further used to quantify the changes 
in gullies over time. 
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Quantifying temporal changes in gully erosion areas with object oriented analysis 

3.1 Introduction 
Gully erosion is an important sign of land degradation, rendering slopes unfit 
for agriculture and forming an important source of sediment in a range of 
environments (Poesen et al., 2003). It is considered as one of the indicators 
of desertification (UNEP, 1994). Hence, mapping existing gullies (both 
permanent and ephemeral) and their activity over a period of time is crucial 
in monitoring land degradation and its environmental and socio-economic 
effects. Field-based methods were used until aerial photos and later satellite 
imagery became readily available for visual interpretation and image 
processing techniques. In addition to mapping features such as gully 
dimensions and location it is also important to understand the dynamics of 
gully development, mainly the increase in its area- gully system area and 
density (Poesen, 2011; Zevenbergen, 1989). It is not only important from a 
scientific or geomorphological perspective, but also to enable land managers 
to develop sustainable planning strategies for appropriate utilization of land, 
that include both stabilization of gullies, as well as prevention of gully 
formation in areas that are considered sensitive.  
 
Quantification of gully erosion dynamics can assist in understanding gully 
formation and spatiotemporal evolution. Visual stereoscopic analysis of series 
of aerial photographs has previously been used to measure temporal changes 
(only with sufficiently large changes in morphology over time) in length, 
area, volume or density (total length, total number) of various gullies 
(Burkard and Kostaschuk, 1997; Nachtergaele and Poesen, 1999; Pellikkaa et 
al., 2005; Sirviö et al., 2004). With availability of repeatedly acquired 
satellite imagery temporal analysis of changes in active area of gully 
complexes became possible for long-term change studies. 

3.2 Previous works on mapping and monitoring 
gullies using remote sensing 

Spaceborne multispectral images with moderate spatial resolution, such as 
Landsat (30 m) or ASTER (15 m) in the optical and near infrared region of 
the electromagnetic spectrum (400 nm – 1000 nm), have been extensively 
used in conjunction with aerial photographs and other relevant information, 
and supported by ground truth, for deriving area information on eroded lands 
(Bouaziz et al., 2009; Brooks et al., 2009; Mitchel, 1981). Visual analysis of 
satellite data, a logical follow-up to aerial photo interpretation, was used to 
delineate changes in  gully features (Singh, 1977). This was followed by 
pixel-based maximum likelihood classification (MLC) techniques to discern 
gully erosion features (Bouaziz et al., 2009). Coarser spatial resolution 
satellite images have offered possibilities to investigate gully erosion and its 
dynamics where the gully-affected areas were wide enough to be covered by 
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the resolution of the images (Giordano and Marchisio, 1991; Vrieling et al., 
2008; Vrieling et al., 2007). Although gullies are visually striking in the field, 
their small size (spatial extent) generally renders them undetectable in most 
generally available coarser resolution imagery (specifically the narrow and 
dense gully systems in sub-humid to semi-arid regions; e.g., Figure 2). 
Hence, mapping changes in erosion features, such as narrow gullies found 
typically in sub-humid to semi-arid regions, is typically not possible with such 
imagery.  
 
While gullies are seen as indicators of severe land degradation, there incision 
or development usually has no timeframe but requires favorable conditions. 
Conditions in sub-humid and semi-arid regions with low annual rainfall but 
high intensity events and with sparse vegetation cover are favourable for 
fostering gully development. They may appear fresh and active while actually 
being very old and stable (Valentin, 2004). There is some evidence that large 
gully systems are the result of extreme rainfall events with very low 
repetition times, and that, once established, the subsequent activity may be 
slow (Fang et al., 2008; Malik, 2005). Assessing gully changes over a period 
of time provides valuable information when compared for instance to rainfall 
records in an area, and allows insight into frequency-magnitude dynamics.  
 
Developments in spaceborne remote sensing, such as higher temporal and 
higher spatial resolution images (HRI), rational polynomial coefficient-based 
(RPC) digital surface models that provide a compact representation of a 
ground-to-image geometry and which require minimal ground data (Martha 
et al., 2010), and improvements in digital imaging technology and GIS, have 
created new possibilities for studying gully erosion and its dynamics. Object-
based analysis, as opposed to pixel-based approaches, has improved gully 
feature identification and quantification of gully dimensions (Eustace et al., 
2009; Johansen, 2010; Knight et al., 2007). However, these studies were 
limited to larger gullies ranging from 20 to 140 m in width. With increasing 
availability of HRI, with the latest generation of civilian Earth observation 
satellites providing panchromatic (PAN) and multispectral data of 
approximately 0.5 m and 2.5 m, respectively, (semi-) automatic mapping 
and monitoring of changes in narrow gully features has become feasible. 
Shruthi et al. (2011) used Ikonos-2 imagery to map such narrow gully 
features using Object Oriented Analysis (OOA). Airborne LiDAR data and low 
altitude unmanned imaging platforms have matured as a substitute to 
efficiently measure and monitor changes in gully area and volume at the 
landscape scale (Marzolff and Poesen, 2009; Perroy et al., 2010). This, for 
now, has been limited to individual gully systems and is not yet feasible for 
mapping large areas.  
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Identifying change in existing gullies, especially for larger areas with 
extensive gullying, cannot be based on a visual image interpretation alone, 
because the same objective method is needed to analyze all images. 
However, an automatic or a semi-automatic method in combination with field 
work and process knowledge may be a viable method for mapping the gully 
features and analyzing changes. In an earlier attempt, Shruthi et al. (2011) 
successfully mapped gully systems in North West Morocco with OOA (Chapter 
2). The semi-automatic method developed for detecting gully features used a 
combination of topographic, spectral, shape (geometric) and contextual 
information obtained from Ikonos-2 and GeoEye-1 data.  
 
Although gully identification showed a slight overestimation (compared to 
gully system dimensions determined in the field and manually digitized by 
visual interpretation), finer gully edges within the complex gully systems 
were better identified using the OOA classification than was possible by visual 
interpretation. Limitations were the subjectiveness of certain parameters, and 
the need for adaptation of the rule-set when used for a different 
region/image.   
 
The present study aims to analyze changes in the gully systems over a period 
of eight years (2001 to 2009). This objective can be addressed by: (i) 
improving the existing method to analyze different images of this period 
using stream power and sediment transport indices (gully process related 
knowledge), (ii) analyzing the accuracy with which this can be achieved and 
the sensitivity of gully feature extraction to the quality and resolution of the 
data used, and (iii) finally a conceptualization of changes in the context of 
land management. 

3.3 Study area 
The methodology developed in this research is tested for an area of 5 km2 in 
the Sehoul region of Morocco (Figure 3.1). The region is located in the lower 
central plateau of Atlantic Meseta with sub-humid to semi-arid environment, 
typically consisting of rolling to hilly topography (slopes ranging from flat 
regions- 0°, to very steep and precipitous- up to 45°). The mean annual 
rainfall in the region is 540 mm (Figure 3.1), collected at the Rabat/Sale 
meteorological station about 22 km away from the study area, over a 59 year 
period (1951-2010) (daily total rainfall collected by Direction de la 
Météorologie, Casablanca, Morocco). Rainfall within the recorded period 
showed one extreme rainfall year (1996, with a total rainfall of 1163 mm). 
According to local farmers most of the gullies in the area already existed for 
more than a generation, though no older imagery (earlier to 1996) of suitable 
resolution exists to confirm this. Hence, it is not possible to know how stable 
the gullies are or at what rate they are expanding. 

 40 



Chapter 3 

The gullies in the region can be categorized into three types: the valley 
bottom gully, simple quasi-linear valley slopes gully and complex dendritic 
valley slopes gullies. Table 3.1 gives the description and illustrations of 
different types of gully systems (Figure 3.2). Majority of the gully systems 
are permanent and very few ephemeral gullies were seen in the field during 
the field visit. They are usually formed in the agricultural lands in rainy 
season, and before rains of next season they area ploughed again, hence 
they might not be visible in the imagery or the vice versa.  
 
Land-use in this area consists of cork oak forests, agriculture, horticulture 
and orchards. Increasing population pressure, by both humans and livestock, 
has led to major land-use changes. Replacing natural forests with exotic 
species (eucalyptus), intensification of agriculture on steeper slopes and 
overgrazing in natural shrubland areas, despite the weak production of the 
vegetation and the readily erodible soils, are some of the major cause for 
degradation. The general practice in the area is guessing how much rain will 
fall (based on the previous year and the date of the first rainfall) and 
ploughing a certain area. In good years more field area is prepared for 
sowing than in perceived bad years (according to interviews with the 
farmers). This means that certain fields almost never get ploughed, and on 
these fields existing rills can develop into gullies because concentrated flow 
lines are not erased regularly. Stubble grazing is a common practice in the 
area. Cattle are allowed to graze on the crop remains after the harvest 
and/or also in case of crops that fail due to insufficient rain. Extensive 
gullying is found on abandoned lands and in overgrazed areas at the sloping 
edge of the incised valleys of the Marmora plateau (DESIRE, 2010), making 
the land unsuitable for any land-use activities. Excessive grazing by livestock 
has also been recognized as the main reason for extensive land degradation 
in the area (van Dijck et al., 2006).  
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Figure 3.1: Study area: Sehoul commune in Morocco, with three sub-watersheds 
outlined on the panchromatic GeoEye-1 image (used in accuracy assessment). The 
dashed rectangle indicates the subset area used for illustrating the steps adopted in 
the feature extraction (Figure 3.4). 

3.4 Conceptualizing gully system changes 
Various stakeholder groups are interested in information on gully dynamics. 
There are different ways of considering change, depending on different 
scenarios and information needs, and thus also the ways to quantify changes 
need to differ. Researchers, particularly the modeling community, require 
precise mapping and dimension details of the erosion features, e.g., to model 
soil loss from gully systems (Jetten et al., 2003). Jetten et al. (2006) showed 
promising ways of modeling gully changes by using pre-selected areas of 
likely gully incision, based on topography. Land managers may be more 
interested in delineation of degraded land and quantification of large-area 
statistics, such as fraction of area taken out of agricultural production 
because of gully systems. Both researchers and land managers will be 
interested in rates of change.  
 
Farmers, however, may see gully erosion from a land usability perspective, 
and are concerned with gullied area in relation to the extent of arable land 
available to them. Gullies also tend to interrupt farming operations, such as 
by impeding passage or access for faming equipment, and play a larger role 
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as obstruction than only due to the loss of arable surface. It is thus not only 
the direct extent of the gullies that matters, but also the density and spatial 
distribution of the gully system within the field boundary. The non-gullied 
part of a field may have become too small or inaccessible for use. Farming 
operations also have a large influence on gully incision: gullies may first 
appear in so-called “dead furrows” and along field boundaries, starting as rills 
and deepening over time. Ploughing may erase rills that would otherwise 
deepen into gullies. In the study area the edges of the plateau are heavily 
degraded because of a history of overgrazing. Unfortunately there is no 
documentation of tillage operations from year to year, and it is not known 
how long and which fields remain fallow between wet years. Also grazing 
density is not known. Thus it was not possible to include this factor in the 
analysis of the image time series. 
 
Thus, conceptualization of what constitutes change in gully erosion is 
necessary. This study has focused on conceptualizing the changes specifically 
for gully complexes mentioned in the study area section:  
 
• Change in area of a gully system: the gully features extracted by OOA 

are segments with area as a function of the number and dimension of the 
contained pixels. These segments can be converted to polylines, which 
gives the length, assumed to be the gully thalweg length. Gullies also 
increase in their width and depth, and consequently volume. However, in 
particular depth of the relatively narrow gullies considered in this work 
cannot be determined with optical satellite data. Hence, gully volume 
changes are not considered.  

 
• Change in gully density: the ratio of the total length of the gully features 

(extracted from OOA) within a sub-watershed and the total area (m/m2 or 
km/km2).  

 
Although some gullies form a single quasi-linear feature, many, if not most, 
form a complex network of gullies, i.e. a gully system, within an area (Table 
3.1). In the case where there is just a single gully in the field or a sub-
catchment it is easy to monitor and quantify its changes. However, for 
complex networks of gully systems individual measurements in terms of 
length, area and volume for every individual gully are neither practical nor 
meaningful. Regardless of the increase in the dimensions and the density of 
the gully features, it will make a little difference to the land managers as the 
land in between the individual gullies will no longer be accessible for the land 
utilization. Hence, in such locations it is more practical to determine changes 
in the area enclosed by the gully system boundary (GSB).   
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• Change in area enclosed by a GSB, which is the polygon containing all 
the segments of a gully system, derived by a concave hull method. Table 
3.1 gives the description and illustrations of different types of gully 
systems (Figure 3.2) for two different time periods to indicate the 
change. 

 
Table 3.1: Description and illustrations of different gully types, expected changes in 
them and assessment of the change 

Category and 
landscape position 

Gully system characteristic and 
identifier 

Expected change and 
type of assessment 

Valley bottom 
gully: Long, 
quasilinear 
features found on 
valley bottom and 
gentle slopes 
(Figure 3.2a).  

Occurs on arable lands and on 
colluvium or accumulated deep soil 
(from field observations) and 
functions as the main drainage 
channel of a sub-catchment. 
Runoff contribution from the entire 
sub-catchment.  
Clear boundaries of individual gullies. 
Typically causes hindrances in land 
utilization, especially while tilling. This 
is a common feature, not caused by 
land-use but primarily by an erosion 
base lowering, such as lake levels. 

Increases in area and 
volume (length, 
width and depth).  
 
Assessment by area.  

Simple gully on 
valley slopes: 
Quasilinear 
features found on 
gentle to moderate 
slopes (Figure 
3.2a).  

Occur in shallower soils and depth is 
controlled by the soil depth above 
bedrock. 
Runoff contribution from the upstream 
area of the gully head. 
Small mass movement activities 
resulting in backward erosion.  
Tend to stop at a lower slope angle.  
Clear to fuzzy boundaries of individual 
gullies. 
Consist of isolated large gullies 
surrounded by continued land-use 
activities. 

Increases in area, 
volume and density 
(length, width and 
depth depending on 
subsoil 
characteristics). 
 
Assessment by area 
enclosed by GSB and 
gully density 
 
 
 

 
 
 
 
 
-Same as above - 

Complex gully on 
valley slopes: 
Dendritic and 
anastomosing 
features usually 
found on moderate 
to steeper slopes, 
both on concave 
and convex slopes 
(Figure 3.2b and 
c).  

Occur in shallower soils, and depth is 
controlled by the soil depth above 
bedrock. 
Runoff contribution from the upstream 
area of the gully head.  
Continue as part of the surface 
drainage system. 
Individual gullies not identifiable, start 
of branches difficult to see due to 
fuzzy edges and boundaries.   
Typically occur with natural 
vegetation like shrubs and grass. 

 

 44 



Chapter 3 

 
 

  

Fi
gu

re
 3

.2
: 

S
ch

em
at

ic
 r

ep
re

se
nt

at
io

n 
an

d 
im

ag
e 

of
 p

la
us

ib
le

 g
ul

ly
 d

ev
el

op
m

en
t 

ov
er

 a
 p

er
io

d 
of

 e
ig

ht
 y

ea
rs

 (
20

01
-2

00
9)

. 
Fo

r 
m

or
e 

ex
pl

an
at

io
n 

of
 c

as
es

 a
, 
b 

an
d 

c 
se

e 
Ta

bl
e 

3.
1.

 

 45 



Quantifying temporal changes in gully erosion areas with object oriented analysis 

3.5 Data and methods  
The data used in the study are panchromatic and multispectral blue, green, 
red and near infrared (MSS) bands from Ikonos-2 and GeoEye-1. Table 3.2 
gives the details of the images used in the analysis. An overview of the data 
used and the method followed is given in Figure 3.3.  
 

 
Figure 3.3: Overview of the dataset used and the method followed in this study. Step 1 
indicates the data used and the data preparation phase and step 2 indicates the 
classification phase with in eCognition and step 3 indicates change analysis.  
 
Table 3.2: Image information 

Sensor Ikonos-2 GeoEye-1 

Spatial resolution (PAN and MSS), m 1 and 4 0.41 and 1.65 

Radiometric resolution, bit unsigned  16 16 

Date of acquisition 31-07-2001 20-07-2009 

Time of acquisition 11:23 11:09 

Sun angle azimuth, degree 130.93 124.63 

Sun angle elevation, degree 67.98 69.05 

Correction/ Processing level Geometric Geometric 
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3.5.1 Topographic derivatives and erosion indices 
Digital surface model (DSM) of 1 m was generated from GeoEye-1 stereo-pair 
together with the rational polynomial coefficients (RPCs) using 
photogrammetric software SAT-PP, developed by ETH Zurich (Zhang and 
Gruen, 2006). Nine ground control points obtained from a differential GPS 
(DGPS) survey were used to improve the orientation result of the RPC model. 
A vertical root mean square error (RMSE) of 0.37 m was achieved. Further, a 
digital terrain model (DTM) was derived from the DSM using Leica 
Photogrammetric Suite. A hydrologically corrected DTM is essential for 
quantifying topographic parameters. TauDEM  (Tarboton, 1997) was used to 
generate it. The process identifies all pits in the DTM and raises their 
elevation to the level of the lowest pour point (lowest point on the boundary 
of the watershed draining to the pit) around their edge. Further slope, D-
infinity (D∞) flow direction (FD) and specific catchment area (SCA) were 
produced using TauDEM.  
 
In real landscapes, flow probably converges (multiple cells flowing to a single 
cell) and diverges (a single cell flowing to multiple cells) at various places and 
times. D-infinity method of flow provides an alternative that allows for a 
limited representation of flow divergence. D∞ FD is calculated as a vector 
along the direction of the steepest downward slope on eight triangular facets 
centered at each grid cell. It encodes the angles in radians, counter-clockwise 
from East as a continuous quantity between zero and 2π. The D∞ 
contributing area represents the specific catchment area in the absence of a 
weight grid (a grid giving contribution to flow for each cell). These 
contributions are used in the contributing area accumulation.  
 
Gullies are formed by flow detachment of overland flow and, once they are 
large enough, also by small scale mass movement processes and tunnelling. 
The mass movement is also a consequence of flow erosion because the gully 
sidewalls are undercut by erosion at the gully bottom. A good measure for 
erosive power of overland flow is stream power, generally expressed as the 
product between discharge and slope (Govers, 1990). In the semi-arid study 
area the stream power can be obtained by event-based modeling. However, 
the relevant event data relative to the image time series was not available 
and at this point the study a simpler representation of the stream power was 
considered: the stream power index (SPI). The SPI replaces the dynamic 
overland flow discharge for the static specific catchment area reasoning that 
the larger the catchment, the larger the discharge will be in principle.  
 
Stream power is strongly correlated in a nonlinear way to sediment transport 
capacity which is the basis for many erosion models (Hessel and Jetten, 
2007; Rustomji and Prosser, 2001) give an overview of transport capacity 
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equations, whereby the discharge and slope have different exponents 
depending on the local situation. Again, since the true stream power was not 
acquirable, a sediment transport capacity index (STcI) was used: 
 
 
 

Eq.3.1 

 
 
 

Eq.3.2 

The constant 22.13 is a standard slope length (m) and 0.0896 is the sine of a 
standardized slope angle, both derived from the universal soil loss equation 
(USLE) experimental database. The parameters 0.6 and 1.3 are generally 
used for overland flow detachment (Hengl et al., 2003; Moore et al., 1993). 
These general USLE factors may not be specific or even meaningful for this 
area when used as absolute values of stream power, but they are needed to 
make STcI dimensionless. This analysis used STcI as a relative pattern of 
sediment transport, thus this is not considered a problem.  
 
The slope in SPI can be calculated in various ways. TauDEM calculates slope 
at the scale of a DTM grid cell (in this study the width of the valley bottom 
gully varied from at least 1 m to a few meters, covering a sufficient number 
of DTM grid cells to calculate channel slope). If the grid cell is in a channel 
then its slope refers to the channel slope, whereas if it is on a hill, is refers to 
hill slope. SPI generated from this slope was used to identify the valley 
bottom gullies (Section 3.4.4) that behave similar to the main channel for the 
sub-catchment.  

3.5.2 Data pre-processing 
A crucial part of change detection is the pre-processing of the data sets, 
which comprises a series of operations that includes radiometric, atmospheric 
and geometric correction.  In order to monitor surfaces over time on multi-
temporal imagery it typically has to be on the same radiometric scale, hence 
atmospheric corrections become mandatory. However, applications involving 
classification and class-based change detection do not necessarily require 
atmospheric correction, as long as the training data and the data to be 
classified are in the same relative scale. Since change detection in this study 
is classification-based atmospheric correction was not necessary (Song et al., 
2001). The first step was to resample the images from 2001 and 2009 to the 
lowest resolution, i.e., 1m panchromatic and 4m MSS, necessary to match 
the spatial resolution. This avoids situations were gully features are 
identifiable in the GeoEye-1 but not in the Ikonos-2 image, only due to the 
higher spatial resolution of the former, which would then be seen as a change 
of the gully systems. Next, the geometric distortion resulting from 
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topography, camera geometry, and sensor-related errors were corrected 
using rational polynomial coefficients-based orthorectification in Erdas Leica 
Photogrammetric Suite.  
 

3.5.3 Revision of the rule-set for gully feature extraction 
To reduce the computing load and also as a method to cross-validate the 
performance of the rule-set the image was divided in to two halves (region 
R1 and R2). The earlier rule-set for gully extraction (described in Chapter 2 
and Shruthi et al. (2011)) was adapted by including the SPI and STcI 
patterns. The rule-set consists of six steps: (i) segmentation of the image, 
(ii) derivation of flow direction angle (iii) generation of segment-based 
texture information using flow direction and spectral information, (iv) pre-
selection of potential areas of gully occurrence using slope, SCA and texture 
derivative; (v) identification of different gully types from the potential gully 
areas by re-segmentation and application of various thresholds and (vi) 
finally the removal of false positives.  

3.5.3.1 Segmentation and averaging angles of the flow direction in a 
segment 

First an optimal scale for multiresolution segmentation was estimated using 
the Estimation of Scale Parameter (ESP) method developed by Drăguţ et al. 
(2010). The scale parameter is an abstract term that determines the 
maximum allowed heterogeneity for the resulting image objects. The 
resulting objects for a given scale will be smaller for a heterogeneous data, 
than for a more homogeneous data. ESP tool is based on the concept of local 
variance and object heterogeneity (Woodcock and Strahler, 1987) to 
estimate the appropriate scales for segmentation. Multiresolution 
segmentation is a bottom-up region merging technique, which starts by 
considering each pixel as a separate object. Subsequently, pairs of image 
objects are merged to form bigger segments based on local homogeneity 
criteria, describing the similarity between adjacent image objects. The pair of 
image objects with the smallest increase in the defined criterion is merged 
and it terminates when the smallest increase of homogeneity exceeds the 
scale parameter (Darwish et al., 2013). Higher scale parameter result in 
larger segments and vice versa. Hence, a suitable scale has to be selected so 
that the segments created provide meaningful image objects, in this study 
corresponding to gullies. However, the scale parameter is dataset specific 
and varies with imagery/data used. A scale parameter of 109 was determined 
for a multiresolution segmentation using GeoEye-1 panchromatic, MSS and 
slope data (similarly 104 for Ikonos-2 data). Subsequently, the average angle 
of the FD within these segments was calculated using equation 3.3, and the 
angles later converted from radians to degrees.  
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Average FD angle within a segment =

22 yxx

y
2arctanx)atan2(y,

++
=  Eq.3.3 

Where, x: average cosine (FD), y: average sine (FD) within the 
segment.  

3.5.3.2 Texture-based flow direction analysis 
The high resolution image provided information to derive a general texture of 
the segments. The flow direction was compared to the terrain flow direction, 
to see if the flow lines with in the segment were directed perpendicular or 
parallel to flow. Perpendicular segments were subsequently discarded. The 
potential of using spatial texture variability information for mapping gully 
features has previously been explored in a few studies. For example, Bouaziz 
et al. (2009) successfully improved the maximum likelihood classification-
based gully mapping with ASTER data by using an all-direction Grey Level 
Co-occurrence Matrix (GLCM). They also identified that using a HRI yielded 
higher accuracy in mapping gully features. Also Stumpf et al. (2013) 
employed directional texture measure in OOA-based surface fissure 
detection. Shruthi et al. (2011) used GLCM calculated using the panchromatic 
band of Ikonos-2, and based on the flow direction of segments. They showed 
that the gully affected surfaces often show texture patterns directed along 
the steepest slope. Those are potential diagnostic features to distinguish 
them from surfaces with texture patterns oriented perpendicular to the slope 
direction (often prominently visible in panchromatic). They calculated texture 
for resampled DTM segments of 10 m x 10 m (i.e., a window containing 100 
pixels), which gave imprecise boundary information for the texture measures.  
 
Our revised method uses an improved approach where segments were 
derived from panchromatic, MSS and the slope layer, providing more realistic 
units considering the local gradient with in the segment. The direction of flow 
in multiple directions was derived from the original 1m DTM, preserving the 
topographic information. The texture parameter in eCognition, GLCM, was 
calculated along one of four directions: NS, EW, NE-SW and NW-SE (Haralick 
et al., 1973). Subsequently, within each flow direction segment the 
normalized GLCMs of the GeoEye-1 PAN data were calculated in the direction 
of flow Afd and perpendicular to the flow Ofd. In particular the quotients of 
GLCM contrast orthogonal to the direction of flow (ConOfd) (Eq. 3.4), GLCM 
correlation orthogonal to the direction of (CorOfd) (Eq. 3.5) and GLCM 
correlation along the direction of (CorAfd) (Eq. 3.6) perpendicular to flow 
direction were used to highlight areas. 
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Eq.3.4 

 
 
 
 

Eq.3.5 

 
 
 Eq.3.6 

Where, i is the row number, j is the column number, N is the number of rows 
or columns, Pi,j is the normalized value in the cell i,j, μi,j the mean of the 
texture, σi,j the std. deviation of the texture within the segment.  

3.5.3.3 Gully classification 
Identifying potential areas of gully occurrence 
Areas that are located on gentle to steep slopes (> 5°), with relatively higher 
specific catchment area (≤ 55 m2) and that are textured predominantly along 
the direction of flow (CorAfd > 0.73), were classified as potential areas of gully 
occurrence (PAGO) within the test region R1, and were used for further 
analysis.  Determining the threshold of all image-based parameters was 
largely empirical, mainly the spectral information and the topographic 
parameters. Variation in the physically-based topographic parameters was 
estimated from the analysis of catchment characteristics. Sensitivity of the 
thresholds based on the image resolution is discussed further in Section 
3.4.5. 
 
Extraction of gully candidates 
First, multiresolution segmentation was executed on the panchromatic and 
MSS images within PAGO with a scale factor of 41 (determined from the ESP 
tool using only panchromatic and MSS images of GeoEye-1). From the 
resulting objects, valley bottom gullies were extracted using a high SPI value 
(> 580), and by eliminating extremely steep slopes (> 40o) and objects with 
a high length/width ratio (> 4 m), as they are lengthier than the gullies on 
slopes and extending almost along the entire valley floor. Subsequently, the 
edges of the valley slope gullies were identified within the potential area of 
gully occurrence.  
 
To achieve this segments within R1 were further segmented by chessboard 
segmentation with object size one. This segments the candidate object into 
equal squares of a given size, in this case to re-establish the original image 
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components (pixel level). The panchromatic data, layer with the highest 
spatial resolution, were used to extract gully edges (or the gully boundary) 
using a Canny edge detection filter (Canny > 0) at pixel level, keeping the 
default settings. Canny edge detection has previously been successfully 
applied on natural scenes, such as for detection of lineaments and drainage 
lines from satellite imagery (Marghany et al., 2006). Unlike the usual output 
of Canny edge filter (binary map of 0 and 1) eCognition gives a 32bit float 
output with values ranging from 0 to 1.  
 
The remaining PAGO were further segmented using multiresolution 
segmentation with a relatively smaller scale of 13 using only the 
panchromatic data (so that area inside the gully boundary can form a 
segment of an individual gully).  Lastly, a (prototype) contrast filter (a 
prototype filter algorithm within eCognition) was applied on the panchromatic 
data with a mean difference calculation mode at pixel level (contrast < 0) to 
extract valley slope gullies. The contrast filter generates 32 bit floating point 
data with values ranging between -271 and +387. The negative values are 
the darker shadowed regions typically existing within the gully boundary due 
to the local concavity of the terrain as a result of soil loss. The gullies on 
valley slopes included both simple and complex gully systems within the 
PAGO and gully edge segments with sufficient STcI (≥ 54) (area indicating 
steeper slopes with smaller SCA or areas with larger SCA with moderate to 
gentle slope). All types of gullies as indicated in Table 3.1 were extracted 
without distinguishing them as simple or complex gully systems (Figure 3.2).  

3.5.3.4 Removal of false positives   
The final step in gully feature extraction in eCognition was the removal of 
false positives, i.e. other quasi-linear features that were misclassified as 
gullies. This included segments identified as vegetation, texture orthogonal to 
the FD corresponding to cattle tracks or plough lines, and bright patches 
corresponding to exposed soil, rock outcrops or marl layer (specific to the 
region’s geology), low length to width ratio (this ratio is generally higher in 
valley bottom gullies, which are formed through the thalweg of the 
catchment, than in valley slope gullies). A combination of different spectral, 
geometric and texture thresholds, based on process knowledge such as FD, 
was used to remove most of the false positives (Table 3.3). Unfortunately, 
the spectral thresholds related to brightness and NDVI are very different 
because of the differences in time of day and exposure, NDVI and vegetation 
abundance in a specific year. For example, due to scarce rainfall in 2001 (378 
mm) the vegetation cover was less, while the rainfall during 2009 (664 mm) 
was well above average and favored good vegetation cover. This cannot be 
avoided because every image is different in its details; hence adaptation of 
thresholds for different areas and images is needed.  
 

 52 



Chapter 3 

Figure 3.4 illustrates the steps adopted in the gully feature extraction for a 
subset area (dashed box in Figure 3.1). The same rules were applied to the 
rest of region R2 for gully feature extraction, which tested the performance of 
the rule-set and also represented a cross-validation step. The valley bottom 
gullies and valley slope gullies were later combined and assigned as gullies. 
These gullies were later exported as a raster file. The skeleton of the gully 
features that describes the inner structure of an object was obtained by 
performing a Delaunay triangulation of the object shape polygons, and 
exported as polyline shape files (Robinson et al., 1992). This revised rule-set 
was applied on the Ikonos-2 and GeoEye-1dataset. Due to their different 
spatial resolution, the optimal scale for multiresolution segmentation was 
different, and thus determined separately using ESP (Section 3.4.4.1). 
However, the same topographic derivatives were used for both years for the 
change analysis (generated from the 2009 stereo image). The same 
procedure was followed for the second set of imagery. Texture along FD 
CorAfd > 0.84 (Section 3.4.3.3) was used for identifying potential area of gully 
occurrence in the 2001 imagery as the image was captured on a different 
day, resulting in different spectral information than the earlier image. The 
rest of the parameters and thresholds remained the same for extracting 
potential valley bottom and valley slope gullies. The parameters used in 
removing the false positives are listed in Table 3.3.  
 

 
Figure 3.4: Steps adopted in gully feature extraction: (a) segments with potential 
areas of gully occurrence, (b) segments with valley bottom gully, gully edges and 
valley slope gullies, (c) false positives along with true gullies. The subset in the 
rectangle is enlarged on the right. 
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Table 3.3: Criteria for excluding false positives in two images 
Criteria   False positives 2009 False positives 2001 

Valley bottom gully 

Vegetation on steeper 
slope gradient 

Slope > 20° Slope > 20° 

NDVI ≥ 0.45 NDVI ≥ 0.05 

Low length/width ratio Length/width > 2 Length/width > 2 

Exposed soil and rocks Brightness ≥ 320 Brightness ≥ 537 

 
Valley slope gully 
Texture orthogonal  
to FD CorOfd ≤ 0.6 CorOfd ≤ 0.4 

ConOfd ≤ 29,000 ConOfd ≤ 1,200 

Vegetation NDVI ≥ 0.45 NDVI ≥ 0.04 

Exposed soil and rocks Brightness ≥ 320 Brightness ≥ 580 

Low area Area ≤ 3 Area ≤ 3 

3.5.4 Quantifying gully changes  
Changes were quantified for three sub-watersheds (SW1, SW2, SW3). 
Section 3.3 explained different ways to quantify gully dynamics (area 
enclosed by GSB and gully density, as a proxy for change in the gully 
systems). Hence, polygons showing a GSB within each sub-watershed were 
generated by connecting the gully incision points using a concave hull 
approach. The Feature Outline Masks tool in ArcGIS, with a margin of 1 m, 
was used to generate the concave hull polygons (by selecting the Exact 
Simplified method), which were later aggregated (using the Dissolve tool) to 
form one polygon. Concave hull polygons were generated for both the visual 
digitization and OOA results for the gully systems in 2001 and 2009. It also 
provides the basis for an accuracy assessment of the OOA-based feature 
extraction method (difference in gully system boundary of reference visually 
digitized data - GSBR and gully system boundary from OOA - GSBO). The 
GSBR were visually interpreted by three geomorphology and erosion experts, 
and verified with field observations.  
 
Gully density within the sub-watershed was calculated using the 
measurement of total gully length (skeleton exported from OOA) per area of 
the sub-watershed. Gully density for the whole area was estimated using the 
line density tool in ArcGIS. The density was calculated as the ratio of total 
length of the gully within the circular kernel (50 m search radius) by the total 
area of the circular kernel.  The overall change in gully density over a period 
of eight years is obtained by taking the difference of gully density between 
the two years. 
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3.5.5 Sensitivity analysis  
The gully feature extraction is sensitive to the quality and the resolution of 
the imagery used in the rule-set, and needs to be investigated. First the 
analysis was based on the resolution of the optical imagery used in the rule-
set. The GeoEye-1 image with its original resolution of 0.41 m 
(panchromatic) was resampled to 0.5 m, 1 m, 2.5 m and 5 m and 10 m. 
Edge and Contrast layers were generated from the panchromatic data for all 
the resampled images and used with the rule-set (keeping the original DTM 
and its derivatives - Slope, FD, SPI and STcI). Similarly, GLCM correlation 
from panchromatic was calculated for every segment to check the influence 
of resolution on the texture derivative. 
 
The second analysis was based on the resolution of the DTM used in the rule-
set. The original DTM with 1 m resolution was resampled to 5 m, 10 m and 
15 m. Slope, FD, SPI and STcI generated using the original and resampled 
DTM and GeoEye-1 data with their original resolution of 0.41 m were used in 
the original rule-set. 
 
Finally, the sensitivity of gully extraction to the quality of DTM used in the 
rule-set was investigated by artificially adding peaks and pits in the original 
DTM to create a hydrologically improper DTM. 

3.6 Results and discussion 

3.6.1 Gully system dynamics 
The revised rule-set estimated an area (based on individual pixels) of 
251,167 m2 affected by gullying in the 2001 imagery, and about 294,760 m2 

in 2009, an increase in total gully area of 17% over eight years. Figure 3.5a 
and b shows the gully systems extracted for the whole area in 2001 and 
2009.  
 
Nevertheless, in accordance with the conceptualization of gully change it is 
necessary to determine both the change in area of the GSB as well as gully 
system density within the sub-watersheds. Table 3.4 provides the changes in 
GSB for the three SWs from 2001 to 2009 for gullies extracted with the OOA 
method (GSBo). SW1 showed a moderate increase in area enclosed by GSB, 
about 21% (Figure 3.6 a3 and a4). In case of SW1 (gully systems on 
moderate slopes) field investigations revealed the presence of soil slumps in 
the up-slope region of the gully head (small hollows grow into gully heads) 
and gully head collapse, which increased the gully length and subsequently 
the GSB. SW2, representing gully systems on steeper concave slopes, despite 
having favorable topography and potential for collecting higher flow 
accumulation, displayed minimum change in the area of GSB (11%). This is 
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mainly due to the fact that SW2 already displayed high degradation during 
2001, and the upslope area available for gullies to retreat was limited. Hence, 
by 2009 only a minor increase in gully area had occurred (Figure 3.6b3 and 
b4). SW3 (representing gully systems on steeper convex slopes) shows a 
higher % increase in area enclosed by GSB, about 91% (Figure 3.6c3 and 
c4). The gully system in SW3 displayed backward erosion (gully headcut 
retreat).  
 
In situations where the GSBs show very minimal change but display 
increasing erosion networks within the system boundary, gully density is a 
better characteristic than a simple change in area of GSB. Table 3.5 provides 
the changes in gully density within the three SWs from 2001 to 2009. SW3 
showed a higher increase in gully density than the other two sub-watersheds, 
a 109% increase over eight years. This is due to the presence of gully system 
on a steeper concave slope that favors higher flow accumulation zones. 
Similar conditions apply to the increase in density of the gully system in SW2, 
about 104%. SW1 showed a lower change in density value (81%), as it is 
located on moderate to gentle slope, and most of the upslope area is being 
used for cultivation. The area in the upslope of the gully system is prepared 
by ploughing, which helps in diverting the portion surface flow from headcut, 
and reduces the effect of flow accumulation from the upslope area (Table 
3.1).  

 
Figure 3.5: Gully systems extracted for the study area in 2001 (a) and 2009 (b) 
overlaid on panchromatic images. Gully density (km/km2) shown for the whole area in 
2001 (c) and 2009 (d), overlaid on the DTM and panchromatic image. 
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Figure 3.6: Changes in gully system boundaries (GSB) over a period of eight years in 
three different sub-watersheds. GSB for visually digitized gullies in 2001 (a1) and 2009 
(a2), GSB for gullies extracted from OOA in 2001 (a3) and 2009 (a4) for SW1. 
Similarly (b1,2,3,4) and (c1,2,3,4) are for SW2 and SW3, respectively. 
 
The gully density for the whole area is shown in Figures 3.5c and d. Figure 
3.7 shows the overall change in gully density over a period of eight years 
(difference between Figures 3.5c and d). Gully density during 2001 ranged 
from zero to 653 km/km2, while by 2009 the density ranged from zero to 
914 km/km2. Gully systems on both steeper concave and convex slopes 
displayed an increase in density, indicating favorable conditions for gully 
dynamics.  
 
Table 3.4: Change in area enclosed by GSB from 2001 to 2009, for gullies extracted 
from OOA  
Sub-
Watershed 

2001 GSBO, 
m2 

2009 GSBO, 
m2 

Change in GSBO over 
2001-09, % increase 

SW1 9,174 11,077 21 

SW2 60,414 67,159 11 

SW3 8,547 16,348 91 
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Figure 3.7: Overall change in gully density over a period of eight years (difference of 
the Figure 5c and d). 

3.6.2 Accuracy of feature extraction  
The results indicated a good visual agreement between the reference GSBR 
and the GSBo OOA results (Figure 3.6). The differences in the area of GSBR 
and GSBO for the three sub-watersheds are shown in Table 3.6.  
 
When comparing the manually digitized outline with the automatic extraction 
results, simple erosion structures extracted on gentle slopes (Figure 3.2a) in 
SW1 show very good agreement; a negligible overestimation of only 1% and 
4% for the 2001 (Figures 3.6a1 and a3) and 2009 (Figures 3.6a2 and a4) 
images, respectively.  
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Table 3.5: Change in gully density within three sub-watersheds from 2001 to 2009 
Sub-
watershed 

Area, m2 Total length 
of gully in 
2001, m 

Total 
length of 
gully in 
2009, m 

Density in 
2001, m/ 
m2 

Density in 
2009, m/ 
m2 

Change in 
gully density 
over eight 
years, % 

SW1 284,368 1,141 2,067 0.004 0.007 81 

SW2 88,755 7,893 16,091 0.089 0.181 104 

SW3 22,630 998 2087 0.044 0.092 109 

 
Table 3.6: Difference in area enclosed by GSB between digitized reference gullies 
(GSBR) and OOA extracted gullies (GSBO) 
Sub-
water 
shed 

2001 
GSBR, m2 

2001 
GSBO, 
m2 

Difference 
in GSB, m2 

2001 
over/under 
estimation, 
% 

2009  
GSBR, 
m2 

2009  
GSBO, 
m2 

Difference 
in GSB, m2 

2009  
over/under 
estimation, 
% 

SW1 9,113 9,174 61 1 10,658 11,077 419 4 

SW2 37,728 60,414 22,686 60 54,110 67,159 13,049 24 

SW3 8,958 8,547 -411 -5 16,913 16,348 -565 -3 

 
Also the results for more complex systems (Figure 3.2c) as in SW3 are in 
very good agreement, showing a negligible underestimation of -5% and -3%, 
respectively, for the 2001 (Figures 3.6c1 and c3) and 2009 (Figures 3.6c2 
and c4) images. SW2 (Figure 3.2b) posed a greater problem, as indicated by 
substantial overestimation rates of 60% and 24%, respectively, for the 2001 
(Figures 3.6b1 and b3) and 2009 (Figures 3.6b2 and b4) images. The reason 
for the discrepancy is the visual reference mapping that is unable to capture 
the weak signature of erosion traces, leading to a comparatively small gully 
system boundary. Visual interpretation based on field verification was the 
only option available to generate the reference data in the absence of any 
other field/experimental data. However, OOA was more effective in capturing 
those finer erosion traces, leading to a more accurate identification of the 
gully system and further delineation of the GSB. Hence, what appears to be 
error in the OOA processing actually illustrates the limitations of visual image 
analysis and digitizing (Shruthi et al., 2011). 

3.6.3 Sensitivity analysis  
Optimal threshold of the image parameter or topographic derivatives depends 
on the quality and resolution. The resolution of the image is an indication of 
the potential details of the features in the image. The actual detail involves a 
combination of image resolution and the scale at which the image is printed 
or viewed. If a high resolution image (1 m resolution) is printed at a scale of 
1:500,000 it will not be possible to see much of the detail that is in the image 
because it is printed too small (Horning, 2004). The inverse is also true. So 
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the study analysed the effect of variable resolution and quality on gully 
feature extraction.  
 
The sensitivity of gully feature extraction to the resolution (0.5 m, 1 m, 2.5 
m and 5 m and 10 m) of the imagery and its effects on the edge layer, 
contrast layer and texture value is illustrated in Figure 3.8. The accuracy of 
the gully features extracted decreased with a decrease in image resolution. 
While it was difficult to identify the exact boundary of the gullies with 5 m 
resolution data, the data with 0.5 m resolution were able to map the exact 
boundary of the gullies. The main reason for this is the actual size of the 
gullies in the area, they are narrow (<10 m) and discontinuous in nature, 
hence, when the resolution of the imagery gets coarser the gully boundaries 
get fuzzier and it becomes difficult to identify and map them. Similarly, the 
texture derivative, GLCM correlation, calculated for every segment displayed 
no significant influence due to the change in the resolution; they only showed 
a decrease in the texture value as the resolution got coarser. The potential 
area for gully occurrence was still identified in different resolution. The 10 m 
data did not provide much information on the gully presence. Although there 
is some hidden information on the gully presence, it was not possible from 
the rule-set or visually not possible to identify any features from this data 
and thus was not included in the illustration. 
 
The second sensitivity analysis was based on the resolution of the DTM used 
in the rule-set. The original DTM with 1 m resolution was resampled to 5 m, 
10 m and 15 m. Slope, FD, SPI and STcI generated using the original and 
resampled DTM and GeoEye-1 data with its original resolution of 0.41 m were 
used in the original rule-set (Figure 3.9). The analysis showed that the rule-
set was not sensitive to the resolution of the DTM used. Resolution did not 
have a major role in FD calculation as it was averaged over the segment 
before the texture variable was calculated. Mean Slope calculated for every 
segment was used for the identification of potential area for gully occurrence. 
The mean slope value decreased with coarser resolution of the DTM. The SPI 
and STcI also displayed similar behavior. Hence the resolution of the DTM 
showed no significant effect on the identification of potential erosion area and 
source of sediment (area with higher SPI and STcI) for extracting the gully 
features (Figure 3.9). 
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Figure 3.8: Sensitivity analysis of different resolutions of optical imagery (including the 
near infrared) and its derivative edge and contrast layers used in the rule-set. The 
value of the GLCM correlation is for the white segment shown on the panchromatic 
image (PAN). Panchromatic images with different resolutions (a1, 2, 3 and 4), edge 
layer extracted for each of the panchromatic image (b1, 2, 3, and 4), Contrast layer 
extracted from PAN (c1, 2, 3, and 4), gully edges extracted and displayed on PAN (d1, 
2, 3, and 4) and gullies extracted and displayed on panchromatic (e1, 2, 3, and 4). 
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Figure 3.9: Sensitivity analysis of different resolutions of the DTM and its derivatives 
Slope, SPI and STcI used in the rule-set. The values inset give the range of each 
variable with different resolution. DTM in meters with different resolutions (a1, 2, 3 and 
4), Slope in degree (b1, 2, 3, and 4), SPI (c1, 2, 3, and 4), STcI (d1, 2, 3, and 4) and 
gullies extracted and displayed on PAN (e1, 2, 3, and 4). 
 
Finally, the sensitivity of gully extraction to the quality of DTM used in the 
rule-set was investigated by artificially adding peaks and pits in the original 
DTM to create a hydrologically improper DTM. An extremely degraded DTM 
with large areas of extreme pits and peaks failed to identify gullied area 
(hence, not illustrated). However, the investigation of a DTM with a few small 
areas of pits and peaks (1 to 5 pixels) revealed that the quality of DTM had 
no influence on gully feature extraction (Figure 3.10). The slope in this 
artificially created DTM ranged from 0° to 89°. But the mean slope of the 
segment was used in identifying the potential gully area, hence, the higher 
value of the slope were averaged with other pixel value to reduce the slope. 
Figure 3.10c illustrates the variation in slope within one of the segment (in 
red). The segment consisted of 2464 pixels, out of which 66 pixels had a 
slope > 89°, while the remaining pixels had slope in the range of 5°– 22° 
(Figure 3.10d shows the mean slope of the segment in red as 15.6°). The SPI 
and STcI also displayed higher values on the artificially created peaks and 
showed lower values in the pits. But the values were averaged with in the 
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segment to identify of potential erosion area and source of sediment (area 
with higher SPI and STcI) for gully feature extraction. 
 

 
Figure 3.10: Sensitivity analysis of quality of DTM and its derivatives Slope, SPI and 
STcI used in the rule-set. 3D view of the subset area with original DTM (a), 
hydrologically improper DTM with artificially created peaks and pits (b), slope ranging 
from 0° to 89° (also with in the segment in red) (c), mean slope ranging from 0° to 29° 
(15.6° for the segment in red) (d), SPI and STcI (e and f), gullies extracted and 
displayed on PAN (g). 

3.6.4 Challenges and uncertainties in gully feature 
extraction 

Gully feature mapping is a challenging problem, even in the field. This is due 
to the highly variable nature of erosion features, which range from 
pronounced features (typically in central sections of an erosion system) to 
those with barely perceptible margins. As such, delineation of entire systems 
is more complicated than detection of principal gully features. Validation is 
also not straightforward, since the construction of the validation data is 
affected by the same ambiguities. The validation of features extracted with 
the visually digitized gully systems showed a negligible over- and 
underestimation of the area enclosed by the GSB (except in case of SW3 with 
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significant overestimation, which occurred mainly due to the factors 
mentioned above). In case of a degradation process such as gully erosion, 
overestimation of the affected area is nevertheless acceptable for planning a 
soil conservation and management practice, especially when heuristic 
generalization methods are applied. It is, however, important to identify the 
uncertainties (especially, spatial resolution of the stereo pair used, accuracy 
of the DSM generation and further photogrammetric corrections for DTM 
generation, and the topographical derivatives calculated from it, mainly local 
slope values that are highly sensitive to artifacts) that cause discrepancy in 
the accurate gully system mapping.   
 
Subjective selection of parameters and manual threshold definition makes 
the rule-set flexible and adaptive to different regions; however, it limits wider 
application due to high variation in the features to be identified. This can be 
addressed by using advanced data mining techniques such as Random 
Forests (RFs) (Breiman, 2001), which help in identification of suitable feature 
identification parameter and thresholds. The potential of RFs has been tested 
in gully density mapping and other geomorphological processes, such as 
landslides. Shruthi et al. (2014) successfully demonstrated an improved 
method for mapping gully systems using OOA along with a Random Forest 
model that classified and predicted the gully systems at regional scale using 
ASTER data. Although it was difficult for the rule-set to understand the 
patterns of gully systems from coarse resolution data (as mentioned in 
Section 3.5.3) RF allows the discovery of useful but otherwise hidden 
patterns within coarse resolution data (discussed in next paragraph). Kuhnert 
et al. (2009) developed a new method to investigate the errors in gully 
erosion model predictions, for examining the uncertainty in gully density 
predictions and calculations of gully erosion, using  RFs. Their analysis 
casts doubt on the predictive ability of gully erosion models that use 
sediment transportation. Stumpf and Kerle (2011) successfully demonstrated 
a procedure of variable selection through RFs, using them in conjunction with 
OOA to map landslides.  
 
As tested in the sensitivity analysis (Section 3.5.3) another reason for 
classification errors is the spatial resolution of the optical imagery used, 
which strongly influences the level of gully detectability. It was possible to 
identify finer gully edges in the 0.5m resolution image than in the 1m data or 
other coarse resolution data; this influence the occurrence of false positives 
which directly affects the gully system classification and in turn GSB.  In 
addition to the resolution the brightness values also depends on the condition 
of the land surface during the image capture. It depends on the spectral 
heterogeneity of the environment which is affected by variability in moisture, 
organic matter, mineral content, shadow and atmospheric conditions. In this 
study it was possible to perform change detection with imagery of the same 
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season. But in case of unavailability of imagery of same season Vrieling et al. 
(2007) have shown that gullies can be detected by combining dry and wet 
season imagery with a good accuracy. The factors mentioned above also 
influence the texture, which strongly affects the performance of GLCM 
calculation (Ozdemir et al., 2008), and results as false positives.  
 
Due to these challenges and uncertainties errors may have propagated, 
leading to misclassification of gullies, including the overestimation of the gully 
features observed for SW2.  

3.7 Conclusions 
The study was conducted with the aim of quantifying temporal changes in 
gully system areas using object oriented analysis, in the context of various 
stakeholders. The study successfully achieved the objectives by developing 
improved rule-set using attribute knowledge favorable to gully related 
process (mainly stream power index and sediment transport capacity index). 
The revised rule-set established the topographical and image thresholds for a 
given area using high temporal and spatial resolution optical imagery. 
Texture-based on flow direction has improved the identification of potential 
gullied area. However, averaging the flow direction angle (from infinite flow 
direction) for a segment and assigning it to one of the four directional classes 
to obtain texture information within the segments showed little 
improvements in the texture calculation.  
 
The use of process-related knowledge in the revised method has improved 
the gully feature extraction (more in terms of correctly distinguishing the 
false positives and true positives). In this rule-set a stream power index was 
used to help distinguishing the long valley floor gullies, which coincides with 
the fact that these are flow erosion features occurring in locations where all 
catchment drainage occurs. The valley slope gullies, however, are a 
combination of flow erosion features and backward erosion (partly small 
mass movements), which is less linked to water and more to sediment 
transport, hence the use of sediment transport capacity index. The rule-set 
developed for the region one (R1) was successfully used to classify the gullies 
in R2, validating the performance of the method.  
 
OOA proved to be an effective method in capturing finer gully traces, leading 
to a more accurate identification of the gully system and further delineation 
of the gully system boundary. In many cases what appears to be error in the 
OOA processing actually illustrates the limitations of visual image analysis 
and digitizing also indicated in Shruthi et al. (2011). In addition to this, 
object-based gully mapping remains objective and practical than traditional 
methods (visual image interpretation or pixel-based methods). The quality of 
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a visual interpretation depends on the experience of the individual and 
familiarity with the area.  The results may be good but may also be wrong, 
since individuals who for instance are experts in desertification index 
assessments may not be particularly skilled in hand interpretation or 
knowledgeable in gully erosion. This method will least provide an objective 
and repeatable work around. It’s only subjective parts are the thresholds 
applied in the rule set. Nevertheless, the procedure reliably uses the same 
evaluation criteria, hence does not suffer from human subjectivity. It is 
certain that with increasing size of the area to be mapped (provided the 
area/number of gully systems grows at the same time) the method becomes 
more beneficial, since the effort to analyse manually would grow linearly with 
the number of gullies, but the OOA processing effort would not. It is thus 
better suited to provide one of the essential information for land managers to 
support their decision making processes, as well as for the erosion research 
community. Once the thresholds are determined for the test region, the time 
needed to map gullies for entire region using the same rule-set was much 
shorter than the time to digitize gullies manually (three sub-watersheds used 
in accuracy assessment). 
 
Most parts of the method used for gully feature extraction are generic and 
transferable i.e., the rule-set developed for one region was used to classify 
the gullies in another region (within the same imagery) without modification. 
The same rule-set is applicable for the entire Sehoul region (390 km2) as the 
gully features have similar characteristic throughout the region (as described 
in Table 3.1). In addition to this the region comes under one climate regime 
that has similar topographic and geomorphological characteristic. The 
landscape positions where gullies occur remain the same throughout the 
region.  Hence, it is very easy to employ the same rule-set for the entire 
region. However, the rule-set will require adaptation when used for a 
different region with varied gully feature characteristics, topography and 
geomorphology. Or for the same region if a different set of imagery area 
used the existing rule-set has to be customized and adopted for the new 
imagery, limiting its application to regional scale. Erosion-related process 
knowledge was used in removing the false positives; however, most of them 
were still removed based on image spectral information. This makes the rule-
set sensitive to the thresholds used. It was also determined that the rule-set 
is more sensitive to the spatial resolution of the imagery used than the 
quality or resolution of the digital terrain model and its derivatives. With such 
limitations and the high variation in the features to be identified and wide 
range of data/information availability, using advanced data mining techniques 
may help in identification of suitable feature parameter and thresholds for 
gully analysis. Further study will focus on this (Chapter 4). 
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Capturing the dynamics of the gully system is essential for decision making in 
any land and soil management work, hence it requires a change detection 
approach. This required a clear definition of what constitutes change in a 
gully erosion context. The most practical and appropriate approach for 
change detection in a region with several complex networks of gully systems 
is based on the detection of area enclosed by the gully system boundary and 
gully system density within sub-watersheds. This study provides information 
on the location of gullies, gully dynamics over a period of time and the 
degree of land degradation (gully density) which is a valuable input for 
developing and implementing soil conservation measures.  
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Object-based gully system prediction from 
medium resolution imagery using Random 
Forests* 

* This chapter is based on the article: Shruthi, R.B.V., Kerle, N., Jetten, V., Stein, A., 
(2014) Object-based gully system prediction from medium resolution imagery using 
Random Forests. Geomorphology, 216, 283-294. 
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4.1 Introduction 
As mentioned in the earlier chapters, mapping gullies is crucial for monitoring 
erosion and studying its impacts, as it forms the basis for management 
decisions, such as prevention and remediation of potentially degraded areas. 
This depends on reliable, landscape-level maps produced from sample 
locations. The fact that current and detailed land degradation maps are 
typically unavailable for the vast regions worldwide results in the necessity to 
develop methods that can help in creating maps that can be used by 
policymakers to identify areas for gully prevention and remediation, 
especially with limited information (e.g., limited high spatial resolution 
remote sensing imagery, topography, soil and geology information). 
 
Mapping these features over large areas using remote sensing data analysis 
has proved to be a better approach than field-based mapping, given 
challenges in site accessibility, variability in gully size, shape and occurrence 
(Knight et al., 2007), and highly variable spatio-temporal dynamics 
characterizing such areas. Further, Shruthi et al. (2011) showed that object-
based image analysis (OOA/OBIA) of high spatial resolution imagery (HRI) 
can improve the identification of narrow gullies and gully systems that are 
otherwise difficult or impossible to be identified from courser resolution 
images (Chapter 2). The method was extended to study the dynamics in the 
gully systems (w.r.t change in extent and density; Chapter 3). They showed 
that the density of these gully systems has been increasing over the years. 
However, the study was limited to a small  region due to the limited coverage 
of the HRI imagery (Shruthi et al., 2014). In such situations tools to 
extrapolate findings revealed via intensive local research across a larger area 
is needed (Prasad et al., 2006), as it is not practical to acquire HRI for larger 
area because of high costs involved. In addition, measures to stabilize gullies 
have to be designed for the entire area; this, however, can be too expensive 
to be implemented in the whole region, leading to the necessity to prioritize 
areas most urgently requiring conservation strategies. This requires detailed 
erosion extent maps at landscape or regional scale.  

4.2 Image processing and GIS applications for 
gully prediction studies 

Several researchers have attempted to predict the occurrence of gullies from 
landscape factors. Poesen et al. (2003) showed that there are strong 
relations between combinations of slope and contributing catchment area to 
the area of gully initiation. Similar relations are available for the end points of 
gullies. This has led to landscape analyses based on digital terrain models 
(DTMs) and derivatives. Other variables, such as soil type, geology and land 
use, are considered important but are usually not available in sufficient 

 74 



Chapter 4 

detail. Jetten et al. (2003) combined process modeling and landscape 
analysis to show that in principle gully development can be simulated, but 
such approaches are rarely able to predict the exact location of gullying. 
Hence, such simulation makes it difficult to compare predicted and observed 
gullies. 
 
Remote sensing and analysis of remotely sensed data can help both 
modelling and field-based erosion assessment. Hence, a practical alternative 
to identify gully systems or areas prone to gullying in the landscape could be 
based on the assumption that the presence of gully systems can be 
determined from a combination of spectral, textural, geometrical and 
geographic features (elevation and its derivatives) from medium or coarse 
resolution image through statistical data modeling. 
 
Multivariate linear or logistic regression methods have been used in many 
earlier studies for classifying geographical features at large scales, for 
example Hughes et al. (2001) and Vanwalleghem et al. (2005). These 
methods, however, do not always yield satisfactory results, mainly due to 
unintentional and difficult-to-detect overfitting of the supposed relation 
between predictor variables and gully presence, so that the model is sensitive 
to just a few individual observations. The fitted regression coefficients often 
do not extrapolate well to areas other than original dataset. The substantial 
variability in gully occurrence, factors and environmental conditions and 
complex remote sensing datasets produce a vast database that is ill-suited 
for human interpretation, as it is strongly affected by inaccuracies created by 
individuals interpreting the data, so that there is a strong possibility of 
incorrect but influential observations. 
 
A number of computational statistical methods have recently emerged from 
the machine learning domain that are of potential use for image data 
interpretation of large datasets. Some of the commonly used methods are 
Regression Tree Analysis (RTA), Bagging Trees (BT), Multivariate Adaptive 
Regression Splines (MARS), Support Vector Machine (SVM) and Random 
Forests (RF). However, these methods have some limitations. Small 
perturbations in input data can produce highly different model output in RTA 
(Iverson et al., 2004), the bias component of the error in BT is only 
marginally better than in single RTA (Prasad et al., 2006), MARS is  
excessively guided by the local nature of the data (Iverson et al., 2005) and 
SVM models depend heavily on the choice of kernels. Although RF has a few 
disadvantages as discussed below, it often outperforms these other methods 
(Berk, 2006; Breiman, 2001). Prasad et al. (2006) and Diaz-Uriarte and de 
Andres A (2006) have shown that RF has superior predictive capability for 
feature mapping when compared to other methods, especially when using 
coarse resolution data from multiple sources. However, the disadvantage is 
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that RF is more of a ‘‘black box’’ approach compared to other methods, and it 
can be very demanding in terms of computation time (Prasad et al., 2006). 
In RF samples are repeatedly drawn to a construct large number of decision 
trees, and each tree is grown with a randomized subset of predictor 
variables, hence the name “Random Forests”. The generalization error (the 
true error as opposed to the training error) is limited in RF because of 
growing large number of successive decision trees. This means that 
overfitting is not possible, making it a very useful feature for prediction, 
especially extrapolation (Prasad et al., 2006). RF has demonstrated 
promising results when analyzing complex remote sensing datasets (Watts et 
al., 2009), as it allows the discovery of useful, otherwise hidden patterns 
within large volumes of data. RF was therefore chosen as the model to 
classify and predict the gully systems in the present study.  
 
RF is based on ensembles of classification trees and can handle missing 
values and continuous, binary or categorical variables. Prasad et al. (2006) 
showed that growing large numbers of trees does not overfit the data, and 
selecting the predictor variables randomly keeps the bias low. RF is well 
suited for the analysis of large unbalanced data sets. It can represent highly 
non-linear decision boundaries and is capable of dealing with large number of 
predictor variables (Kartasheva and Traskin, 2011). This approach presents a 
very promising technique for a wide range of environmental problems due to 
its flexibility, adaptability, interpretability and performance (Kuhnert et al., 
2009). 
 
Although individual trees in RF cannot be examined separately, the classifier 
provides several metrics that aid in interpretation of results: Variable 
importance (VI) which is an assessment of relative importance among 
predictor variables, and out-of-bag (OOB) error, which is an estimate of the 
RF classifier performance. VI is evaluated based on how much worse the 
prediction would be if the data for that predictor were permuted randomly. 
The resulting tables can be used to compare relative importance amongst the 
predictor variables, which assists in identifying model weaknesses. The least 
important variable is the one with the smallest impact on the model quality; 
similarly, the most important variable is the one that, when omitted, most 
degrades the model fit (Steinberg et al., 1999). OOB samples can be used to 
calculate an unbiased error rate over all the constructed trees in the training 
phase (Ko et al., 2010), eliminating the need for an independent validation or 
a test set (Fukuda et al., 2012). OOB validation assesses the performance of 
RF when the model is extrapolated to locations similar to or in proximity to 
the area where the model was trained. 
 
RF is already widely applied in the medical and neuroscience field (Lehmann 
et al., 2007) as well as in ecology (Pal, 2005; Prasad et al., 2006). It is also 
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gradually gaining prominence in the Earth science domain. A number of OOA-
based studies have investigated the application of RF for modeling various 
Earth features, or for identifying the variables that are significant for feature 
classification. Watts et al. (2011) applied RF classification to map areas under 
conservation tillage, using 30 m Landsat data. Eustace et al. (2011) used 
OOA to delineate alluvial gullies from LiDAR data and from this generated the 
risk map using soil, topography and vegetation parameters as predictor 
variables in RF, and further used RF regression analysis to estimate gully 
volumes. Stumpf and Kerle (2011) identified significant variables from high 
spatial resolution imagery (HRI) and digital surface model (DSM) derivatives 
to map landslides in various locations. Although most of the conclusions 
drawn on the OOA-based RF analysis are promising, its utility for gully 
system prediction remains unclear. 
 
The main objective of this study is to investigate the applicability of object-
based Random Forests analysis for prediction of areas prone to gully erosion 
(valley bottom gullies -VBG and valley slope gullies -VSG) using medium 
resolution (15 m) ASTER images. Addressing this objective required: (i) 
deciding on the number of trees in the forest and the number of variables to 
try at each split in the tree, (ii) balancing the error rates of each class for a 
more accurate gully system prediction, and (iii) validating the predicted area 
within the gully system boundaries (GSB) with the boundary digitized from 
available HRI from Google Earth (QuickBird imagery). Figure 4.1 shows the 
area of study, Sehoul, Morocco (390 km2). 
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Figure 4.1: Study area- ASTER false color composite image of Seoul commune, 
Morocco, with high resolution PAN data (GeoEye-1) overlaid for the available area. The 
areas of independent validation collected from Google Earth are shown in red 
rectangles (also in Figure 4.6). 

4.3 Materials and method 
Table 4.1 lists the data sources used in this study, from which 54 explanatory 
variables (also termed predictor variable or covariates) that might plausibly 
relate to the occurrence of gullies were derived.  While previous gully 
mapping studies have mainly used high spatial resolution data and their 
derivatives, the variables used in the Random Forest modelling are derived 
from medium resolution ASTER imagery available for the entire study area; 
high-resolution GeoEye-1 imagery available for 9% of the area was only used 
to create the training set by visual interpretation. Both the ASTER and 
GeoEye-1 were geo-registered using the same map projection system with 
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common ground control points, so that the geometric transformation in both 
images remains consistent. ASTER visible and near infrared bands (NIR) 
(data available for 370 km2) were used to derive spectral, textural and 
geometrical information, while the 3N and 3B bands of NIR were used to 
generate the digital surface model (DSM). All the information provided to the 
RF was object- or segment-based. Figure 4.2 provides an overview of the 
workflow, which can be summarized as follows: (1) generating the covariates 
for optimal segments, (2) creating the sample dataset within eCognition 
software, (3) developing a model of gully system occurrence using Random 
Forests in a training area, (4) balancing the user’s and producer’s errors for 
gully and non-gully classes and (5) using the model to predict outside the 
training error and then validating the model based on these predictions on an 
independent gully system inventory. These steps are now further explained.  
 

 
Figure 4.2: Overview of the method 
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Table 4.1: Source datasets, their utilization and the 54 predictor variables 
Data source 
(resolution) and 
collection date 

Data utilization  Variables extracted 

GeoEye-1: (PAN 
image of 0.41), 06-
06-2010 

Obtained polygons of gully 
system boundary for 
sample set preparation. 

- 

ASTER: multispectral 
and stereo-pair 3N 
and 3B (15 m),  
21-03-2011 

Spectral variables,  
 
topographical variables, 
 
 
 
textural variables, 
 
 
 
 
geometrical variables used 
in the RF analysis were 
generated. 

Green, Red, NIR, NDVI, B, 
MaxDiff; 
DSM, Slope, SDS, Aspect, CUR, 
PLC, PRC, FD, SCA, LSF, AAC, CBL, 
CI, CC, MCA, NH, SH, VD, SPI, WI, 
MSP;  
ConAllDir, ConAfd, ConOfd,  ConRfd 
(similarly all the features for GLCM 
homogeneity, correlation, mean, 
standard deviation);  
Area, RF, Length/width, 
Roundness, Asymmetry, COM and 
Shape index of the objects. 

QuickBird: (PAN-
sharpened image of 
0.61 m) from Google 
Earth,  
06-06-2010 and 21-
05-2011 

On-screen digitizing of 
polygons of gully system 
boundary for cross 
validation of RF predictions. 

- 
 

Acronyms: NIR: near infrared, NDVI: normalized difference vegetation index, B: Brightness, 
MaxDiff: maximum difference index, DSM: digital surface model, SDS: standard deviation of slope, 
CUR: curvature, PLC: plan curvature, PRC: profile curvature, FD: flow direction, SCA: specific 
catchment area, LSF: slope length and steepness factor, AAC: altitude above channel network, 
CBL: channel base level, CI: convergence index, CC: curvature class, MCA: modified catchment 
area, NH: normalized height, SH: slope height, VD: valley depth, SPI: Stream power index, WI: 
wetness index, MSP: Mid slope position, ConAllDir: GLCM all direction - contrast for the brightness 
of all the bands, ConAfd: GLCM along flow direction - contrast for the brightness of all the bands, 
ConOfd: GLCM orthogonal to flow direction - contrast for the brightness of all the bands, ConRfd: 
GLCM ratio of along flow to orthogonal to flow direction, RF: rectangular fit, COM: compactness.  

4.3.1 Creating object-based explanatory variables  
The multispectral ASTER image, along with a specific catchment area (SCA) 
layer (explained below) was segmented using eCognition software, version 
8.7, by dividing the image into relatively homogeneous and meaningful 
segments (also known as objects), using multi-resolution image 
segmentation (MRS). This starts from an individual pixel and further merges 
the most similar adjacent regions, as long as the internal heterogeneity of 
the resulting object does not exceed a user-defined threshold scale factor 
(Benz et al., 2004). The segments were then labeled as either gully system 
(threshold of 50% of the segment area gullied on the GeoEye-1 high-
resolution image) or not. The optimal scale parameter for MRS was estimated 
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as eight, using the Estimation of Scale Parameter (ESP) method developed by 
Drăguţ et al. (2010), which is based on the concept of local variance and 
object heterogeneity. These segments were further used to generate other 
explanatory variables. Figure 4.3 illustrates some generated objects 
superimposed on both the GeoEye-1 and ASTER imagery, together with a 
gully system boundary that was obtained by digitising the gully systems 
using visual image interpretation of the GeoEye-1 image.   
 

 
Figure 4.3: Objects in blue, generated from multi-resolution segmentation of the 
ASTER data, overlapped on the GeoEye-1 PAN (a) and ASTER false color composite (b) 
imagery with the GSB (in yellow) that was digitized using visual image interpretation of 
GeoEye-1 image.   

4.3.1.1 Geographic covariates (DSM and its derivatives) 
A DSM of 15 m resolution was derived from the ASTER stereo bands 3N and 
3B (Poli et al., 2004). Five ground control points obtained from a differential 
GPS (DGPS) survey were used to establish georeference, as explained by 
Tollingerová and Pavelka (2008) and Shruthi et al. (2011). The most difficult 
task in this method of DSM generation was the determination of the DGPS 
points on the image, contributing to a root mean square error of nine meters. 
Table 4.2 shows the derivatives and the methods applied.  
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Table 4.2: ASTER stereo-pair 3N and 3B DSM derivatives 
Derivatives Acronym Definition   Method followed 
Slope gradient Slope First derivative of elevation in any 

direction.  
Zevenbergen and 
Thorne (1987) 

Standard 
deviation of slope 

SDS Measure of topographic roughness. Horn (1981) 

Aspect Aspect Direction of maximum slope gradient. Zevenbergen and 
Thorne (1987) 

Curvature Curvature Measure of convexity of the 
landscape: concave indicates sinks 
and valleys; convex indicates peaks. 

Moore et al. (1991) 

Plan curvature PLC Second derivative of elevation w.r.t 
distance normal to the maximum 
slope.  

Moore et al. (1991) 

Profile curvature  PRC Second derivative of elevation w.r.t 
distance along the maximum slope. 

Moore et al. (1991) 

Flow direction  FD Direction of runoff along the steepest 
slope towards one of the eight 
cardinal and diagonal directions. 

O’Callaghan and Mark 
(1984) 

Specific 
catchment area 

SCA Upslope area per unit contour length. Tarboton (1997) 

Slope length and 
steepness  factor 

LSF Ratio of soil loss per unit area on a 
site to the corresponding loss from a 
22.1 m long experimental plot with a 
9% slope.  

Olaya (2004) 

Channel base 
level 

CBL Lowest point to which water can flow Milos et al. (2011) 

Altitude above 
channel network 

AAC Relative altitude above the local base 
level. 

Milos et al. (2011) 

Convergence 
index 

CI Mean difference between the actual 
aspect and the aspect that would 
produce the maximum divergent 
direction.  

Koethe and Lehmeier 
(1996) 

Curvature class CC Classification of plan and profile 
curvature into nine landform element 
with maximum internal homogeneity 
(w.r.t gradient, aspect and 
curvature).  

Dikau (1989) 

Modified 
catchment area 

MCA Measure of contributing area for a 
non-linear discharge distribution. 

Bendix (2004) 

Normalized 
height 

NH Height normalized to the relief 
difference in the reference area. 

Böhner and Selige 
(2006) 

Slope height SH Height of the slope relative to 0 at its 
base.  

Palamara et al. (2006) 

Valley depth VD Relative position of the valley. Palamara et al. (2006) 
Stream power SPI Potential power of the flow 

determined from the local drainage 
area and the local slope gradient. 

Moore et al. (1993) 

Wetness index WI Relative potential to be water-
saturated, computed from the upslope 
drainage area and the slope gradient. 

Moore et al. (1991) 

Mid slope 
position 

MSP Topographic position relative to the 
nearest crest above and valley below.  

Olaya and Conrad 
(2009) 

 
Topographic derivatives related to flow and erosion were generated, in the 
expectation that the RF would identify which of these are most important for 
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identifying gullies. The following topographic derivatives were calculated: 
slope, standard deviation of slope, aspect, curvature, plan curvature, profile 
curvature, flow direction, specific catchment area, slope length and 
steepness, channel base level, altitude above channel network, convergence 
index, curvature class, modified catchment area, normalized height, slope 
height, valley depth, stream power index, wetness index and mid slope 
position. The derivatives identified as important covariates are further 
explained in the results and discussion section. 

4.3.1.2 Image features - spectral and textural covariates 
Spectral and textural covariates were derived using eCognition. The mean 
brightness (B) and maximum difference index (MaxDiff) of the objects were 
computed as:  
 

𝐵𝐵 =  
1
𝑛𝑛𝑣𝑣
�𝑐𝑐𝑖𝑖(𝑣𝑣)

𝑛𝑛𝑣𝑣

𝑖𝑖=1

 Eq. 4.1 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 =
�𝑚𝑚𝑀𝑀𝑛𝑛�𝑐𝑐𝑖𝑖(𝑣𝑣)� − max�𝑐𝑐𝑖𝑖(𝑣𝑣)��

𝐵𝐵  Eq. 4.2 

 
The mean brightness of a segment, represented by equation (1) is the sum of 
the object means in the visible and NIR (ci(v)) divided by the number of bands 
(nv) (Trimble, 2011). Maximum difference for each segment is the absolute 
value of the difference between the minimum (min ci(v)) and the maximum 
object mean (max ci(v)) divided by B, represented by equation (4.2).  
 
The texture covariates were derived from the Grey Level Co-occurrence 
Matrix (GLCM), which is a tabulation of how often different combinations of 
pixel brightness values (grey levels) occur in an image (Haralick et al., 
1973). The texture is derived based on flow directions (FD): along, 
orthogonal to, ratio of along to orthogonal, and also in all directions. 
eCognition typically computes co-occurrence of grey levels in symmetric 
matrices for pixels neighboring the diagonal elements, represented by a pixel 
pair with no gray level difference, at direction 0° (N–S), direction 45° (NE–
SW), direction 90° (E–W), direction 135° (SW–NE) or all direction (four 
cardinal directions). Directional-invariance of a GLCM is achieved by summing 
the four directional GLCMs of brightness (i.e., AllDir). Additional directional 
texture measures were derived in order to enhance the identification of gully 
patterns: one computed along the direction of flow - (i.e., Afd), one 
orthogonal to the flow direction - (i.e., Ofd) and their ratio (i.e., Rfd). GLCM 
contrast, homogeneity, correlation, mean and standard deviation were 
computed on the brightness layer in all direction and based on FD (for e.g., 
GLCM contrast: ConAllDir, ConAfd, ConOfd, ConRfd). 
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4.3.2 Dataset preparation within eCognition 
As the gully systems are not directly identified from the medium resolution 
ASTER imagery, some of the derivatives from DSM - spectral, textural or 
geometrical - may provide likely patterns that will be identified by RF to 
distinguish gullies from others. The derivatives were mostly flow and erosion 
related (but not everything available in the software). Following the 
generation of explanatory variables for the optimal segments (from ASTER 
imagery), gully systems in a test area (9% of the total area) were digitized 
using visual image interpretation of the high-resolution panchromatic 
GeoEye-1 image. Further GSBs were created from the concave hull of a set of 
gully incision points. Objects were labeled by visual interpretation as gully 
systems (VBG and VSG; these have at least 50% gullied areas) or non-gully 
systems (NGS) that included forest (FOR), fallow (FAL), agriculture (AGR) 
and open areas (OPN). These objects were used to create a sample set. The 
50% threshold was chosen to include marginal cases of gullying that may 
provide useful information for training the classifier. Figure 4.3 shows an 
example of gullied (green) and non-gullied (red) segments. 

4.3.3 Modelling gully system occurrence using Random 
Forests 

We used the Random Forests package (Liaw and Wiener, 2002) of the R 
environment for statistical computing (R-Development-Core-Team, 2009) to 
relate the explanatory variables to gully presence. A RF classification tree 
uses an n × p array of randomly selected explanatory variables, where n is 
number of observations (here, objects) and p is number of explanatory 
variables. The classification procedure splits the data set into two sub-sets to 
increase the within-class homogeneity of a categorical response variable. 
Each sub-set is then split in turn, into two and so on, until a predefined 
threshold of homogeneity is reached. This is called the terminal node 
(Breiman et al., 1984), resulting into one prediction from each tree. The 
intricacy of RF is controlled by three main parameters: (i) the number of 
trees in the forest (nTree), (ii) the number of explanatory variables 
(predictors) to try at each split (mtry), and (iii) the minimum number of 
cases needed for a terminal node in a tree (q).  
 
The model was developed for multiple classes of non-gullies (FOR, AGR, OPN 
and FAL) and gullies (VBG and VSG). The first step was to test the effect of 
the test area on RF classification. As an initial assessment an equal number 
of gully and non-gully objects were randomly sampled in order to give equal 
weights to each (thus with different class areas). The default values of 
Random Forests: nTree = 500, mtry = √p and q = 1 were used for the initial 
run. Similarly, an initial assessment was carried out on random samples with 
equal area in each of the gully and non-gully classes (thus with different 
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object numbers). Overall (OA), user's (UA, from commission errors) and 
producer's (PA, from omission errors) accuracies were compared. Accuracy 
was best with the equal-number approach, so this was chosen for further 
model building. 
 
We further assessed the relative importance of each explanatory variable for 
the classification of gully presence. The Random Forests library does this by 
quantifying how the out-of-bag (OOB) error changes when the values of an 
explanatory variable excluded from the bootstrap sample are shuffled 
randomly; the variable that has the greatest importance in the model is the 
one which, upon shuffling, increases the OOB error the most (Eustace et al., 
2011). 
 
To determine the optimal nTree value, with the lowest OOB error, the RF 
classifier was trained with different values ranging from one tree to 10,000 
trees, with the default mtry. The next step was to find the optimal mtry for 
the optimal nTree value, determined by the smallest OOB error. The value 
ranged from selecting only one variable to all variables in the sample set, 
resulting in a RF with the optimal mtry parameter. The model was rerun 
using the optimal values of nTree and mtry on an equal number of samples 
from each class. 

4.3.4 Balancing modelling errors in the training phase 
During training there is no independent validation, only internal measures of 
model quality, notably the model fits vs. the known classes. To estimate the 
eventual predictive power of the model, the error matrix is examined.  
Predictive power can be estimated by the balanced error rate, which is the 
average of the error rates in each class (Dahinden, 2006). Under-sampling 
the majority class or over-sampling a minority class both introduces a bias in 
the classification towards the over-represented class. Shruthi et al. (2011) 
showed that the gullies covered only a minor fraction (about 8%) of the test 
scene, leading to a naturally imbalanced situation between the non-gullied 
and the gullied area and, in general, incorrect estimation of the area affected. 
Fusaro et al. (2009) indicated that in some situations sampling a balanced 
training set in RF might compensate for the class imbalance. Several studies 
recommend under-sampling of the majority class as a strategy to address 
class imbalance (Blagus and Lusa, 2010; Burez and Van den Poel, 2009). 
Nevertheless, the optimal class distribution is governed by the specific 
statistical method used and the case/feature studied (Burez and Van den 
Poel, 2009).  
 
The random selection of objects of the previous section resulted in a high 
OOB error and a high classification error for each class, except for the VBG 
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class that was well-predicted because of its distinctive features, recognized 
by VI, namely specific catchment area (SCA) and channel base level (CBL). 
As more VBG objects were added the class error stabilized and the OOB error 
rate improved. Hence, the number of VBG objects was kept constant during 
further analysis. 
 
A new parameter Be was defined to check the prediction accuracy of a 
balanced number of class object, while iteratively varying the number of VSG 
and non-gully objects (OPN, FAL, FOR and AGR). This procedure started with 
assuming equal distribution of all the classes and defining Be to be one. In 
each iteration all of the VBG objects and Be × VBG objects for other classes 
were randomly selected. Parameter Be was increased in steps of 0.1, until all 
available objects had been used. The UA and PA of the resulting 
classifications were compared to find the most balanced distribution; this was 
then the best sampling plan. Balancing UA and PA can help improve the 
accuracy of spatial estimates of class types. This is particularly important for 
large-scale landscape studies and change detections. When both UA and PA 
are high and relatively close to each other in value, the reliability of 
landscape metrics of spatial configuration is expected to be high (Nori et al., 
2008; Shao and Wu, 2008).  
 
The resulting balanced model of gully occurrence was used for prediction. The 
VI for this model was generated and the variables with higher importance, as 
revealed by the Gini criterion, were chosen to improve the model further. The 
Gini criterion ranks variables according to how clearly the variable separates 
the classes when selected at a node (Salford-Systems, 2004). The VI was 
used to re-fit the model with only the most important variables (from the 
balanced model) to predict all the classes. The study by Stumpf and Kerle 
(2011) also indicates that an improved image classification can be achieved 
through feature reduction, i.e., by selecting only the important covariate or 
predictor variables. 
 
A final RF was generated using the variables that were determined important 
to predict gully systems. This best predication RF was used to predict gullies 
for the entire unclassified image, i.e. the 92% of the area outside the test 
area, as well as within the test area. 

4.3.5 Validation of the prediction 
The predictions from the best RF were exported and validated with the gully 
system boundaries digitized by on-screen visual interpretation on QuickBird 
images obtained from Google Earth, along with field knowledge, as this was 
the only available HRI for the entire study area (as explained in section 3.2, 
the original GSB was generated using gully systems digitized using the 
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stereo-pair from GeoEye-1). The terrain option of the Google Earth display 
was enabled to visualize topography while digitizing. Seven sub-sets of these 
images from different time steps, images captured between June 2010 and 
May 2011, were available for the whole region, which was used for validating 
RF predictions. The digitized polygons in Google Earth are in .kml format, 
which were imported in to ArcGIS as a shape file. These sub-sets were 
further resampled to the same resolution as that of the ASTER image and the 
area of these polygons (i.e., area enclosed by gully systems) were estimated 
for comparison with predicted area. 

4.4 Results and discussion 
The objects that were created on the basis of relative homogeneity in the 
image data were used to test the applicability of RF to identify the gully 
systems. The object-based covariates (Table 4.1) used in RF provided a 
multitude of object information that facilitated the classification of gully 
systems using medium resolution ASTER imagery. The first step was to 
understand the effect of sample area on RF classification (section 4.2.3). This 
initial test showed that the model performed better when samples with equal 
number of objects were chosen rather than with an equal area in each class. 
Although there was no difference in the overall classification accuracy, there 
were large differences in the individual class UA and PA in all classes except 
VBG. The PA of VSG, which is of prime importance in this study because 
errors of omission mean that gully systems are missed by the classifier, was 
about 10% higher when an equal number of samples were used. Similarly, 
UA of equal number of samples was 13% higher than for the use of samples 
with equal area; that is, fewer false positives were identified. Hence, it was 
decided to use number of samples as the basis for sample selection in RF. 
 
The initial analysis of classifying the response variable of the randomly 
sampled objects in the training area with the default values (nTree = 500, 
mtry = √p = 7 and q = 1) produced an OOB error rate of 30.2%. While the 
modelling of VBG was superior to other classes (PA of 86% and UA of 92%), 
the model accuracy of all other classes remained poor. Channel base level, 
DSM, NDVI, altitude above channel network, MaxDiff of the imagery and SCA 
formed the group of most important variables, judging from the highest order 
based on the natural break in the variable importance (VI) plot (which 
measures the degree of association between a given variable and the 
classification). 
 
Figure 4.4a shows the results of varying nTree with the default mtry = 7. The 
OOB error decreases rapidly from 47% for a single tree to 22% at nTree = 
50. OOB error generally decreased but fluctuated until about nTree = 1000, 
and reached a clear minimum (OOB error = 20%) at nTree = 3000. As more 
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trees were introduced it was less likely for the VI of the top ranked variables 
to deviate. Here a large tree size stabilizes the ranking of the variables, which 
greatly influences the classification ability of the RF. Hence, larger nTree 
value was used in the study and the tree with the lowest OOB error was 
chosen as the optimal tree size. The sensitivity of the classification did not 
significantly change once nTree > 4500. Figure 4b shows the results of 
varying mtry at the optimal nTree = 3000; the best result was with mtry = 
31 (OOB error = 19%). The top group of important variables (from the VI 
plot) remained the same; however, their order changed as mtry was changed 
from the default 7 to the optimal 31. Figure 4 shows the behavior of OOB 
error with varying nTree and mtry along with variable importance of the RF 
model (for nTree = 3000, mtry = 31) using the Gini importance measure 
(Figure 4c). A good model identification of gullied areas (with OOB error of 
19.9%) was observed when an equal number of samples from all classes 
were used to train the model. However, the UA (70%) and PA (82%) for VSG 
class were found to be largely varying when compared to other classes. 
However, it is necessary to account for a balance between utility and 
accuracy (errors of omission and commission).  
 

 
Figure 4.4: Behavior of OOB error with varying ntree (a) and mtry (b). The dots 
indicate the optimal values of nTree and mtry. Variable importance (VI) of the RF 
model using Gini importance measure is presented for the current dataset (c). The plot 
displays only the top group of important variables (19) and not the complete set of 54 
variables (nTree = 3000, mtry = 31 referred to the blue dots in a and b). 
 
Figure 4.5 shows the evolution of PA and UA as the class balance factor Be in 
the training sample is adjusted from 1 to 2. A Be of 2 was chosen for VSG, as 
it provided a balance in the accuracies of VSG classification as shown by the 
crossover point in Figure 4.5. Similarly, a factor of 1.3 for AGR, FAL, FOR and 
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1.5 for OPN were identified in the same way. Stumpf and Kerle (2011) 
showed that Be estimated through this method is more likely to design the 
training sample correctly for the classification of unclassified image objects. 
Their study showed that, although this procedure may not resolve the 
problem entirely, it results in a significantly better balance between UA and 
PA than what could be accomplished using the natural class distribution or an 
ad hoc balanced training sample.  
 

 
Figure 4.5: Estimates of the class balance (Be – black dot) for all the classes in the 
training set that lead to a balance in user (dashed line - UA) and producer accuracies 
(solid line - PA) for RF (nTree = 3000 and mtry = 31). Valley bottom gully class has 
distinctive variable features to distinguish them from other classes, hence it was kept 
constant (i.e., Be =1) for further analysis. 
 
An improved model (with nTree = 3000 and mtry = 31) was derived with a 
class balanced set of samples that is balanced in its accuracies. As expected, 
the predictors deemed important by the models were different for each class. 
Based on the natural break in the curve of the Gini importance plot, the top 
18 variables (Table 4.3) were further analyzed for their significance in gully 
classification and prediction.  
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Table 4.3: Covariates and their corresponding ranking in each class and Gini 

Variables GINI AGR FAL FOR OPN VBG VSG 

CBL 1 1 2 2 1 2 1 

NDVI 2 16 1 1 3 4 2 

SCA 3 5 7 13 2 1 3 

DSM 4 4 5 3 4 3 5 

MaxDiff 5 2 3 9 27 13 8 

B 6 9 4 5 7 5 4 

VD 7 17 12 26 47 19 6 

AAC 8 12 8 7 5 6 54 

Aspect 9 3 10 28 10 25 50 

NIR 10 7 19 4 43 21 13 

Area 11 15 52 25 39 7 24 

FD 12 27 30 6 6 48 42 

Slope 13 6 11 15 11 12 12 

SH 14 8 15 12 8 26 22 

LSF 15 13 9 31 28 29 7 

RF 16 33 23 34 23 10 9 

MCA 17 28 14 19 12 14 25 

Red 18 30 6 18 22 18 20 

SPI 19 26 34 38 26 28 11 
Acronyms: CBL: channel base level, NDVI: normalized difference vegetation index, SCA: specific 
catchment area, DSM: digital surface model, MaxDiff: maximum difference index, B: Brightness, 
VD: valley depth, AAC: altitude above channel network, NIR: near infrared, FD: flow direction, SH: 
slope height, LSF: slope length and steepness factor, RF: rectangular fit, MCA: modified catchment 
area, SPI: Stream power index. 
 
These 18 variables were then used to produce a final and the best predication 
RF (with nTree = 3000, mtry = 31 and balanced class samples). This model 
was used to predict gullies for the unclassified area. This RF had in an overall 
accuracy of 81% (OOB error of 19%). The total area enclosed by the GSB 
was predicted as 82 km2, constituting about 21% of the Sehoul study area 
(Figure 4.6; classification error matrix in Table 4.4).  
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Figure 4.6: Gully systems (both valley bottom gullies – seen in the dark blue areas and 
valley slope gullies – seen in the light blue areas) predicted using ASTER data available 
for Seoul (a). Independent validation of the RF prediction was done with the sub-sets 
randomly selected from QuickBird images obtained from Google Earth (b to h). 
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Table 4.4: RF classification error matrix 
Class AGR FAL FOR OPN VBG VSG Rtot Ctot PA UA 

AGR 73 17 6 2 0 2 100 0.27 0.76 0.73 

FAL 15 69 2 10 0 4 100 0.31 0.66 0.69 

FOR 4 1 95 0 0 0 100 0.05 0.92 0.95 

OPN 0 9 0 83 2 23 117 0.29 0.79 0.71 

VBG 0 1 0 0 76 0 77 0.01 0.94 0.99 

VSG 4 8 0 10 3 129 154 0.16 0.82 0.84 

Ctot 96 105 103 105 81 158 648    

Acronyms: AGR: agriculture, FAL: fallow, FOR: forest, OPN: open land, VSG: valley slope gully, 
VBG: valley bottom gully, Rtot: row total, Ctot: column total, UA: user’s accuracy and PA: 
producer’s accuracy 
 
Figure 4.7 shows the top eight variables, based on the natural break in the 
Gini measure in the VI graph (Figure 4.7a), that were found to be significant 
in classifying the different classes (Figure 4.7b). Several topographical 
variables showed the highest explanatory ability among the predictor 
variables. Channel base level was identified as the most significant variable 
for gully system classification for VSG, and specific catchment area for VBG. 
The base level of the channel influences the potential energy available for 
gully erosion (Brooks et al., 2009). When the source of water is from an area 
that is relatively higher compared to its base level, erosion commences. The 
base levels for erosion in this landscape are the reservoir level and hard 
bedrock; gullies cannot incise deeper than these level. However, in a few 
instances gullies in the Sehoul region cease to grow due to a distinct change 
in slope gradient. Similarly, as the catchment area gets larger a break in 
gradient may occur (nonetheless steep slopes may exist).  The slope 
generally decreases as catchment area increases and such regions in the 
catchment are dominated by fluvial erosive processes that tend to incise the 
landscape, resulting in gullies (Hancock and Evans, 2006). An increase in 
catchment area means more total rain over the catchment, which, when 
sufficiently concentrated, in turn means sufficient flow energy for rill erosion 
which can further develop into gullies. DSM (elevation) was included as one 
of the highly significant variables, since the majority of the gully systems in 
the study area are located in the lower sections of the terrain, and also 
because most of the gully systems selected for training and testing the RF 
occurred at lower elevation ranges, as compared to other classes that mostly 
exist on higher terrain. 
 
Spectral derivatives such as Brightness, MaxDiff and NDVI provided sufficient 
information to the model to classify the objects as areas prone to gully 
erosion. As the GeoEye-1 and ASTER image acquisitions are separated by 
more than one season, there will be definitely some changes in the gully 
systems, the land use surrounding it and their radiometric behavior in the 
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imaged area. Nevertheless, Brightness, MaxDiff and NDVI were chosen as 
important variables in RF because they presented valuable patterns within 
large volumes of data that could easily distinguish gullies from non-gullies in 
the ASTER imagery. It is presumed that the method, if applied on a different 
imagery or the same ASTER image captured on a different time period, will 
produce a different set of important variables.  
 
Texture measures (along and orthogonal to the FD), however, were not 
identified as important, in contrast to the initial assumption (section 4.2.1) 
and other studies, e.g., Shruthi et al. (2011) and Stumpf and Kerle (2011). 
This is certainly due to the use of a coarser resolution image with lower 
radiometric resolution (8-bit), whereas HRI (16-bit) could otherwise identify 
the flow/erosion/plough patterns. This also explains why it was possible to 
detect larger gully systems using these data and their texture derivatives 
(Shruthi et al., 2014). 
 

 
Figure 4.7: VI plot for the top eight variables based on one of the natural break in the 
Gini measure for the final RF model with balanced errors (nTree = 3000, mtry = 31) 
(a). Graph of the covariates that are significant in classifying different classes in the 
same model (in percentage significance) (b). 
 
Table 4.5 shows the validation results on the seven subsets of high-resolution 
imagery (Section 4.2.5). McInnes et al. (2011) showed that Google Earth 
images from three sources (Spot Image of 2.5 m ground resolution, 
QuickBird of 0.6 m resolution, and GeoEye-1 of 0.5 m resolution) are useful 
for mapping gullies. They, however, mapped the gullies using digitization 
based on visual interpretation and successfully validated the results using 
field survey information. When compared to a manually digitized reference 
data of GSB, the area enclosed by the GSB predicted by RF showed an 
average overestimation of 19.3%, corresponding to the OOB error from the 
best predication RF of 18.8%. However, the range of overestimation varied 
from 12% in sub-set Ss2 to 27% in Ss6. The overestimation and the wide 
range of it is a result of considering images from different times for the 
validation. The GSB digitized from QuickBird images from Google Earth were 
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from different month/years (June 2010 and May 2011), when compared to 
the ASTER data used for prediction (March 2011).   
 
Table 4.5: Sub-sets of high resolution imagery (QuickBird) available from Google Earth 
for independent validation 

Sub-set 
Total 
area, km2 

Area within GSB: 
digitized, km2 (%) 

Area within GSB:  
predicted, km2 (%) 

Difference 
(%) 

Ss1 (Fig. 6b) 0.76 0.17 (22) 0.33 (43) 21 
Ss2 (Fig. 6c) 1.07 0.15 (14) 0.28 (26) 12 
Ss3 (Fig. 6e) 0.21 0.35 (17) 0.84 (40) 23 
Ss4 (Fig. 6h) 0.44 0.16 (37) 0.27 (63) 26 
Ss5 (Fig. 6d) 1.33 0.34 (26) 0.53 (39) 14 
Ss6 (Fig. 6g) 0.58 0.17 (30) 0.33 (56) 27 
Ss7 (Fig. 6f) 0.68 0.17 (25) 0.26 (38) 13 

4.5 Conclusion 
We successfully built Random Forests models from object-oriented analysis of 
both valley bottom gully and valley slope gully systems using medium 
resolution ASTER images as the source of imagery information, combined 
with topographic information extracted from a DEM. This semi-automatic 
method can be used with different image data types, making it largely 
generic and transferable. Once the optimal class balance, tree size (ntree) 
and number of variables to consider at each split (mtry) are determined, the 
method has the ability to free the user from having to select appropriate 
object features and thresholds, a typical problem of most previous OOA-
based studies. The optimal parameters are specific to each situation; this 
part remains under analyst control. In this study a large tree size stabilized 
the variable selection and their importance ranks. An iterative method was 
able to solve the problem of proper class balance of user’s and producer’s 
accuracy. The predictive ability of the model, as judged from independent 
validation, was modest, with over-prediction of gully system areas in the 
range of 13% to 27%. The majority of the false positives in this study were 
caused by the open land class being falsely classified as VSG, and similarly 
most of the false negatives were caused by VSG as open lands being 
classified. 
 
The accuracy of the prediction was constrained by the availability of HRI 
information for only a part of the study area, resulting in limited training for 
the RF model. Finer erosion system branches, and therefore the extent of a 
gully system, are obviously better identifiable on an HRI. The coarse spatial 
resolution of the explanatory variables and the possibility that the presence 
of gully systems is the result of different processes at different locations were 
yet another reason for the moderate accuracy of the RF prediction. However, 
the study shows that ASTER data (a combination of multispectral and a 
derived DEM) can be used to identify areas of gully erosion, especially with 
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complex gully systems and therefore that with relatively little effort and cost 
large areas can be mapped.  
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Chapter 5 
 
Relating simulated spatial soil loss to gully 
dimensions extracted from object oriented 
analysis* 

* This chapter is based on the articles: Shruthi, R.B.V., Jetten, V., Kerle, N., Shrestha, 
D.B.P, (in preparation). Relating simulated spatial soil loss to gully dimensions 
extracted from object oriented analysis. Catena. 
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5.1 Introduction 
Gullying is a threshold driven process. The threshold for gully initiation and 
development can be extrinsic (e.g., climatic, anthropogenic, etc.) or intrinsic 
and inherent to the gully channel (as a consequence of geomorphological and 
sedimentological natural processes within the gully). The possible genesis 
and dynamic of a gully or a gully system is widely acknowledged to be a 
result of the effects of land use changes, climatic fluctuations, individual 
extreme rainfall events and subsurface flow leading to tunneling. Once gullies 
begin to form the soil strength influences the gully development and width - 
depth ratios (Jetten et al., 1996; Nachtergaele et al., 2002). Gully 
development is often a combination of flow erosion and small mass 
movement processes (Hessel, 2002). The work presented in the earlier 
chapters provides only a visual indication of the existing gullies and the 
changes in gully area and density over a period of time by an objective 
method, but erosion or soil loss rates are not known.  
 
Quantitative assessment of the magnitude of the soil loss, and locating the 
vulnerable areas, provide key information required for adopting conservation 
measures. Erosion modelling can effectively reflect the behavior of the real 
system and allows for the comparison of the measured and simulated 
outputs. Also the fact that the spatial pattern of erosion is available opens the 
possibility to test the model behavior and predictive quality. However, a main 
disadvantage of all erosion models is that they give only an abstract figure of 
soil loss in mass per unit area, or volume by using the soil bulk density. 
There is no specification of what type of erosion this is - sheet, rill or gully 
erosion - and hence a lot of interpretation is necessary to compare the results 
from the object-based image analysis presented in chapters 2 and 3 with the 
model simulation results. 
 
Chapter 3 shows that the dendritic gully systems on the steep slopes toward 
the river have relatively high rates of change when compared with the deeper 
valley bottom and the valley slope gullies (Shruthi et al., 2014). The rate of 
change is given in length per surface, derived from central gully lines/ 
skeleton of the gully object (Section 3.4.3.4). Depth data are not available, 
and hence no volume analysis is possible. 
 
In order to gain insight in the volume or mass of soil loss an attempt is made 
to couple the object-oriented analysis (Shruthi et al., 2011) to a soil erosion 
model. This model has to give spatially explicit and detailed output to match 
the OOA results. There are different types of models that are available, 
ranging from simple empirical models to very complicated process-based 
models. Process-based models apply available process-knowledge and use 
general laws or principles, such as conservation of mass, momentum and 
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energy (Morgan and Quinton, 2001). Theoretically, process-based models 
may be used in all conditions, since the laws on which they are based must 
be obeyed in all circumstances. Empirical models, on the other hand, do not 
necessarily model the right process and can only be used for the range of 
conditions for which they were developed. In reality most process models 
have a degree of empiricism because physical principles are applied to real 
world conditions. For example, the settling of perfect spheres in a 
homogeneous still standing fluid can be described with the Stokes equation, 
but in order to predict the settling of irregular grains in flowing turbulent 
water on an irregular slope, several empirical parameters have to be added 
(Liu, 2001). Complex process-based models do not always give better 
predictions than simple empirical model for several reasons: 1) Not all 
processes of erosion are sufficiently understood and considered in the model, 
an example in this research area being the effect of the high gravel and stone 
content in certain soils on surface hydrology and sediment detachment; 2) 
the exact spatial variability of input data is not known, and there is an 
imbalance between different types of data, e.g., the DEM being available in 
considerable detail, while soil information is not; 3) only limited data are 
available for the calibration and validation of the model results, especially for 
extreme and rare events. Though process-based models might not provide 
better predictions than empirical models, they do give additional information, 
mainly the spatial and temporal distribution of erosion (Morgan and Quinton, 
2001). Also the empirical parameters have a physical basis and are 
measurable in the field.  
 
Erosion models can further be categorized into those that simulate erosion 
for single storm events, and those that simulate erosion for longer time 
periods (continuous models). The event-based models require less data than 
the continuous models, but require assumptions about the starting conditions 
for each event, in particular soil moisture and conditions related to land use 
system (such as variables related to the cropping cycle). In such context 
continuous models such as LandscApe ProcesS modelling at mUlti-dimensions 
and Scales (LAPSUS) or Cellular Automaton Evolutionary Slope and River 
(CAESAR) could be applied. However, these models generally have annual 
time steps and simulate long periods (100 - 1e6 years), and emphasize on 
landscape evolution or changes in the landscape by means of soil erosion.  
For this study it was decided to use the process-based, spatially-distributed, 
storm-based, Limburg Soil Erosion Model (LISEM) (see e.g., Baartman et al. 
(2012)  and Jetten et al. (2003)), which uses physical relations related to 
hydrology, flow hydraulics and flow energy, which leads to sediment 
detachment, and transport. Several model components are empirical and 
some approximations to reality are made. The model does not contain 
difficult input variables, and all the parameters used can be measured in field 
or through simple image analysis (Sanchez-Moreno et al., 2013). A study by 
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Hessel et al. (2006) shows that LISEM can give a good spatial prediction of 
soil erosion for single storm, but needs extensive calibration. An advantage is 
that it gives detailed spatio-temporal information of soil loss (both 
detachment and deposition), which can be compared to the image analysis 
results.  
 
The study focused on four adjacent catchments (outlets of the catchment 
leading directly to the Bou Regreg River basin) in the sub-humid to semi-arid 
environment of Sehoul, Morocco (Figure 5.1). The total area of the study 
catchment is about 2.56 km2. The catchment encompasses all types of gullies 
described in chapter 1, valley bottom gullies and simple and complex valley 
slope gullies. Located in the lower central plateau of Atlantic Meseta the 
region typically consisting of rolling to hilly topography (slopes ranging from 
flat regions- 0°, to very steep and precipitous- up to 45°). 
 

 
Figure 5.1: Study area: Sehoul, Morocco. The panchromatic GeoEye-1 shows the upper 
part of the Sehoul plateau and the Bou Regreg river. The false color composite of the 
multispectral GeoEye-1 imagery shows the study catchment for which soil loss is 
estimated. The triangle indicates the place where the V-notch is built, and the circle 
indicates the location of the rain-gauge.  
 
The objective of this chapter is to assess gully erosion rates from a single 
heavy rainfall event, and to relate the gully systems identified by object-
based method to the LISEM simulation. It is assumed that the gully 
development is mostly due to extreme rainfall events. There are extreme 
events in this region, but unfortunately they are not recorded in detail. There 
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is only a record of daily rainfall from 1955-2010. It was hence decided to use 
an extreme event recorded by Baartman et al. (2012) in Southern Spain from 
an area that has similar climatic conditions. Thus, the dataset is far from 
complete. The objective can be addressed by: (i) Parameterizing and 
calibrating LISEM for a normal event, (ii) running the model for an extreme 
event (both calibrated and uncalibrated), (iii) converting the simulation 
results to volume of erosion and separate gully erosion and sheet/rill erosion 
using field observation of width and depth, (iv) compare these results to the 
gully system boundaries obtained from OOA. 

5.2 The event-based model: LISEM 
The LISEM model (also represented as OpenLISEM) is a physically-based 
runoff and soil erosion model, based on the original Limburg Soil Erosion 
Model (De Roo et al., 1996; Jetten and De Roo, 2001). It simulates runoff, 
erosion and shallow floods during and immediately after a rainfall event. The 
most important model equations are given here, and references are provided 
to papers with a more detailed description of model equations. Following a 
standard surface water balance, LISEM first calculates net precipitation by 
subtracting the actual interception storage, based on canopy storage 
functions as described in de Jong and Jetten (2007). Subsequently the 
infiltration rate is calculated by a one-layer Green and Ampt method, based 
on direct use of the Darcy equation for one-dimensional flow (Kutilek and 
Nielsen, 1994). There is no need for an iterative estimation of time to 
ponding, as the model time step is very short (10-20 sec). The infiltration 
rate q (m/s) (Eq. 5.1) is calculated as: 
 

q =  −Ksat �
dh
dz + 1� = −Ksat �

d − h
L + 1� Eq.5.1 

 
With Ksat the saturated hydraulic conductivity (m/s); dh the sum of the 
pressure by the water layer on the surface and the matrix suction at the 
wetting front (mm); dz the infiltration depth (mm), L the depth of the 
wetting front (m) calculated as the cumulative infiltration (m), divided by the 
available soil storage (calculated as (porosity - initial moisture content), in 
m3/ m3); h is the negative matrix suction at the wetting front (m); and d the 
overpressure depth of the water layer at the soil surface (m). The infiltration 
cannot exceed the soil depth in case of impermeable sub-soils, so that 
saturation overland flow is eventually generated when the soil storage is 
exceeded. In case of runoff, LISEM assumes that the micro-roughness not 
only causes surface storage (see Kamphorst et al. (2000)), but also 
determines the hydraulic radius and flow width through a fraction of the grid 
cell that is ponded. The flow width (Eq. 5.2) is calculated from the surface 
roughness using the empirical equation (Jetten and De Roo, 2001): 
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w = dx. fpa = dx(1 − e−
1.875d
RR ) Eq. 5.2 

 
With w flow width (m); dx the pixel width; fpa fraction of ponded area (-); d 
the depth of the water at the surface (m); and RR the standard deviation of 
micro-roughness surface heights (termed random roughness, in m). Runoff 
water and sediment are routed with an implicit solution of the kinematic wave 
(Chow et al., 1988). In case of natural or artificial channels the stream flow is 
routed with its own kinematic wave, determined by the channel dimensions, 
roughness and bed slope. Infiltration in channel beds is possible. When 
calculating runoff (as in this study) it is assumed that the water stays in the 
channel and does not overflow. LISEM has an overflow-flood component with 
full Saint Venant equations, but this is not used here (there has been no 
indication or reports of local flooding). Typical for LISEM is the ability to deal 
with sub-pixel information, which is included in maps in giving the fraction of 
a factor influencing the processes of infiltration, surface flow (resistance), 
surface and interception storage and surface strength (cohesion), see Figure 
5.2. For instance a narrow road will be impermeable and smooth, and will 
have no interception and the information of the base layer and other layers 
ensure that the properties of the area next to the road in the pixel are 
known.  
 

 
Figure 5.2: Schematic representation of the way LISEM deals with sub-pixel 
information. Different information layers are combined into one set of information per 
gridcell. The width of the roads and channels are given in m, vegetation and building 
information are given as a fraction per cell and the base layer consists of soil 
information. These fractions influence the infiltration, flow resistance, surface storage 
and interception storage.  
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Sediment dynamics for each pixel are based on sediment mass balance 
equation (Eq. 5.3), which in its finite difference form can be written as: 
 
dAC
dt +

dQs
dx =

Ds
dx +

Df
dx +

Dp
dx Eq. 5.3 

 
with dA the wet cross section area of the overland flow (m2), C is the 
sediment concentration in kg/ m3, Qs is the sediment flux in kg/s (calculated 
as the water flux multiplied by the concentration, QC), Ds and Df are 
respectively splash and flow detachment in kg/s and Dp is the deposition in 
kg/s. Splash detachment Ds (Eq. 5.4) is simulated as a function of soil 
aggregate stability, rainfall kinetic energy and the depth of the surface water 
layer (Van Dijk et al., 2002 ):   

Ds = (
2.88
AS KE. e−0.001.48d + 2.96)Pnet

dx2

dt  Eq. 5.4 

 
With AS the soil aggregate stability from Slaking test, where large soil 
aggregates (>2-5 mm) are broken down into smaller microaggregates 
(<0.025 mm) when suddenly immersed in water (stability class between 0 - 
very unstable soil to 6 - stable soil) (Herrick et al., 2001); KE the rainfall 
kinetic energy (J/m2 mm); d the depth of the surface water layer (mm), Pnet 
the net precipitation (mm). The model accounts for fractions of the grid cell 
covered by vegetation or that are ponded. Flow detachment, sediment 
transport and deposition are calculated with a stream power based transport 
capacity equation (Govers, 1990; Morgan et al., 1998):  
 
TC = c(ω−ωc)d = ρc(VS − 0.004)d Eq.5.5  
 
with TC the transport capacity (kg/m3); ω and ωc the unit stream power and 
critical unit stream power (m/s) calculated as the product of V mean flow 
velocity (m/s) with S slope gradient (m/m); ρ the particle density (2650 
kg/m3); and c and d empirically derived coefficients, depending on the 
median texture (D50) of the upper soil layers. Sediment from splash 
detachment is added to the amount of sediment in transport. It is assumed 
that the flow will cause flow detachment Df  (Eq. 5.6) as long as the 
transport capacity TC  (Eq. 5.5) is larger than the concentration of the 
suspended sediment C, while a soil strength factor Y has to be taken into 
account (based on cohesion, see Morgan et al. (1998)): 
 
Df = Y(TC − C)Q    and TC > C Eq. 5.6 
 
Finally, deposition (Dp, kg/s) (Eq. 5.7) occurs whenever the transport 
capacity is less than the total suspended sediment in flow:  
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Dp = (TC − C)vs. w. dx  and TC < C Eq. 5.7 
 
where w is the width of flow (m) and vs the settling velocity of the particles 
(m/s). It is important to note that the same equations are used for overland 
flow and for channel flow, where a separate stream power is calculated based 
on channel velocity and bed slope. 

5.3 Data and methods used 
The data used in the study are panchromatic and multispectral blue, green, 
red and near infrared bands and panchromatic stereo-pair from GeoEye-1 (1 
September 2009), rainfall intensity in mm (1 December 2008), discharge at 
V-notch in l/s (1 December 2008), and a soil type map digitized from a 
1:100,000 toposheet. The entire data set was resampled to 5 m spatial 
resolution and a time-step of 10 seconds was used in LISEM simulation. Two 
field campaigns were conducted: (i) to get 11 soil samples (both from top soil 
or first horizon and soil below 30 cm) for variables such as cohesion of the 
soil, additional cohesion by plant roots, and aggregate stability and the soil 
samples from the core were used to derive other soil parameters from 
laboratory analysis (Table 5.1), (ii) to get land surface variables such as 
random roughness, fraction covered by stones and the fraction of grid 
compacted; and (iii) to measure the cross section of the gullies in three 
randomly selected gully systems. A rain-gauge that has been operational 
within the study catchment since 1st of November 2008, established by the 
Mohammed IV University in Rabat, was used to collect the rainfall data. 

5.3.1 Choosing a rainfall event 
The mean annual rainfall in the region is 540 mm (Figure 5.3a), collected at 
the Rabat/Sale meteorological station about 22 km away from the study 
area, over a 59 year period (1951-2010, Direction de la Météorologie, 
Morocco). Rainfall within the recorded period showed one extreme rainfall 
year (1996, with a total rainfall of 1163 mm, return periods as shown in 
Figure 5.3b). According to local farmers the gullies in the area were not 
incised on this day, but already existed before 1996, though no older imagery 
of suitable resolution exists to confirm this. The daily maximum rainfall from 
1951 to 2010 indicates that 4th of August 1959 had the highest rainfall in the 
region (of 151.3 mm) within one day, in a year with a total rainfall of 565 
mm. A second very wet day of 148.8 mm was recorded in 1975. There is no 
correlation between maximum daily rainfall and the total annual rainfall (as 
expected). All that can be concluded is that extremely wet days occur and 
might cause extreme erosion, but event properties are not known. There was 
one event available for the upper catchment in which both the rainfall and 
runoff were recorded (locations of rain gauge and V-notch in Figure 5.1). This 
event occurred on 1 December 2008 and lasted for 114 minutes, with a total 
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of 16.6 mm and a peak intensity of 46.5 mm/h. The rainfall is assumed to 
have been spatially homogeneous over the entire area. The heaviest event 
that could be traced in the literature for a region with similar climatic 
condition was measured by Baartman et al. (2013) in Southern Spain on 18 
June 1997 (Figure 5.4). This event resulted in a total of 50.2 mm, a 
maximum intensity of 136.8 mm/h, and a reported repeat period of 38 years. 
In view of the high intensities and rarity, this event was chosen as a possible 
event that might lead to extreme (gully) erosion. 
 

 
Figure 5.3: Annual total rainfall and annual maximum daily rainfall in mm (a); return 
period for the annual daily maximum rainfall 1951-2010 (b).  
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Figure 5.4: Rainfall intensity from Morocco (1 December 2008) and Spain (18 June 
1997, similar climatic zone with extreme rainfall event). Although the rainfall intensity 
shown in Spain is much higher than that in Morocco, it may not be the case always. 
This graph is just for one event.  

5.3.2 DTM and topographic derivatives  
The digital surface model of 1m for the study area was generated from the 
stereo-pair GeoEye-1 data using the photogrammetric software SAT-PP, 
developed by ETH Zurich (Zhang and Gruen, 2006), together with the 
rational polynomial coefficients (RPCs). Nine ground control points obtained 
from a differential GPS (DGPS) survey were used to improve the orientation 
result of the RPC model. A vertical root mean square error of 0.37 m was 
achieved. Some areas such as streams, rivers, and deep gullies, where the 
vertex or elevation values appeared to be erroneous, were corrected 
manually using 3D break-lines using Leica Photogrammetric Suite to create a 
DTM. Finally, the DTM was hydrologically corrected (pits and sinks removed) 
and resampled to 5m resolution (Figure 5.5a). Further, the variables based 
on topography, such as slope gradient (Figure 5.5b) and a local surface 
drainage direction network, were generated and used in assessment of 
overland flow and kinematic wave.   
 

 108 



Chapter 5 

 
Figure 5.5: Digital elevation model, m (a) and slope gradient (%) (b), in the study area 

5.3.3 Soils and land use/ land cover data 
The soils in the study catchment are seen in Figure 5.6 (based on the French 
classification system). The area mainly consists of Sols peu évolues, i.e., 
poorly developed soils (young or colluvium). This soil signifies the thin soils in 
degraded landscapes, and contributes to 48.5 % of the total land area. These 
soils are found on the slopes and tops of the hills and plateau. The outcrop 
slabs and boulders are common, and rounded pebbles litter the soil surface, 
derived from Miocene deposits, possibly old fluvial deposits. They have a thin 
A1 horizon, humus and relatively granular structures that are fragile. The 
valley slope gullies in the area are found on these soil types. Sols minéraux 
bruts, also a relatively young soil or soil with very little or no profile 
development, is seen contributing 8.4 % of the total area, and mainly 
constitutes the sandy soils. These soils are found on rocks or superficial 
formations that have not yet been, or may not be affected by soil evolution 
and contain only traces of organic matter. Sols fersiallitiques, i.e. Alisols, 
constitute 10.9 % of the total area. They are generally unproductive soils and 
occur predominantly on old land surfaces with hilly or undulating topography. 
The generally unstable surface soil of Alisols makes them susceptible to 
erosion. Table 5.1 gives the soil type and their spatial cover.   
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Figure 5.6: Soils in the study area (a) and the bulk density in kg/ m3 (b) 
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Table 5.1:  Soil types, their spatial cover and the properties used in the LISEM model 
ID French 

classification (ID) 
Area, m2 
(%) 

Ksat, 
mm/hr 

Porosity, 
cm3/cm3 

Matrix 
suction 
initial, cm 

Initial 
moisture, 
cm3/cm3  

D50 Stoni
-ness 

1 Sols minéraux bruts  234825 
(9.5) 

70 0.45 20 0.36 120 0.25 

2 Colluvium  142575 
(5.8) 

35 0.50 50 0.40 40 0.1 

3 Sols minéraux bruts 
- steep slopes 

207600 
(8.4) 

15 0.40 30 0.32 70 0.1 

4 Sols peu évolues  1156875 
(46.7) 

10.5 0.44 30 0.35 70 0.2 

5 Sols fersiallitiques - 
steep slopes 

269950 
(10.9) 

8 0.44 30 0.35 70 0 

6 Sols peu évolues – 
grape orchard  

42900 
(1.7) 

250 0.44 30 0.35 70 0.8 

7 Sols minéraux bruts 
– grape orchard  

26825 
(1.1) 

250 0.45 20 0.36 120 0.8 

8 Sols fersiallitiques  348275 
(14.1) 

8 0.44 30 0.35 70 0.1 

9 Sols fersiallitiques – 
grape orchard  

45650 
(1.8) 

250 0.44 30 0.35 120 0.8 

 
The land-use in this area consists of agriculture, horticulture, orchards and 
cork oak forests. Increasing population pressure has led to major land-use 
changes. Replacing natural cork oak forests with exotic species (acacia, 
eucalyptus), intensification of agriculture on steeper slopes and overgrazing 
in natural shrubland areas are some of the major cause for degradation 
(Schwilch et al., 2012; van Dijck et al., 2006). The general farming practice 
in the area is ploughing a certain area at the end of the summer and 
beginning of autumn (September/October), by guessing how much it may 
rain (based on the previous year and the date of the first rainfall). In good 
rainfall years more field area is prepared for sowing than in perceived bad 
years (according to interviews with the farmers). As a result of this some 
fields almost never get ploughed (varies between 2 and 10 years) (Naafa, 
2002), and on these fields existing rills can develop into gullies because 
concentrated flow lines are not erased regularly. Cattle are allowed to graze 
on the crop remains after the harvest and/or also in case of crops that fail 
due to insufficient rain. Open areas on the steep slopes with shrubs are 
subjected to uncontrolled grazing. Extensive gullying is found on abandoned 
lands and in overgrazed areas at the sloping edge of the incised valleys of the 
Marmora plateau (DESIRE, 2013), making the land unsuitable for any 
agricultural land-use activities. Table 5.2 gives the land use and its spatial 
cover during 2009. The land use map was generated from a GeoEye-1 image 
(acquired on 1 September 2009) using object-based image analysis in 
eCognition developer 8.7 (Figure 5.7). 
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Table 5.2: Existing land use and its spatial cover  
Land use units Surface area, km2 (%) 

Degraded agricultural land 0.17 (7) 
Fallow for long duration 0.62 (24) 
Degraded rangeland 0.56 (22) 
Dense shrubs 0.21 (8) 
Grape orchard 0.10 (4) 
Fallow (wheat) 0.90 (35) 
 

 
Figure 5.7: Land use during 2009 in the study area 
 
The land use variables (Table 5.3 - from ID 1 to 6) include the fractional 
surface area covered by vegetation and its residue (FVC) (Eq. 5.8), the leaf 
area index (LAI) (Eq. 5.9) and the derived maximum canopy storage (Smax) 
(Eq. 5.10) used for interception storage.  The vegetation/ crop parameters 
mainly influence the interception, soil cohesion and splash erosion processes. 
The FVC and LAI were derived using from the optical red and NIR bands and 
its derivative NDVI. FVC (Muñoz et al., 2005) (range 0-1) and LAI, m2/m2 
(Tabarant, 2000) (range 0-3.55) were used to calculate the storage capacity 
of the canopy. Approximate Smax (mm/pixel) is related to canopy surface 
and, therefore, to LAI (Hoyningen and Huene, 1981). The crop/plant height 
ranged from 0.1 m to 0.75 m and was used to calculate through-fall kinetic 
energy in the splash erosion. The Manning’s n was estimated from an 
equation (Eq. 5.11) obtained from an unpublished work in China.  
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FVC = 1.1101 NDVI – 0.0857 Eq. 5.8 
LAI = 8.238 NDVI − 2.93 Eq. 5.9 
Smax = 0.935 + 0.498LAI - 0.00575LAI2 Eq. 5.10 
n = 0.01 + 0.02*FVC + 0.013 * RR Eq. 5.11 
 
Table 5.3: Land use variables used in modeling erosion  
Land use units ID CH RR CS CR AS 

Degraded agricultural land 1 0.1 0.5 6.1 4.0 2.5 

Fallow for long duration 2 0.1 1.0 5.4 4.0  4.5 

Degraded rangeland 3 0.2 1.0 5.4 4.0 4.5 

Dense shrubs 4 0.35 0.5 6.1 4.0 3.0 

Grape 5 0.75 1.5 2.2 4.0 4.0 
Fallow (wheat) 6 0.1 1.0 5.2 4.0 2.5 

ID: land use unit id, CH: Crop height (m), RR: Random roughness (cm), CS: soil cohesion (kPa), 
CR: additional cohesion by roots (kPa, value is multiplied by the FVC), AS: aggregate stability (-) 
 
The erosion variables includes the cohesion of the soil in KPa, additional 
cohesion by plant roots in KPa, aggregate stability of the soils and the 
median grain size of the suspended matter (D50) in μm. These parameters 
affect mainly the sediment yield in the model and have no influence on the 
predicted discharge. Cohesion is the component of the shear strength of the 
soil caused due to cementation between sand grains and electrostatic 
attraction between clay particles. It was measured using a Torvane for the 
land use existing during the field work between September to October 2010, 
and was used to calculate soil particle detachment caused by overland flow. 
In addition to cementation and electrostatic attraction of soil particles, plant 
roots also provide added cohesion in the soils. This was obtained from 
literature for various crop/plant type. Aggregate stability was used to 
calculate the amount of splash erosion, simulating the impact of falling rain 
on an aggregate. Simple tests were carried out in the field to assess soil 
aggregate stability by submerging air-dried soil aggregates of size 1cm 
diameter in water and checking if they were stable after five minutes 
(Bergsma, 1986). LISEM is very sensitive to D50 (Hessel, 2002), which 
influences both transport capacity (which decreases with increasing D50) and 
settling velocity (which increases with increasing D50). Grain size analyses 
were performed with the sieve-pipette method. 
 
The soil variables, such as saturated hydraulic conductivity (Ksat) in mm/h, 
average suction at wetting front (Psi) in cm, the porosity (thetas), initial 
moisture content (thetai) and soil depth in mm, were used to calculate the 
infiltration using the Green and Ampt model (Table 5.1). The method 
described in procedures for soil analysis (van Reeuwijk, 2002) was used to 
determine these variables. Ksat was measured with the constant head 
method, using samples taken from the field along with knowledge-based on 
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the field. Samples were collected in a core with size 10 cm height and 8 cm 
diameter. The initial soil suction was obtained-based on the texture (Rawls et 
al., 1990). Initial moisture content – thetai was considered as 90 % of 
thetas. 

5.3.4 LISEM calibration and extreme event modelling 
Even though LISEM is a physically-based model, calibration is still needed. 
The land use of the area was left the same as in 2009. The calibration in this 
study was based on data collected from the field observation: based on the 
peak discharge (l/s), the hydrograph behavior at the V-notch (see Figure 5.1) 
(the shape of the hydrograph) and the total runoff volume (m3). Ksat and 
Manning’s n of slopes were adjusted with a multiplication factor to calibrate 
the model mainly by including the tillage direction characteristics. The 
process of trial and error method was used to obtain the calibration values 
that most closely matched the field observations with the simulated results. 
LISEM simulates discharge and erosion for individual storms and produces 
both an erosion map and a deposition map. Net erosion is calculated by 
combining the two maps. 
 
To understand the influence of an extreme rainfall on the existing land use, 
an extreme rain event (50.2 mm, with a return period of 38 years, a peak 
rainfall intensity of 136.8 mm/h and a similar duration) was used to model 
the soil loss from the study catchment. The soil properties were retained as 
measure from the field in the study area. Furthermore, the net erosion for 
the extreme rainfall scenario was estimated at the V-notch, one using the 
same calibration values and the second without calibration (uncalibrated).  

5.3.5 Comparing the model simulations with the OOA 
gully maps 

A number of steps need to be taken to compare the model outcome with the 
OOA results of chapters two or three. The common element for comparison is 
gully volume. This means that the OOA maps that have a gully surface have 
to be converted to an estimated volume, while the model soil loss map has to 
be converted from a weight loss (in kg/m2) to a volumetric soil loss. 
Furthermore, the model soil loss does not distinguish rill and gully erosion, 
while only gullies are detected from the object-based analysis of high 
resolution images. Therefore, the model result also has to be split into rill and 
gully erosion. First the gully system boundaries (GSB) from the OOA analysis 
were obtained (with 1m resolution), as they form a better evaluation 
boundary than the individual gully boundary (the gullies in the region are 
complex narrow, dendritic and diffused features). The average area of the 
GSB was calculated by dividing the total area of GSB by the total number of 
pixels in it. Gully depths were measured in the field randomly, and a constant 
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average depth (with 1m resolution) of 0.7 m for simple gullies on valley 
slopes and 1.9 m for valley bottom gullies were multiplied with the area of 
GSB. For the complex gully systems on the steeper slopes depths were 
assumed by visual perceptions (0.5 m for the gullies on concave slopes and 
1.5 m for the convex slopes). The 1m resolution gully volume was resampled 
to 5 m resolution to match the LISEM input data. This was considered as the 
OOA-based gully volume in m3/pixel.  
 
Next, the recalculated soil loss map in kg/cell, obtained from LISEM was 
divided by the bulk density (kg/m3) (Saxton and Rawls, 2006) of soil to 
obtain gully volume (m3/cell) by LISEM simulation. LISEM, however, 
generates erosion throughout the area (which include all forms of erosion: 
sheet, rill and gully). Therefore, the volume with respect to gullies alone was 
compared and hence following a hierarchical method as explained in the 
following sentences. First, LISEM-based volume within GSB (also represents 
the gullies extracted by OOA) was separated from that outside of the GSB. 
Second, it was determined whether all the erosion outside of GSB is rill/sheet 
erosion, as it did not create a definitive visible object in the imagery. 
However, if the amount of soil loss outside of the GSB is higher or equivalent 
to that within GSB, then it is logically a gully. Hence, the erosion outside of 
GSB was split into rills and gullies on the basis of a critical threshold (ct). 
Several criteria of critical threshold were developed based on the minimum 
width and minimum depth in different parts of the world, e.g., a critical 
cross-sectional area of 0.093 m2 by Poesen (1993). The critical threshold for 
this study was however obtained by considering the minimum cross-sectional 
area obtained by the width and depth collected from the field work (0.12 m2, 
presented in the scatterplot shown in Figure 5.8). The pixels complying with 
this criterion were classified as gullies. An erosion class map was generated 
by combining the gullies with in gully system boundary (existing both in OOA 
and LISEM output), additional gullies identified by LISEM simulation, other 
forms of erosion simulated by LISEM and no erosion or deposition region. 
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Figure 5.8: Scatterplot of randomly collected width and depth values of gullies in the 
study area. The diamonds indicate the measurements from valley slope gullies and the 
squares from valley bottom gullies. The red dot indicates the minimum cross-sectional 
area of the valley slope gully (0.4 x 0.3 m = 0.12 m2) used as critical threshold for 
separating the gullies from other erosion features.   

5.4 Results and Discussion  
The rainfall event (16.57 mm total rainfall within 116 minute) for which the 
discharge was measured at the V-notch can be characterized as follows:  
peak discharge of 454 l/s, total discharge of 375 m3 and Q/P % of 1.05. The 
times of peak rainfall and discharge are the 16th and 44th minute 
respectively from the start of the rainfall event. Hessel and Jetten (2007) 
showed that the choice of storm has a significant effect on the results of the 
simulation. Figure 5.9 shows the hydrograph and the discharge curve.  
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Calibration with respect to peak discharge is mostly used to evaluate the 
performance of simulation as it uses time of peak, peak discharge and the 
shape of the discharge curve.  Nevertheless, soil loss, which is the product of 
runoff volume and concentration, will require further calibration with respect 
to total runoff volume. The multiplication factor that was used to calibrate the 
model to match the field observations with the simulated results are: Ksat on 
slope = Ksat*0.42 and Manning’s n on slopes= n*1.52. The calibration with 
respect to peak and total discharge along with the shape of the discharge 
curve gave good results. The simulated results were as follows: the peak 
discharge was 458 l/s, runoff % of 0.9, and the time of peak discharge was 
at the 45th minute from the onset of rainfall.  
 
The calibrated Ksat values were much lower than the measured values. Also, 
in situations where soils are wet, very small changes in water content will 
lead to large differences in the conductivity. Ksat largely determines the 
infiltration rate and therefore the amount of runoff and Manning’s n 
influences the velocity of runoff and, therefore, affects the shape and timing 
of the hydrograph. Manning’s n also influences the total discharge, as the 
longer the water remains in the catchment, the more time there is for 
infiltration. This could also be an important factor in explaining the much 
lower conductivities used during simulation. The calibrated Manning’s n on 
the slopes was higher than the values obtained from literature, in order 
obtain a correct response time. A substantially higher Manning’s n gives a 
large time difference between peak rainfall and peak runoff. This results in 
more infiltration, causing the peaks to decrease. Figure 5.9 shows the 
discharge curve of the model simulation as well as the measured discharge. 
The graphs show that the simulated discharge peak occurred relatively closer 
to the measured discharge. It was not possible to compare the observed and 
simulated hydrographs with a goodness-of-fit, because of the time shift in 
the start of the runoff (TF = 16th minute and TS = 29th minute), so the 
fitting was done by eye judgment. Table 5.4 gives the comparison of the 
measured and the simulated values.  
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Figure 5.9: Hydrograph with the discharge curve of the model simulation and 
measured discharge 
 
Table 5.4: Comparison of the measured and simulated values at V-notch 
Variables Measured Simulated 
Peak discharge (l/s) 458 455 
Total discharge (m3) 375 374 
Runoff  % 1.04 0.9 

 
The average soil loss for the 16.57 mm total rainfall was 1267 kg/ha, 
contributing to the total soil loss of 325 tons from the study catchment. Table 
5.5 provides the summery of the simulations at the V-notch. Previous studies 
(Jetten et al., 1996; Takken et al., 1999), however, have shown that 
although the LISEM model can generally be calibrated to give satisfactory 
results for the catchment outlet, spatial prediction is less successful.  
 
The extreme rainfall event from Spain generated a total soil loss of 5409 ton 
and 4122 ton from the study catchment from the calibrated and uncalibrated 
model, respectively. Table 5.5 provides the summery of the extreme rainfall 
simulations at the V-notch. The average soil loss for the extreme rainfall 
event, with calibration from field values, increased seventeen-fold compared 
to that of the normal rainfall conditions (for approximately the same duration 
of the rainfall event). Similarly, the average soil loss increased thirteen-fold 
for a non-calibrated LISEM simulation. Figure 5.10 shows the soil loss map 
(ton/ha) for both the normal and extreme rainfall conditions respectively 
(both with calibration from field values and no calibration). Note that LISEM 
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also gives negative soil loss values in its output, which signifies deposition. 
Because the gully map only shows detachment, the deposition part of the soil 
loss in the analysis is left out. Hessel et al. (2003) clearly show that 
calibration in semi-arid areas is event specific. Calibration parameters for one 
event may not be suitable for another. It was, therefore, decided to continue 
the analysis with both simulation results. It is clear that while the extreme 
event might be capable of generating higher soil loss (may include higher 
gullies), the normal event is not. Nevertheless, this is raw soil loss, and it has 
to be separated into gully and other forms of erosion. 
 
In terms of spatial patterns there are clear discrepancies between gully 
locations and simulated erosion. The erosion patterns are similar for all valley 
slopes, while in reality gullies occur on certain locations on one side of a 
valley, but for instance not on the opposite side of the same valley, with 
similar soils. This suggests that the input datasets derived from land use and 
soil data are possibly too homogeneous and differences in flow concentration 
or soil strength existing in reality is not captured by the input data. Spatial 
rainfall variability also plays a significant role and good quality input data are 
not present.  
 
Table 5.5: Summary of the simulation at V-notch 
Variables Units Normal 

event 

Extreme 

event: 

calibrated 

Extreme 

event: 

uncalibrated 

Total rainfall mm 16.25 50.20 50.20 

Total discharge mm 2.91 26.62 18.33 

Total discharge m3 1053.69 9752.73 6922.98 

Peak discharge l/s 1482.11 9938.28 8205.03 

Discharge/Rainfall % 17.91 53.23 36.66 

Splash detachment on land ton 13.07 97.62 72.38 

Flow detachment on land ton 6233.39 44516.90 35038.14 

Deposition on land ton -3166.8 -12656.06 -9839.57 

Flow detachment in channels ton 209.03 5343.31 3323.75 

Deposition in channels ton -645.15 -805.86 -984.33 

Total soil loss ton 324.59 5408.96 4121.59 

Average soil loss kg/ha 1267.24 21118.07 16091.81 

 (kg/m2) (0.13) (2.11) (1.61) 
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Figure 5.10: Soil loss map (ton/ha) for both normal (a) and extreme rainfall scenario 
with calibration from field values (b), and without calibration (c) 
 
Figure 5.11 shows the recalculated erosion volume maps in m3/pixel, based 
on the bulk density in Figure 5.6b. Figure 5.12a shows the volume of gully 
per cell within a GSB derived from object-based analysis of high resolution 
GeoEye-1 imagery. The volume of erosion estimated by OOA ranged from 
~0.1 m3/cell to 43.2 m3/cell, the volume resulting from the LISEM simulation 
ranged from ~0.1 m3/cell to 6.9 m3/cell for the normal rainfall condition, and 
that for the extreme rainfall ranged from ~0.1 - 22.3 m3/cell and ~0.1 - 16.5 
m3/cell (calibrated and uncalibrated respectively). While the volume of gully 
estimated from LISEM depended on the amount of soil loss for a rainfall 
event (volume varied largely from a normal rainfall event to the extreme 
event), the volume estimation in OOA depended on the large average gully 
depth considered. Hence, a huge difference is found between the volumes 
estimated from OOA as compared to the LISEM analysis. The LISEM 
simulation, however, includes all forms of erosion. Hence, the volume of only 
gullies with in GSB was separated from the rest of area.  
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Figure 5.11:  Simulated volume of erosion in m3/pixel independent of erosion form, for 
the normal rainfall (a), for extreme rainfall scenario with calibration from field values 
(b), and without calibration (c) 
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Figure 5.12: Gully volume in m3/pixel from object-based analysis (a), and the LISEM 
simulation for a normal event (b), and an extreme event – calibrated and uncalibrated 
(c and d, respectively)  
 
As LISEM estimates erosion throughout the entire area, it is necessary to 
identify and distinguish the area of splash/sheet/rill erosion from the gully 
erosion. In addition to the gullies within the GSB, pixels that satisfied the 
critical threshold relation described in section 5.2.5 were also included as 
gullies. Figures 5.13a, b and c illustrate the erosion class map that 
distinguishes areas with no erosion or deposition, splash/sheet/rill erosion, 
gully erosion and gullies within GSB (existing both in LISEM output and OOA 
results). The area in yellow indicates the region with gully erosion simulated 
by LISEM, but which is not present in the results from the object-based 
image analysis. This could be due to the quality of the input data used and 
the uncertainties in LISEM simulations (discussed further in Section 5.4). The 
percent area under each erosion class is shown in table 5.6. It is evident 
from table 5.6 that gullies do form from a normal rainfall event with 
calibration (the area percentage of gullies present in both OOA and LISEM is 
5.64). Simulation of extreme rainfall event with calibration formed more 
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gullies (12.19 %) when compared to the uncalibrated results (7.37 %). This 
is due to decreasing the Ksat throughout the area during the calibration. 
Lowering of Ksat decreases the infiltration rate and increases runoff thereby 
increasing the probability of gully formation. The additional gullies generated 
by LISEM and that not present in OOA (false positives) is due to the lack of 
good input data (discussed further in Section 5.4) and the limitation 
associated with the model itself (lack of simulating backward gully process). 
Similarly, the true positives or the gullies found in OOA and not in LISEM are 
mainly due to the concentration of water according the LDD in one of the 
eight directions. In nature, and also seen in the OOA assessment, gullies 
develop where water concentrates in reality (infinite direction). These may 
result in loss of gully segments and location errors, where a gully is simulated 
but not exactly in the right location. 
 

 
Figure 5.13: Erosion class map for normal (a) and extreme rainfall scenario with 
calibration from field values (b) and no calibration (c) 
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Table 5.6: Area (%) in each erosion class for various rainfall events 
Erosion class Normal rainfall: 

calibrated 
Extreme rainfall: 
calibrated 

Extreme rainfall: 
uncalibrated 

No erosion or deposition 33.80 16.59 22.73 

Splash/sheet/rill erosion 57.92 63.28 61.94 

Gullies present in OOA 
and LISEM 

5.64 12.19 7.37 

Additional gullies 
generated by LISEM 

0.29 5.93 5.75 

Gullies found in OOA and 
not in LISEM 

2.34 2.01 2.21 

5.5 Uncertainties in LISEM simulations and volume 
determination (OOA and LISEM)  

The inconsistency between the observed and the simulated erosion rates 
inside the catchment is due to the uncertainties in data used in the LISEM 
simulations. Erroneous rainfall data may result in wrong simulations. In 
particular the spatial variability of rainfall is ignored as rainfall from only one 
rain-gauge station is used to run the model. Inaccuracy in the DEM used is 
one of the plausible reasons as the most important factor - flow direction 
(that determines where erosion will occur), used in the model was derived 
from the DEM. Another important factor is the temporal and spatial 
heterogeneity. Both the soil and land use properties are liable to fluctuations 
with respect to time and heterogeneity across space. Hence, collecting 
sample data in the field and extrapolating and/or up-scaling these values will 
introduce additional errors. Finally, a problem is rooted in the basic 
characteristic of the grid-based model, where flow conditions are determined 
locally in each grid cell and the inertia of water is not taken into account. For 
instance, when slope changes abruptly, LISEM may simulate sudden 
deposition because it assumes that the transport capacity decreases 
radically, while in reality sediment may remain in suspension (Hessel et al., 
2003). An additional limitation associated with LISEM is the lack of simulating 
the backward gully erosion process. The erosion class map hence shows six 
percent additional gullies generated by LISEM simulation than by OOA 
method.  
 
The disparities seen in the gully volume estimates, by the LISEM simulation 
and by the object-based method, are due to the inaccuracy in the gully depth 
collection and bulk density measurement. The OOA result does not provide 
gully volume. The gully cross-sectional area is multiplied by the depths 
collected randomly from the field, which were restricted to accessible gullies. 
For the gullies that were inaccessible, depths were assumed by visual 
perceptions and interaction with the locals. The same is the case with bulk 
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density of the soil, collected randomly in accessible regions of the study area, 
which can change with respect to time and space.  

5.6 Conclusions 
This study was an attempt to relate the gully systems identified by OOA to 
the LISEM simulation results. It is clear that, although the model simulates 
the erosion processes and the soil loss, the results are far from perfect. It is 
impossible to exactly reproduce the erosion process on a pixel level. The 
model, however, provided more of a spatial pattern of erosion for identifying 
erosion hotspots than a precise estimate of soil loss and gully volume from 
the catchment. While the LISEM output showed gully erosion in many areas 
within the catchment, object-based image analysis identified gullies in fewer 
places. The volume and the spatial patterns of gully erosion assessed differed 
in both methods. Gullies identified from the object-based image analysis 
were a result of many years of erosion and the volume determined here 
depended on the large average gully depth considered for volume estimation. 
While the gullies generated by LISEM are based on the activity of one rainfall 
event and the volume estimated here depended on the amount of soil loss for 
a rainfall event.  
 
A combination of various factors could be held responsible for the 
discrepancies found between the measured, the simulated and the object-
based output. As mentioned in section 5.4 an erroneous rainfall data, an 
inaccurate DEM, unavailability of a good soil map and historical land 
utilization map, inadequate soil/land use properties, or an improper 
extrapolation of the field data can cause discrepancies in the LISEM output 
and, hence, it is difficult to determine what factor exactly caused the 
discrepancy. While it is not possible to compare the two outputs due to 
various discrepancies, the information obtained from them is still useful to 
determine the scale of the erosion problem and determine where soil and 
water conservation measures should be applied. 
 
Simulation of an extreme rainfall scenario with LISEM provided useful insights 
into what might happen during an extreme event. However, further research 
is needed before it can be agreed as to how much these simulations reflect in 
reality. Future studies should include better input data such as: (i) high 
resolution rainfall data (both temporal and spatial resolution), (ii) historical 
land use information (such as alternation of land use, field abandonment, 
fields staying fallow and bare for a long time, ploughing direction, cropping 
period, etc.), and (iii) soil properties (such as stone fraction) to investigate 
the model performance. 
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6.1 Introduction 
Soil erosion, specifically gully erosion is a significant source of sediment loss 
and hence is considered as an important land degradation problem globally. 
The FAO estimated that about 24 billion tons of fertile soil are being lost to 
erosion every year (with gullies contributing 50% to 80% of overall sediment 
loss) in the world‘s croplands (FAO, 2011; Poesen et al., 2002), reducing the 
amount of productive arable lands, and further posing a threat to food 
security of the increasing population. In order to meet the growing food 
demands it is necessary to protect the remaining arable lands from being 
eroded (i.e., the accelerated erosion due to human interference). Hence, it is 
primarily essential to identify existing gullies and vulnerable regions, 
quantitatively assess the extent of the gullies, and to quantify the magnitude 
of the soil loss. This provides key information required for adopting any 
conservation measure. The research presented in this thesis dealt with the 
study of the various forms of gullies in Sehoul, Morocco to improve gully 
erosion assessment.  
 
Sehoul is affected by several land degradation processes, and gully erosion is 
one of the major forms of degradation resulting in agriculture land 
abandonment in this region (van Dijck et al., 2006). This is because it is a 
sub-humid to semi-arid area region with low vegetation cover, erodible soils, 
steep slopes and occasional high intensity summer storms. Over the last fifty 
five years two extreme rainfall days were recorded: one on that 4th of August 
1959 with rainfall of 151.3 mm/day and second on 17th December 1975 with 
rainfall of 148.8 mm/day (mean annual rainfall in the region is 540 mm). In 
addition to this, anthropogenic activities such as forest encroachment and 
uncontrolled grazing activities have intensified the gullying process. This is 
one of the reasons why the region was recognized as one of the test sites for 
the Desertification Mitigation and Remediation of Land (DESIRE) project 
(DESIRE, 2013).  
 
Various types of gullies found in the study area are: the long quasilinear 
features along the thalweg of the sub-catchment (valley bottom gullies), the 
quasilinear features on gentle to moderate slopes (simple valley slope 
gullies), and the dendritic and anastomosing features on moderate to steeper 
slopes, both on concave and convex slopes (complex valley slope gullies). 
The main aim of this thesis was to develop a realistic knowledge-based 
generic approach for improving gully erosion assessment (detection and 
characterization of the gullies mentioned above). 
 
This final chapter will summarize the conclusions from previous chapters and 
discuss the questions raised in chapter 1 of this thesis. The chapter will also 
focus on the implications of this research in relation to the land degradation 
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mitigation and prevention with respect to the DESIRE project. Finally 
recommendations and ideas for further research are proposed.  

6.2 Synthesizing knowledge-based results to 
improve gully erosion assessment 

Research in the application of remote sensing in soil erosion studies date 
back to the 1940s (Smith, 1943). These studies were limited to visual image 
interpretation of aerial photos until the availability of satellite imagery, from 
Landsat-1, in 1972. Ever since then technical developments in spaceborne 
remote sensing, increasing availability of spaceborne data (with enhanced 
spatial, spectral and temporal resolutions, especially with higher swath width 
when compared to aerial photos), and improvements in digital imaging 
processing and GIS have created new possibilities for research in gully 
erosion. The recent availability of high spatial resolution imagery (HRI) has 
extended opportunities for mapping and surveillance of large inaccessible 
areas. Ikonos-2 and GeoEye-1 multispectral and panchromatic imagery were 
used in this study. Working with HRI implies a substantial increase in the 
number of pixels and information to be handled during the analysis, and even 
larger spectral ambiguity. The spectral variabilities associated with gully 
features are the presence of vegetation, manmade quasi-linear features, and 
shadow- or moisture-related brightness differences.  A method purely based 
on pixel-based spectral information cannot be effective to investigate gullies. 
Hence, the utility of object-based image analysis (OBIA)/object-oriented 
analysis (OOA) was assessed in this study. The analysis of objects, as 
opposed to individual pixels, proved to be more appropriate to address the 
aforementioned spectral variabilities, and more suitable for knowledge-driven 
analysis akin to visual image interpretation.  
 
The use of high resolution stereo-images from GeoEye-1, along with rational 
polynomial coefficients, required minimal ground control points to generate 
digital surface model (DSM).  In addition to the vegetation and manmade 
features in the study area, the erroneous elevation points (spikes and pits) 
were easily recognized from the DSM, and hence it was easy to remove the 
local artifacts in the DSM and further to create a suitable digital terrain model 
(DTM) and its derivatives. Gullying, being a hydro-geomorphic process, 
always requires topographic information for its identification. Derivatives such 
as slope, specific catchment area and flow direction were used as significant 
variables for gully detection. In addition to the spectral and the topographical 
information, auxiliary information such as geometric properties (shape, 
dimension and orientation), textural information in relation to surface flow 
direction, and the spatial relationship with surrounding features, allowed an 
approach fundamentally similar to the cognitive approach used in visual 
image assessment, but in a controlled and reproducible quantitative manner. 
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This technique was useful both for mapping and monitoring of changes in 
gully systems over a period of eight years. While a visual assessment of the 
object-based results indicated realistic detection of gullies feature, accuracy 
assessment resulted in a slight overestimation of gully system area. 
Increasing gully complexities (explained in Chapter 2 and 3) led to more false 
positives and overestimation of the gully system area. Although erosion-
related process knowledge was used in removing the false positives, 
combinations of various image-based spectral thresholds were used most 
often in false positive removal and hence they remain empirical. A deliberate 
attempt was made to retain some of the isolated false positives so that the 
process of false positive removal dose not narrows down to thresholds at the 
individual pixel level. 
 
The method was tested in different parts of the study area (i.e., the rule-set 
was developed for a test site and validated for a different area, but within the 
study area). However, it will be interesting to see how well the method can 
extract gully features in other parts of the world (explained further in Section 
6.3). Nevertheless, the method was tested for different HRI (Ikonos-2 and 
GeoEye-1). Hence, the method developed appears to be generic and 
transferable (with some adaptations). 
 
In the absence of HRI for larger areas, gullies were predicted from medium 
resolution ASTER imagery using object-based Random Forest analysis. 
Training areas of gullies or gully systems were obtained from HRI or through 
intensive field work across the larger areas, which were used to predict the 
gully systems throughout Sehoul. Several object-based explanatory variables 
(spectral, topographical, geometrical, textural and contextual) were 
generated from ASTER image, which were used in the Random Forest model. 
The predictive ability of the RF model was modest, with over-prediction of 
gully system areas owing to the spatial resolution of the explanatory 
variables. Although texture-based inputs from HRI provided significant 
information for the gully system identification, the same from the medium 
resolution ASTER data turned-out to be an insignificant input. Random Forest 
proved to be a good method for automatically identifying significant variables 
for the desired feature extraction.  
 
Quantitative assessment of the magnitude of the soil loss and locating of 
vulnerable areas provides key information required for adopting any 
conservation measure. The LISEM model (Baartman et al., 2012) was used in 
this study to estimate the soil loss of a large rainfall event. Data from 
GeoEye-1 imagery (multispectral and panchromatic stereo-images) were 
used for estimating most of the catchment topographic and land use related 
parameters, such as slope, flow direction, NDVI, leaf area index, fraction of 
vegetation cover and maximum canopy storage capacity. With the chosen 
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heavy rainfall event an attempt was made to translate the soil loss simulated 
by the model to the gully extend as reported by the OOA analysis. The 
results from LISEM simulations produced a moderately good spatial pattern 
of erosion, but the estimates of the soil loss and further gully volume were 
not precise and far from perfect.  
 
The first working block of the DESIRE project was an information review, 
including assessment and mapping of the existing forms of land degradation 
in the hotspot areas, using desertification indicators, of which gully presence 
and density is one. The method developed in this study provided this 
important input that will allow developing more sustainable decisions on land 
management strategies for desertification mitigation. The aim of developing a 
knowledge-based approach for gully erosion assessment was successfully 
achieved by coupling object-based image analysis and spatially dynamic 
erosion modelling. The approach developed in this study is more realistic, 
knowledge-based and generic when compared to other methods, particularly 
for the areas with data scarcity and an inaccessible environment.  
 
1) Is it possible to attain a more realistic gully detection method through 
object-based image analysis (of high resolution imagery and its derivatives 
alone) compared to visual image interpretation?  
The method developed using object-based image analysis (Chapter 2 and 
further improved in Chapter 3) is an effective way for detecting gullies and 
complex gully systems. In addition to this, the method effectively captured 
the finer gully traces (that go unnoticed due to limitations of visual image 
interpretation), leading to a more accurate identification of the gully system. 
This method did not suffer from human subjectivity (typical for visual 
assessment), though the thresholds were determined empirically, as it 
consistently uses the same evaluation criteria for detecting the gullies 
throughout the area. The method is more realistic and practical than the 
traditional visual image interpretation method, as the quality of a visual 
interpretation depends on the individual’s experience and familiarity with the 
area. This method will least provide a less subjective and repeatable 
procedure around. However the accuracy of detecting these quasi-linear 
features depends on the resolution of the image used, spectral variability of 
the land features surrounding the gullies, such as the presence of vegetation, 
or shadow- or moisture. With increasing size of the study area (provided the 
gully systems are wide-spread) the method becomes more beneficial, since 
the effort of visual image interpretation would grow linearly with the number 
of gullies, but the OOA processing effort would not. It is thus better suited to 
detect gully/gully systems through OOA. 
 
2) Are the gullies/gully systems in the study area changing over time, 
and where do we find higher gully activity?  
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Changes with respect to both area and density are observed in gullies/gully 
systems over time (Chapter 3). The total area, i.e., the area of an individual 
gully (as in valley bottom gully) and the area enclosed by the gully system 
boundary (as in valley slope gullies), increased by 17% over a period of eight 
years. The increase in gully density ranged from 1 to 622 km/km2. Gully 
systems on both steeper concave and convex slopes displayed an increase in 
density, indicating favorable conditions for gully dynamics. These slopes are 
vulnerable to gully activity, also due to intense uncontrolled grazing. The 
area is vulnerable to formation of new gully systems and extension of 
existing gullies; however, the process of gullying has to be supported by the 
other factors such as rainfall, soil properties (such as soil strength) and 
historical land use. It is speculated that historical land use, in particular fields 
that were left without tillage for several years, may increase the risk of 
forming rills that may develop into more permanent gully features. Similarly, 
overgrazing may be another important driver of erosion. Unfortunately such 
information was not obtainable as there are no records of field occupation 
over time. 
 
3) Is it possible to extract the narrow and complex gully features from 
medium resolution imagery, using a high resolution reference data and 
machine learning method? 
Medium resolution ASTER imagery (multispectral data and derived DEM) were 
effectively used to extract the gully features by employing Random Forests 
models (Chapter 4). The results, however, were modest, with over-
estimation of gully system area (13 to 27%).  This was mainly due to the 
misclassification of open lands as valley slope gullies. The coarse spatial 
resolution of the explanatory variables and the possibility that the presence 
of gully systems is the result of different processes at different locations were 
yet another reason for the moderate accuracy of the Random Forest model. 
ASTER data were successfully used to identify areas of gully erosion, 
especially with complex narrow gully systems and, therefore, that with 
relatively little effort and cost large areas can be mapped. Nevertheless, it 
was necessary to provide gully information (individual gully or gully system 
boundary) to train the model, which was either obtained from field or from 
the HIR. 
 
4) Is it possible to couple gully systems identified by the object-based 
image analysis to spatially distributed soil loss simulations to gain insight in 
erosion rates? 
The LISEM model results were far from matching the OOA results. LISEM 
simulations for a normal rainfall condition showed gully erosion in many 
areas (more than actually existing gully systems, and those identified by 
OOA). A few conditions were considered before the comparison of model 
results and OOA results. While OOA provided only gully surface extent 
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information with certain accuracy, information on volume cannot be 
extracted. The volume of gullies can in principle be collected in the field with 
extensive effort, but this is generally not straightforward. Likewise, LISEM 
produces mass per surface of soil loss and does not provide volumetric 
information. The model does not simulate backward erosion with small mass 
movement type processes, and the results are also not classified into any of 
the erosion forms present (sheet, rills, and gullies). In an attempt to compare 
the results of LISEM to the OOA gully estimates a heavy rainfall event 
recorded in Spain was used. Simulation of an extreme rainfall scenario with 
LISEM provided useful insights into what might happen during an extreme 
event. In principle a large rainfall event would be enough for extensive gully 
erosion, but the locations are determined by land use dynamics in agriculture 
and tillage systems (utilization and abandoned fields). This information would 
have to be put in the model. In additional to this, proper information of the 
spatial variability of soil strength and stoniness was absent. Better results 
could be obtained with models that combine erosion and mass movement 
processes (e.g., LAPSUS or CAESAR that simulate long periods with annual 
time steps), but these may have to be adapted to simulate for individual 
rainfall event at shorter time step. In addition to this they might not be 
capable of including the subtleties of the influence of farming systems and 
intermittent use of fields. 

6.3 Recommendation and further research  
Chapters 2 and 3 show that the object-based method developed for 
extracting gully features uses the same evaluation criteria throughout the 
study area, which makes it less dependent on the level of expertise in erosion 
and skills in mapping as compared to visual image interpretation. 
Nevertheless, the parameters chosen and the thresholds determined to 
extract gullies are based on trial and error method, as continues to be the 
case in the majority of published OOA studies. In order to automatically 
identify significant input variables and their thresholds methods such as 
Random Forest can be used (Chapter 4). With increasing size and complexity 
of the area to be mapped (provided the area/number of gully systems 
increases at the same time) automated or semi-automated methods prove to 
be effective.   
 
The OOA method developed for extracting gully features was tested for its 
transferability in the same area but with different HRI. It must be noted that 
the data used in this research are limited to optical satellite images (visible 
and near infrared range of the electromagnetic spectrum). However, soil 
characteristic are better recognized in the thermal infrared (specifically in the 
3 - 5 μm wavelength region) and microwave region of the electromagnetic 
spectrum (Yitagesu et al., 2011). Hence, it will be interesting to test the 
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method using additional images that are acquired in wider region of the 
spectrum and also in a geomorphologically distinct area to verify the 
transferability and robustness of the method. Unlike remote sensing (optical 
and NIR) of reflected light from the land surface, which indicates response of 
the topmost layer, thermal remote sensing provides energy variations 
extending to varying depths below the ground surface. Similarly, microwave 
remote sensing from satellites has also proven useful as it has an advantage 
over thermal remote sensing of not being effected by cloud cover (Roy et al., 
2010). However, there are certain obstacles that cannot be overcome with 
the use of HRI (for example, the cost, cloud cover, vegetation cover, revisit 
on the same day, etc). It can get expensive to procure HRI in situations 
where detailed time-step data are required. The data obtained by integrating 
airborne or terrain Light Detection And Ranging instrument (LiDAR) and 
imaging platforms secured on low altitude Unmanned Aerial Vehicles (UAVs) 
can provide an alternate to satellite imagery. Frequent revisits can be 
planned as per study requirements, and data will be cloud-free. It will be 
interesting to test how the data from these instruments are used for a 
detailed three dimensional surface assessment. It was not possible to obtain 
the changes with respect to volume using HRI  and with the recent 
availability of the UAV LiDAR systems (Stumpf et al., 2012; Wallace et al., 
2012) it will be interesting to see how these data quantify the changes in the 
gully volume and further the soil loss.  
 
While it is important to understand the soil-vegetation-water interaction 
during the rainfall and surface runoff for analyzing erosion (Waugh and Link, 
1988), such observation in the field may not always be possible (due to 
accessibility limitations, or the challenge of organizing field research during or 
following intense rainfall events). Time-lapse photos or videos can be 
captured by placing simple or infrared cameras on the land surface that could 
be later used for analyzing the changes in the gully systems (Trimble, 2013).  
 
Since the start of the research presented in this thesis, research in other geo-
domains, but also medical disciplines, has led to several interesting methods 
that are used to automatically or semi-automatically extract quasi-linear 
features, such as debris flow tracks, fault scarps, drainage lines, levees, 
roads, etc., (in landscape applications), and structure of colon mucosa, blood 
vessels, neurons, finger prints, etc. (in the medial domain). Some of the 
methods developed to analyze other quasi-linear landscape features are 
shown below. It will be interesting to see how some of these methods 
perform in gully erosion feature extraction.  
 
Kurtz et al. (2012) presented an interactive hierarchical approach, based on 
binary partition trees and multiresolution clustering, to progressively extract 
complex urban patterns (which also included quasi-linear features such as 
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rivers, roads, etc.) from remote sensing images (medium: 30-5 m, high: 3-1 
m and very high: <1 m). A top-down multiresolution approach, followed by 
example-based segmentation, was applied from the lowest to the highest 
resolution imagery. At each resolution, an interactive segmentation of one 
sample region is chosen by the user for each class of the image. The user's 
interpretation is automatically recognized by tree-cuts in binary partition 
trees, reproducing the interpretation in the remainder of the image. Stumpf 
et al. (2013) developed a three-stage mapping technique for extracting 
landslide surface fissures. The dark lines were first separated using a 
Gaussian filter and a first derivative Gaussian filter to extract the potential 
fissure candidates. Second, mathematical morphology – Hit or Miss transform 
was used to enhance the connectivity of the dark lines or the fissure 
candidates. This was followed by object-based processing of removing the 
false positives using various thresholds. 
 
In this thesis several filters were used (Contrast filter, Lee-Sigma edge filter, 
Canny edge filter) to extract information that helped recognize potential gully 
features. However, several advanced edge detection filters have been 
developed in recent years that enhance the input image data for better 
recognition of quasi-linear features, for example morphological texture 
contrast (MTC) and the morphological feature contrast (MFC) filters (Zingman 
et al., 2014), scale-invariant and contrast-invariant multi-scale differential 
edge filters (Zhang and Liu, 2013), Sobel edge filter of a combined energy 
and skewness image that is subjected to non-maximum suppression and 
further to flux equilibrium(Hussein et al., 2011). It will be interesting to test 
how these filters enhance the input imagery to recognize the gully features. 
 
Medium and coarse resolution imagery has limitations with respect to the 
amount of details of land surface features it can provide. However, such data 
are acquired for large areas of the Earth surface. The Random Forest model 
developed to predict gully systems in this study, using a high resolution 
reference data, was tailored to ASTER imagery, thus it would be interesting 
to test if the Random Forest generates a better model to predict gully 
systems using other medium/coarse resolution imagery.  
 
Dotterweich and Dreibrodt (2011) identified historical land use systems as a 
key information for assessing soil erosion. It will be interesting to see if 
erosion assessment improves by considering the multi-temporal land use 
system data, which includes historical land use, such as alternation of field 
use (change from agriculture to horticulture or monoculture or other land 
use), field abandonment and fallow fields (long or short period), plough 
directions, cropping period, presence of hedgerow. With increasing 
availability of HRI data, at least for most parts of the world for the past 
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decade, it may be possible to generate detailed multi-temporal land use 
system data. 
 
To conclude, the LISEM model used for the quantitative assessment of soil 
erosion can also be used as a valuable tool for planning land management 
method.  Various land management scenarios can be designed and tested for 
their influence on the soil erosion even before implementing it. However, the 
model output may be hampered by the quality and the availability of spatio-
temporal dataset used, coupled with the natural complexity and spatial 
heterogeneity of the landscape. Hence, efforts should be put into extensive 
measuring and modelling of smaller and less complex individual gullies on a 
single hillslope, to be able to translate the model results into process 
knowledge. An increased understanding of the model does not necessarily 
mean an increased understanding of reality, but it can give clues about 
processes that might be hard to attain using erosion measurement alone. 
Sustainable land management for desertification mitigation and prevention 
requires prompt location of the source of degradation within a catchment. 
Similarly, identifying gullied areas and areas vulnerable to erosion allows 
focusing on effective techniques and most likely participation of the land 
users in the process of mitigation and prevention. 

  

 140 



Chapter 6 

References 
Baartman, J.E.M., Jetten, V.G., Ritsema, C.J., de Vente, J., 2012. Exploring 

effects of rainfall intensity and duration on soil erosion at the 
catchment scale using openLISEM : Prado catchment, SE Spain. 
Hydrological Processes, 7, 1034-1049. 

DESIRE, 2013. DESIRE Study site description: Marmora, Morocco, 
http://www.desire-
his.eu/wimba/CG%20SSD%20Sehoul,%20Morocco/. 

Dotterweich, M., Dreibrodt, S., 2011. Past land use and soil erosion 
processes in central Europe. PAGES news, 19, 49 - 51. 

FAO, 2011. The state of the world’s land and water resources for food and 
agriculture (SOLAW) - Managing systems at risk. In: F.a.A.O.a. 
Earthscan (Ed.), Rome and London. 

Hussein, W.B., Moaty, A.A., Hussein, M.A., Becker, T., 2011. A novel edge 
detection method with application to the fat content prediction in 
marbledmeat. Pattern Recognition, 44, 2959–2970. 

Kurtz, C., Passat, N., GançArski, P., Puissant, A., 2012. Extraction of complex 
patterns from multiresolution remote sensing images: A hierarchical 
top-down methodology. Pattern Recognition, 45, 685-706. 

Poesen, J., Vandekerckhove, L., Nachtergaele, J., Oostwoud Wijdenes, D., 
Verstraeten, G., Van Wesemael, B., 2002. Gully erosion in dryland 
environments. In: L.J. Bull, M.J. Kirkby (Eds.), Dryland rivers: 
Hydrology and gromorphology of semi-arid channels. John Wiley & 
sons Ltd, West Sussex, UK, pp. 393. 

Roy, P.S., Dwivedi, R.S., Vijayan, D., 2010. Remote sensing application. 
NRSC, Indian Space Research Organisation, Hyderabad. 

Stumpf, A., Malet, J.P., Kerle, N., 2012. Mapping landslide surface fissures 
with matched filtering and object-oriented image analysis, Proceedings 
of the 4th GEOBIA, Rio de Janeiro, Brazil, pp. 286-291. 

Stumpf, A., Malet, J.P., Kerle, N., Niethammer, U., Rothmund, S., 2013. 
Image-based mapping of surface fissures for the investigation of 
landslide dynamics. Geomorphology, 186, 12-27. 

Trimble, S.W., 2013. Historical agriculture and soil erosion in the upper 
Mississippi valley hill country. CRC Press, Taylor and Francis Group, 
Florida, USA. 

van Dijck, S.J.E., Laouina, A., Carvalho, A.V., Loos, S., Schipper, A.M., Van 
der Kwast, H., Nafaa, R., Antari, M., Rocha, A., Borrego, C., Ritsema, 
C.J., 2006. Desertification in northern Morocco due to effects of climate 
change on groundwater recharge. In: W.G. Kepner, J.L. Rubio, D.A. 
Mouat, P. Fausto (Eds.), Desertification in the Mediterranean Region: a 
Security Issue. Springer, Dordrecht, pp. 549-577. 

Wallace, L.O., Lucieer, A., Watson, C.S., 2012. Assing the feasibility of UAV-
based LiDAR for high resolution forest change detection, XXII ISPRS 

 141 

http://www.desire-his.eu/wimba/CG%20SSD%20Sehoul,%20Morocco/
http://www.desire-his.eu/wimba/CG%20SSD%20Sehoul,%20Morocco/


Synthesis 

Congress. International Archives of the Photogrammetry, Remote 
Sensing and Spatial Information Sciences, Melbourne, Australia, pp. 
499-504. 

Waugh, W.J., Link, S.O., 1988. Barrier erosion control test plan: Gravel 
mulch, vegetation, and soil water interactions. Westinghouse Hanford 
Co, Richland, USA. 

Yitagesu, F.A., van der Meer, F., van der Werff, H., C, H., 2011. Spectral 
characteristics of clay minerals in the 2.5–14μm wavelength region. 
Applied clay science, 53, 581-591. 

Zhang, X., Liu, C., 2013. An ideal image edge detection scheme. 
Multidimensional systems and signal processing, 25, 659-681. 

Zingman, I., Saupe, D., Lambers, K., 2014. A morphological approach for 
distinguishing texture and individual features in images. Pattern 
Recognition Letters, 47, 129-138. 

 
 
 
 

 142 



Summary 
Accelerated soil erosion by water, in particular gully erosion, is an important 
sign of land degradation, rendering slopes unfit for agriculture and forming 
an important source of sediment in a range of environments around the world 
(especially in arid and semi-arid regions).  The declining area of the 
productive arable lands further poses a threat to food security of the 
increasing population. In order to protect the arable lands from further being 
eroded it is important to identify the existing gullies in the region and 
quantitatively assess the extent of the gullies (in terms of area, volume and 
density) and further quantify the magnitude of the soil loss. This key 
information is essential for defining the soil and water conservation 
measures.  
 
This thesis particularly focuses on various forms of gully erosion specifically, 
valley bottom gullies, simple and complex valley slope gullies. Field-based 
mapping, interpretation of aerial photos and pixel-based analysis of satellite 
imagery have traditionally been the most widely used technique for mapping 
the gullies or the gully systems. However, field-based mapping and 
photo/image interpretation is time consuming and suffers from human 
subjectivity; and pixel-based image analysis is dependent on spectral 
information alone, thus not producing sufficiently accurate results. Also, 
several research attempts have been made to automate the process of gully 
detection in order to save time.  
 
However, the process of gullying is complex and varies between regions. 
Hence, new approaches are required that can incorporate locally relevant 
knowledge for assessing the gullies, while being capable of analysing 
different areas. Object-based analysis (OOA) imitates human interpretation in 
the process of identifying the gullies and hence emerged as a good 
alternative to the traditional methods. Its ability to incorporate additional 
information, such as digital terrain models (DTM), thematic maps, or 
contextual informations, has made object-based method a step towards 
replicating the human interpretation process. The main objective of this 
thesis was to develop a knowledge-based generic method for gully 
assessment, by coupling OOA and spatially dynamic erosion modelling. The 
study was conducted in the sub-humid to semi-arid region of Sehoul, 
Morocco, recognized as one of the test sites for the EU FP6 Integrated Project 
Desertification Mitigation and Remediation of Land (DESIRE, FP6-IP037046). 
 
This study examined the use of OOA to extract gully erosion features using a 
combination of topographic, spectral, geometric and contextual information 
obtained from high resolution optical imagery (orthorectified Ikonos-2, 
without rational polynomial coefficient (RPC)  information) and DTM (from 
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stereo-GeoEye-1, with RPC file). A rule-set was developed and tested for the 
region where high resolution image (HRI) was available. The solution 
consisted of four sub-steps: (i) deriving a texture measure based on surface 
flow direction, (ii) removal of background or areas of non-interest, (iii) 
extraction of gully candidates and (iv) removal of false positives. The 
percentage of gully system area extracted by this semi-automatic method 
indicated negligible overestimations between the reference area and OOA 
area. It was observed that finer gully-related edges within the complex gully 
systems were better identified semi-automatically than was possible by 
manual digitization, suggesting higher detection accuracy. However, the rule-
set developed did not use erosion process related knowledge as it was not 
possible to match the already orthorectified Ikonos image with the DTM 
generated from stereo-GeoEye-1. This was due to the source of 
orthorectification being unknown, and also to the absence of the RPC file. 
 
Further, an improved rule-set was developed using Ikonos-2 and GeoEye-1 
imagery (both complete with RPC files) to map gully features and extended 
to assess and quantify erosion area dynamics. In addition to the convention 
of using suitable spectral and topographic thresholds in the rule-set, the use 
of contrast and edge filter information and process knowledge of erosion by 
overland flow was incorporated in the rule-set to help recognize potential 
gullies. Changes in the area enclosed by the gully system boundary 
estimated for three different sub-watersheds (SW1, SW2 and SW3), observed 
over a period of eight years ranged from moderate (11% in SW2 and 21% in 
SW1) to a very high increase (91% in SW3). However, the changes seen in 
gully system density were much higher than the changes with respect to the 
area enclosed by the gully system boundary (81%, 104% and 109% in the 
respective SWs). As mentioned earlier the complex gully systems were better 
identified semi-automatically than was possible by manual digitization; in 
particular the finer edges of the gully systems, which in turn led to better 
quantification of changes in the gully systems. The rule-set developed, 
however, is more sensitive to the spatial resolution of the imagery than the 
quality and resolution of the digital terrain model and its derivatives. 
Furthermore, determining suitable segmentation parameters, selecting 
appropriate features for the classification and threshold determination 
remained largely based on trial & error in this analysis, limiting its application 
to a regional scale. However, with little adaptation the rule-set developed can 
be transferable to other regions/ imagery.  
 
Although this semi-automatic method is rapid and reproducible, the method 
developed is for regions with High Resolution Imagery (HRI) availability. 
However, HRI data are not always available. It was, therefore, attempted to 
identify gully systems (gully system boundary) using statistical modelling of 
image features from more widely available medium resolution imagery, in 
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this case ASTER. It was also tested if the selection of useful object features 
can be done in an objective and transferable way, using Random Forests 
(RF), and further for prediction of gully systems at regional scale. Moderate 
success was achieved using a semi-automatic object-based RF model (out-of-
bag error of 18.8%). Besides compensating for the imbalance between gully 
and non-gully classes, the procedure followed in this study enabled us to 
balance the classification error rates. The user’s and producer’s accuracy of 
the data with a balanced set of classes showed an improved accuracy of the 
spatial estimates of gully systems, when compared to the data with 
imbalanced classes. The model over-predicted the area within the gully 
system boundaries (13–27%), but its overall performance demonstrated that 
medium resolution satellite images contain sufficient information to identify 
gully systems, so that large areas can be mapped with relatively little effort 
and cost with acceptable accuracy.   
 
The procedures mentioned in the above paragraphs enabled the image-based 
extraction of gully feature, area of the existing gullies and/or area within GSB 
and their rate of change (given by length per surface). No volumetric analysis 
was possible, as depth data were not available. Hence, there is no 
information of the amount of soil loss from the gully systems. Erosion 
modelling can effectively reflect the behavior of the real system and also 
allows quantitative assessment of the magnitude of the soil loss. Limburg Soil 
Erosion Model (LISEM) was hence considered to simulate soil loss for a 
normal and extreme rainfall event. Also the fact that LISEM displays the 
spatial pattern of erosion opens the possibility to test the model behavior and 
predictive quality. Hence, an attempt was made to relate the gully systems 
identified by OOA to the LISEM simulation results. To achieve this, the soil 
loss obtained from LISEM was divided by the bulk density of soil to obtain 
erosion volume. Furthermore, a separation was made between rill and gully 
erosion volume by using a cross section threshold of 0.09 m2. Similarly, 
average soil depth estimated from field was multiplied with the area obtained 
from OOA to obtain the gully volume from OOA. All simulations were donem 
on a 10x10m resolution. The average soil loss for the normal rainfall event 
was 1267 kg/ha, for the extreme rainfall event (with calibration from field 
values) 21118 kg/ha, and for the extreme rainfall event (without calibration) 
16091 kg/ha. The volume of gullies estimated by OOA ranged from ~0.1 - 
43.2 m3/cell, while the volume resulting from the LISEM simulation ranged 
from ~0.1 - 11.3 m3/cell for the normal rainfall condition. For the extreme 
rainfall ranged from ~0.1 - 22.3 m3/cell and ~0.1 - 16.5 m3/cell (calibrated 
and uncalibrated respectively). The large differences found between the 
volumes estimated from both methods, is likely because of the many 
unknowns in field data (gully depth, soil properties, historical land use etc.) 
as well as threshold values applied, and not knowing which rainfall in the past 
lead to the formation of the gullies. Although it was possible to gain insight in 
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the soil erosion rates using LISEM, there was no means of relating the 
erosion assessed by OOA and LISEM, as they are two independent sets of 
results. While the soil loss output and volume estimates are far from perfect, 
the information obtained is still useful to determine the scale of the erosion 
problem and determine where soil and water conservation measures should 
be applied. 
 
The methods developed in this research have demonstrated good 
performance so that gully systems in large inaccessible areas (especially sub-
humid, semi-arid and arid regions) can be mapped with relatively little effort 
and acceptable accuracies. The method could potentially contribute to an 
improved gully system analysis in other highly degraded areas and provide 
key information that is essential for land degradation mitigation. 
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Samenvatting 
Een van de duidelijkste kenmerken van land degradatie, en versnelde water 
erosie, is de vorming van gullies (ravijnen). De aanwezigheid van gullies 
maakt een gebied ongeschikt voor landbouw en zorgt voor veel sediment 
overlast benedenstrooms, met name in semi-aride en aride gebieden. 
Verminderd landbouw areaal is een directe bedreiging voor voedsel 
zekerheid. Identificatie van bestaande gully systemen, en kwantificering van 
zowel het aangetaste oppervlak en bodemverlies, als ook het volume en 
dichtheid van de gullies, is belangrijk voor het nemen van maatregelen voor 
bodembescherming en waterconservering. 
 
In dit proefschrift worden verschillende type gullies bestudeerd, met name 
diepe lange gullies in de dalbodem, terug-schrijdende gullies op de hellingen 
en complexe dendritische gully systemen. Veldwaarnemingen en luchtfoto 
interpretatie, en op pixel gebaseerde analyse van satelliet beelden  zijn 
traditioneel de manier om gully systemen te  karakteriseren. Deze methodes 
zijn tijdrovend en subjectief, terwijl de analyses vaak van satelliet beelden 
vaak alleen op spectrale informatie gebaseerd is, hetgeen resulteert in 
minder accurate resultaten.  
 
Gully vorming is een complex proces dat grote variatie kent tussen 
verschillende gebieden. Nieuwe methodes zijn nodig om verschillende 
gebieden te kunnen analyseren, gebruik makend van lokale relevante 
informatie. Object-based analysis (OOA) bootst menselijke identificatie na in 
het identificeren van gullies en kan een goed alternatief zijn. OOA heeft de 
mogelijkheid additionele informatie te gebruiken zoals digitale terrein 
modellen, thematische kaarten of contextuele informatie, en zet op die 
manier een stap in de richting van menselijke interpretatie. Het doel van 
deze studie was het ontwikkelen van een op kennis gebaseerde generieke 
methode van gully analyse, door OOA te koppelen aan ruimtelijk dynamisch 
modelleren. Deze studie werd uitgevoerd in de semi-aride Sehoul regio in 
Noordwest Marokko, dat een van de onderzoeksgebieden was in het EU FP6 
Integrated Project Desertification Mitigation and Remediation of Land 
(DESIRE, FP6-IP037046). 
 
Deze studie onderzoekt het gebruik van OOA om gully eigenschappen te 
detecteren, door middel van een combinatie van topografische, spectrale en 
contextuele informatie, uit hoge resolutie beelden (orthorectified Ikonos-2 
zonder rational polynomial coefficient (RPC)  informatie), en een digitaal 
terrein model (stereo GeoEye-1 beeld met RPC informatie). Een set 
beslissingsregels is ontworpen die bestaat uit 4 stappen: (i) textuur 
informatie gerelateerd aan oppervlaktestromingsrichting, (ii) achtergrond 
gebieden verwijderen, (iii) gully kandidaten identificeren en (iv) verwijderen 
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van "false positives" (objecten incorrect als gully geïdentificeerd). Het 
verschil tussen gully gebieden op deze manier geïdentificeerd en referentie 
classificaties zijn verwaarloosbaar. Het bleek ook dat fijnere gully 
gerelateerde details beter in door het OOA systeem werden gedetecteerd dan 
met een hand interpretatie van dezelfde beelden. Het is wel zo dat set OOA 
regels geen proces kennis gebruikt van gully erosie, en dat de gedetecteerde 
gullies niet gerelateerd konden worden aan het hoge resolutie digitale terrein 
model, omdat de bron van de orthorectificatie onbekend is zonder RPC file. 
 
De set met beslissingsregels werd daarna verbeterd om zowel Ikonos-2 als 
GeoEye-1 beelden te kunnen analyseren, zodat de dynamiek van de gully 
systemen over een periode van 8 jaar gekwantificeerd kan worden. De regel-
set werd uitgebreid met contrast en edge-filter informatie en proces kennis 
van oppervlakteafstroming. Van 3 sub-catchments (SW1, SW2 en SW3) 
werden verschillen in de gully systemen over ene periode van 8 jaar 
gedetecteerd. De resultaten variëren van een gemiddelde toename in 
gebieden aangetast door gullies (11% voor SW2 en 21% voor SW1) tot een 
zeer hoge toename (91% in SW3). Daarbij geldt dat het hier vooral gaat om 
een toename in gully dichtheid, waarbij het aangetaste oppervlak minder 
toeneemt (81%, 104% en 109% in de SW gebieden respectievelijk). 
 
De betere detectie van fijnere gully details met OOA maakt het mogelijk om 
de veranderingen beter te detecteren en kwantificeren dan met een 
handmatige analyse. Het is echter wel zo dat de ruimtelijke resolutie van de 
beelden een grote invloed heeft op de kwaliteit van de analyse resultaten. De 
resolutie van het digitale terrein model en de afgeleiden heeft veel minder 
invloed. Bovendien is het kiezen van segmentatie parameters, de selectie van 
geschikte informatie voor classificatie en het vaststellen van drempelwaarden 
vooral een kwestie van uitproberen, hetgeen de toepasbaarheid in andere 
gebieden niet ten goede komt. Wellicht maken kleine veranderingen in de 
regel set het mogelijk de methode toe te passen in andere omgevingen. 
 
De methode is vooral geschikt voor gebieden waarvoor hoge resolutie 
beelden beschikbaar zijn. Om een bredere toepasbaarheid te hebben, is 
bekeken of de grenzen van de gully systemen (dus niet de individuele gullies) 
door middel van statistische methodes gehaald kunnen worden uit beelden 
met lagere resolutie (ASTER). Met behulp van de "Random Forests" methode 
werd bekeken of nuttige object eigenschappen op een objectieve en 
overdraagbare manier konden worden vastgesteld. De mate van succes was 
van deze methode was niet heel hoog, met een 18.8% "out of the bag" fout. 
Een verbetering was waar te nemen na het creëren van een betere balans 
tussen gully en niet-gully klassen, wat resulteerde in een overschatting van 
13-27% van de gully gebieden. In het algemeen kan geconcludeerd worden 
dat beelden met een gemiddelde resolutie voldoende informatie bevatten om 
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relatief snel, grote gebieden in kaart te brengen met een redelijke 
nauwkeurigheid.  
 
De verschillende ruimtelijke analyse methoden resulteren in gully 
oppervlakte, dichtheid en mate van verandering, maar niet in een volume 
schatting door de afwezigheid van gedetailleerde gully diepte data. Daardoor 
is er geen schatting van bodemverlies uit de gully systemen mogelijk. Een 
beter begrip van de dynamiek van de gully systemen en een schatting van 
het bodemverlies kan worden bereikt door het gebruik van een erosie model. 
Het model LISEM (Limburg Soil Erosion Model) simuleert de erosie voor 
individuele extreme regenbuien en geeft gedetailleerde ruimtelijke informatie 
over de erosie patronen. Om het gesimuleerde bodemverlies (in massa) te 
kunnen koppelen aan de met OOA gedetecteerde gullies (in oppervlakte), 
werd het bodemverlies gedeeld door de bulk dichtheid om volume 
schattingen te hebben, terwijl het OOA gully oppervlak vermenigvuldigd werd 
met een gemiddelde diepte uit veldwaarnemingen. Vervolgens werd het 
gesimuleerde volume gescheiden in rill erosie en gully erosie, door een 
drempelwaarde van 0.09 m2 doorsnede te hanteren. De simulaties werden 
gedaan met een resolutie van 10x10m gridcellen.  
 
Het gemiddeld bodem verlies werd door LISEM berekend voor een normale 
bui op 1267 kg/ha (met calibratie op de afvoer), en voor een extreme bui op 
16091-21118 kg/ha (ongecalibeerd en gecalibreerd). Dit geeft omgerekend 
een volume van ~0.1 - 11.3 m3/cel voor normale regenval, en voor een 
extreme bui ~0.1 - 22.3 m3/cel en ~0.1 - 16.5 m3/cel (gecalibreerd en 
ongecalibreerd). Het gully volume berekend uit de OOA analyse gaf ~0.1 - 
43.2 m3/cel. De grote verschillen tussen de twee methodes kan gerelateerd 
worden aan de verschillende keuzes voor drempelwaardes die gemaakt 
worden en onvolledige veld data (bodem parameters, gully diepte, historisch 
landgebruik) en de onbekendheid van de regen die de gullies veroorzaakt 
hebben. Het is dus momenteel niet mogelijk om de model resultaten te 
vergelijken met de OOA analyse, het zijn twee on afhankelijke sets met 
resultaten. Ondanks deze resultaten, geeft de simulatie wel meer informatie 
over de schaal van het erosie probleem en kan informatie geven over waar 
bodem en waterconserveringsmaatregelen toegepast kunnen worden.    
 
De methodes die in dit proefschrift uitgewerkt zijn, presteren goed genoeg 
om gully systemen in grote, relatief ontoegankelijke gebieden (met name in 
sub-humide en semi-aride klimaat zones) snel en accuraat in kaart te 
brengen. Zij kunnen bijdragen aan een betere analyse van gully systemen in 
sterk gedegradeerde gebieden en zodoende een bijdrage leveren voor het 
verminderen van land degradatie.  
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