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Abstract  
 

Small-scale landscape elements (SSLE) such as dry-stone walls, hedgerows or dead trees 

play an important role in terms of landscape biodiversity, landscape history as well as land-

scape aesthetics and recreation. In Switzerland, different monitoring programs exist that meas-

ure quantity, quality and diversity of SSLE. An example for this is the campaign  “Monitor-

ingprogramm Arten und Lebensräume Landwirtschaft” (ALL-EMA) conducted by Agroscope 

which records SSLE based on field surveys and aerial image interpretation. This study at-

tempts to contribute towards contemporary SSLE monitoring frameworks by evaluating the 

potential of high-resolution remote sensing data for the automatic recognition of SSLE. There-

fore, cost and time for SSLE inventories and monitoring could be reduced while total area 

coverage could be improved.  

For this thesis, an approach combining object-based image analysis (OBIA) and machine 

learning (Random Forest) was chosen. In a first step, ten classes of SSLE were mapped 

across nine study areas (5.05 km2 across the cantons of Aargau, Solothurn and Zurich) based 

on aerial image interpretation and field validation. Together with high-resolution LiDAR data, 

aerial imagery and ancillary data, ground truth data was used as input data for segmentation 

and feature extraction in eCognition. This resulted in two datasets (non-vegetation & vegeta-

tion classes) with a total of ~1.5 million object samples and 58 explanatory variables. The very 

unbalanced datasets (80% of the samples are non-SSLE objects) were subsequently cleaned 

up, balanced (SMOTE algorithm) and relevant features were determined using the Recursive 

Feature Elimination algorithm. After these preparation steps, two Random Forest models (non-

vegetation & vegetation) were trained and tested using a spatial cross-tabulation approach. 

Results showed that small and rare classes such as branch piles, small water bodies, clear-

ance cairns or dry-stone walls could barely be predicted (0 – 74% producer and <6% user 

accuracies) while larger and more frequent classes (rocks/stones, open ground, low & high 

woody vegetation and dead trees) were predicted with producer accuracies between 43% and 

88% and user accuracies between 1% and 80%. Main limitations were found to be very unbal-

anced training datasets, heterogenous remote sensing data between the different study areas 

and limitations resulting from the selected classification approach. However, the study also 

revealed a number of parameters that could be adjusted in order to improve classification re-

sults. Moreover, currently available high-resolution sensing data for Switzerland (in particular 

LiDAR point cloud data) can sufficiently depict many types of elements. This offers great po-

tential for future exploration of automatic recognition of small-scale landscape elements. 
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1 Introduction  
 

Small-scale landscape elements (SSLE) are defined as small structural elements of natural or 

anthropogenic origin that shape the character of cultural landscapes (Berner Naturschutz, 

2019) but are also essential for biodiversity and many ecosystem services (Guntern et al., 

2020). A cultural landscape is thereby defined as a landscape formed through the interaction 

of natural and anthropogenic influences (UNESCO, 1992). This study focuses on SSLEs in 

one part of cultural landscapes, i.e., the agricultural landscape.  

Structural elements such as branch piles, dry-stone walls and small streams or ponds serve 

as nesting places, food source and shelter for many species but also hold historical, aesthetical 

and recreational values (Rey et al., 2017). Since the industrial revolution, SSLE in Switzerland 

have been under constant pressure through the expansion and transformation of agricultural 

landscapes. Traditional and structurally rich landscapes have been emptied in the course of 

agricultural intensification or urban expansion (Berner Naturschutz, 2019). However, over the 

last decades, awareness for the importance of SSLE has grown. Agricultural reforms in the 

1990s managed to slow down the negative trend of the occurrence and diversity of SSLE in 

agricultural landscapes by creating financial incentives (Rey et al., 2017). In 2014, subsidies, 

so called “Landschaftsqualitätsbeiträge”, were implemented to further remunerate mainte-

nance and care of SSLE (Rey et al., 2017).   

   

1.1 Problem Statement 

In Switzerland, cantonal and nationwide programs exist that, among other aspects, also mon-

itor the impacts of measures supporting SSLE in agricultural landscapes. One example there-

fore is the campaign “Monitoringprogramm Arten und Lebensräume Landwirtschaft – Espèces 

et milieux agricoles” (ALL-EMA) conducted by Agroscope and WSL (Riedel et al., 2018). The 

program was launched 2015 with the goal of assessing the condition and change in species 

and habitat diversity in accordance with environmental goals for the agricultural landscape of 

Switzerland. Secondly, it also measures the effects of so called “Biodiversitätsförderflächen” 

(BFF), subsidised areas to promote biodiversity. Thirdly, it provides a data basis for current 

and future questions regarding species and habitat diversity in Swiss agricultural landscapes 

(Riedel et al., 2018).  

ALL-EMA uses a set of 40 indicators to assess diversity and quality on species, habitat and 

BFF level. Several indicators cover SSLE: the number (StrGamm), diversity (StrDiv) and spa-

tial heterogeneity (StrHet) of SSLE in 200 m2 plots are measured within the scope of habitat 

surveys. Also, the proportion of study sites with woody features (GehProz) is measured. Fur-

thermore, the border length of woody features neighbouring agricultural area (GehLaeng) is 

surveyed based on aerial image interpretation and the border length of water boundaries is 

extracted from the swissTLM3D product (swisstopo, 2022c). For the definition of sample plots, 

ALL-EMA uses a three-level sampling design. On a first level, a total of 170 1 km2 study sites 

is chosen across Switzerland based on randomised but weighted sampling. On a second level, 

each site is subdivided by a grid with 50 m mesh size. The grid intersections mark the centre 

points for habitat surveys of which 19 are selected per site based on randomised weighted 

sampling. For each habitat survey, SSLE are recorded in two differently sized circle areas. In 

a 10m2 circle, the proportion of open ground (low- or no-vegetation area) and shrub vegetation 



9 
 

(< 1 m) is measured. In a 200m2 circle, standing and flowing water bodies, ruderal area, clear-

ance cairns, dry-stone walls and ruins, field margins, paths as well as woody vegetation met-

rics such as groves, bushes, hedgerows, trees, forest edges, dissolved forest, high stem fruit 

trees, old trees, briars and stepped forest edges are recorded (Riedel et al., 2018).  

Habitat surveys as described above are conducted by experts in the field. As such, they are 

time and cost intensive. With the chosen sampling design, area coverage across Switzerland 

is relatively low which shows the importance of applying a robust and representative sampling 

strategy. Moreover, some sample plots are likely not to be accessible due to impassable terrain 

or landowners denying access. This poses the question whether habitat surveys can be sup-

ported by automated SSLE recognition based on remote sensing data. As a result, time and 

cost for SSLE monitoring could be reduced while area coverage could be improved. 

Over the last two decades, several studies have examined the use of automated recognition 

and remote sensing data for SSLE monitoring. In a publication by Völker & Müterthies (2008), 

operational methods for recognition, analysis and monitoring of cultural landscape parameters 

are presented. The authors created an automated image processing model in order to provide 

a standardised, transparent and objective approach to monitor landscape development. They 

also suggest using this approach for the controlling of agricultural subsidies targeting land-

scape conservation. Another example is a study conducted by Malinowski (2016) in Denmark, 

where LiDAR data retrieved from airborne laser scanning (ALS) and aerial imagery is used for 

the recognition of SSLE including hedgerows, ditches and dikes. Here, ALS data is identified 

as a suitable data source to monitor vegetation elements over large areas cost-efficiently.  

For Switzerland, no comprehensive studies analysing automatic recognition of SSLE in agri-

cultural landscapes are known. However, automatic recognition based on remote sensing data 

has become increasingly popular for vegetation structures and other landscape parameters as 

shown in the following examples. Weber et al. (2020) used an automatic approach for the 

large-scale classification of shrub forest. Pazúr et al. (2022) applied a machine learning (ML) 

algorithm to map the extent of cropland and grassland in Switzerland and Malkoç et al. (2021) 

used automated mapping for trees outside forests. These examples show that the application 

of automatic recognition approaches is commonplace with contemporary landscape analysis 

in Switzerland. It can be presumed that one reason therefore is the increased availability of 

high-resolution data in Switzerland. This is also the starting point of this thesis. It is assumed 

that with increasing spatial and temporal resolution, smaller objects such as SSLE are more 

likely to be recognised automatically. However, its potential has to be investigated. 
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1.2 Research Questions and Objectives 

With those recent advances in the availability of high-resolution remote sensing data in Swit-

zerland as well as the known potential of automated recognition for landscape objects, the 

general goal of this thesis is as follows:  

• Evaluating the potential of high-resolution remote sensing data for the automatic recog-

nition of small-scale landscape elements 

 

Based on this goal, the following research questions are posed: 

• RQ1: To what extent is high-resolution remote sensing data suitable for the automatic 

recognition of different small-scale landscape elements? 

 

• RQ2: How do object-based image analysis and machine learning methods influence 

classification accuracy of different small-scale landscape elements?  

 

In order to answer the research questions, the following objectives are set: 

• Create ground truth data for selected small-scale landscape elements 

• Develop and optimise a workflow for an automatic recognition of small-scale landscape 

elements based on remote sensing data 

• Perform a plausibility analysis for the automatic classification 

• Compare the classification accuracy for different small-scale landscape elements 

 

 

1.3 Thesis Outline 

In the following chapter, available literature about the background of this thesis is presented. 

Beginning with detailed information about the functions of different SSLE types, an overview 

of the characteristics and current state of high-resolution remote sensing data, methods of 

object-based image analysis (OBIA), machine learning techniques and the state of the art of 

automatic recognition of landscape properties is given. In chapter 3, a conceptual framework 

is introduced describing the chosen approach to achieve research objectives and answer re-

search questions. Chapter 4 covers the results including mapped ground truth data as well as 

segmentation and classification results. Results are then discussed in chapter 5 and conclu-

sions are drawn in chapter 6.
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2 Background  

2.1 Small-scale Landscape Elements  

The term small-scale landscape elements (SSLE) comprises a wide variety of small structural 

elements in agricultural landscapes that are products of anthropogenic practices and natural 

processes (Beck, 1996). Over generations, many human-made structures were created for 

practical purposes. For example, clearance cairns are the result of stone removal from arable 

fields and grasslands in order to improve cultivation and crop growth (Kremer, 2015). Over 

time, such structures then co-formed the typical appearance of the corresponding agricultural 

landscape that is today associated with historical, aesthetical and recreational values (Rey et 

al., 2017). A study by Röser (1988) states that a landscape’s recreational value is mostly based 

on the occurrence and diversity of boundary structures such as hedgerows or dry-stone walls. 

Rodewald et al. (2014) describe SSLE as essential features for the perception of different types 

of agricultural landscapes. For example, forest pasture landscapes are characterised by a mo-

saic of distinctive single trees, deadwood structures or dry-stone walls. Traditional high-stem 

orchards with a high proportion of deadwood give extensively farmed landscapes their typical 

flair. Similarly, alpine pasture landscape stand out through their high structural diversity includ-

ing natural elements such as single trees, rocks and boulders or ruderal areas.   

Equally important to historical, aesthetical or recreational values is the fact that SSLE simulta-

neously support biodiversity and ecosystem services. Many species can only exist if SSLE are 

available. Moreover, they are often dependent on a combination of SSLE that is spatially in-

terconnected. Amphibians rely on both aquatic and terrestrial habitats including clearance 

cairns, dry-stone walls, fringe structures or woody vegetation (Guntern et al., 2020). The diver-

sity of wild bee species is based on the occurrence of open ground areas, deadwood as well 

as vegetation and stone structures within a certain area (Zurbuchen & Müller, 2012). Similarly, 

birds such as the common redstart (Phoenicurus phoenicurus) are dependent on hollow trees 

that are in close distance to open ground areas with no or little vegetation (Martinez et al., 

2010).  

By supporting biodiversity, we also maintain or improve ecosystem services. For example, 

branch piles or clearance cairns provide a home for small carnivores such as weasels that can 

drastically reduce mouse populations in agricultural fields (Röser, 1988). Another important 

service is pollination. Insects such as bees, hoverflies, butterflies or beetles are essential for 

plant production (Guntern et al., 2020). Studies have found that the pollination of a field is 

improved if spatially interconnected SSLE such as hedgerows or forest edges are located close 

to the field (Castle et al., 2019). Furthermore, structures like hedgerows or tree rows can re-

duce soil erosion and provide wind protection (Röser, 1988).  

In the following sections, an overview of conventional SSLE types is given. Thereby, their im-

portance for biodiversity as well as their historical, aesthetical and recreational values (if exist-

ent) are outlined. According to Guntern et al. (2020), the umbrella term SSLE includes the 

categories single trees/orchards/alleys, forest edges, hedgerows and woody vegetation, dead-

wood structures, fringe structures, stone structures, water bodies, wetlands, open ground and 

ruderal area as well as others. Subsequently, common categories are presented. 
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2.1.1 Single Trees, Orchards and Alleys 

Domestic and site-specific single trees are particularly valuable for biodiversity as they feature 

multiple habitat types. They serve as food source, shelter, nesting place or perching opportu-

nities. Typical beneficiaries are birds, bats and insects but also lichens, mosses and fungi 

(Guntern et al., 2020). Old and prominent single trees can greatly shape the character of a 

landscape and contribute to its recreational value (Rodewald et al., 2014).  

A special form of trees are so called pollard trees (ger: “Kopfbäume”). Through repeated cap-

ping of the trunk and consistent removal of new shoots, a characteristically head-like crown at 

low height is created. Over centuries pollarding was applied in order to use regrowing shoots 

as weaving material or food source (Braun, 2014). Today, pollarding has become rare. How-

ever, older pollard trees often have cavities and are therefore very valuable for cave-dwelling 

bird species, bats and insects (BirdLife Schweiz, 2003).  

Traditional high-stem orchards are commonly created in loose formation across grasslands. In 

the process of agricultural intensification, this posed an obstruction for mechanical cultivation. 

Therefore, many fruit trees were removed (Kremer, 2015). Nevertheless, many people per-

ceive high-stem orchards as an enriching feature of agricultural landscape that also contributes 

to recreational value (Hochstamm Suisse, 2018). High-stem orchards are among the most 

biodiverse habitats in central Europe (Hochstamm Suisse, 2018). Many bird species use cav-

ities in older fruit trees for nesting and shelter (BirdLife Schweiz, 2022).  

Alleys and tree rows are important links between different habitats, especially in intensively 

used landscapes. Traditionally, they were created for reasons of aesthetics, resource extrac-

tion as well as road traffic and landscape amelioration. Nowadays, the number of alleys is only 

a fraction of what it was at the beginning of the 20th century. Many trees were removed for the 

widening of roads. Nevertheless, alleys are still valued for their aesthetics and their practical 

functions such as shade or protection from snow or rainfall (Tartaro & Kunz, 2008). 

 

2.1.2 Forest Edges 

Forest edges are important transition zones, so called ecotones, between agricultural land and 

forests (Guntern et al., 2020). They provide habitats for species displaced from intensively 

used agricultural landscapes (von Büren et al., 1995). Also, forest plant species that prefer 

warmth and light are partially dependent on shrub belts and herbaceous fringes found in eco-

logically sound forest edges (Brändli et al., 2020).  

Through intensification in forestry and agriculture, forest edges were (and still are) often artifi-

cially straightened resulting in an abrupt tran-

sition between forests and open lands 

(Imesch et al., 2015). According to current 

scientific knowledge, forest edges are most 

valuable for biodiversity if they are graded in 

terms of height (see Figure 1). This com-

monly includes a herbaceous fringe transi-

tioning into a shrub belt which is followed by 

smaller trees  and then taller trees marking 

the actual forest (Brändli et al., 2020). If forest 

edges are supplemented by other structural 

elements such as branch piles or clearance cairns, their value for biodiversity is significantly 

improved (Guntern et al., 2020). 

Figure 1: Graded forest edge (© Simon Mägli) 
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2.1.3 Hedgerows and Woody Vegetation 

Hedgerows are defined as linear structural elements mainly consisting of shrubs and bushes 

but also occasional trees (Guntern et al., 2020). If those elements are not structured linearly, 

they are described as woody vegetation. Both hedgerows and woody vegetation are essential 

for numerous species living in agricultural landscapes. This includes mammals such as bats 

or small carnivores, but also birds, reptiles, amphibians, insects, lichens and mosses (Guntern 

et al., 2020). For central Europe, it is estimated that they provide a livelihood for more than 

10’000 species (Westphal, 2011). A key function of these elements is creating a corridor be-

tween different biotopes which thereby supports species mobility (AGRIDEA, 2022). Further-

more, studies indicate that they have a higher ecological value if they contain diverse woody 

(in particular thorny) species, but also if they include other structural elements such as branch 

piles (Horch & Holzgang, 2006). 

Agriculture is also directly benefitting from hedgerows and woody vegetation as those ele-

ments provide shade for grazing animals as well as wind and erosion protection (AGRIDEA, 

2022). Hedgerow countries are the result of parcelling processes in agricultural landscapes 

and therefore a key piece of regional land use history. As such, they contribute to values like 

identification and perception of home. Also, they can increase the visual appeal of an otherwise 

monotonous landscape by creating visual variation (Rodewald et al., 2014).     

 

2.1.4 Deadwood Structures 

Deadwood structures are defined as standing or lying deadwood such as branch piles, stacked 

firewood, tree stumps, dead trees as well as fences made of untreated wood. They provide 

shelter, nesting place and food source for many species (Guntern et al., 2020). For mammals 

such as hedgehogs and weasels, branch piles serve as hiding places which are inaccessible 

for their predators. Through their isolating function, they can provide protection against rain, 

wind and cold. Often they are used for hibernation (Stiftung WIN Wieselnetz & Agrofutura AG, 

2018). Branch piles are also important for reptiles and amphibians for which they provide shel-

ter, predator protection and food source (Sperry & Weatherhead, 2010; Indermaur & Schmidt, 

2011). Furthermore, deadwood structures in general are livelihoods for deadwood fungi and 

insects (Guntern et al., 2020). For example, wild bees use tunnels made by beetle larvae as a 

place to build breeding cells (Zurbuchen & Müller, 2012).    

In terms of landscape perception, dead structures are typically combined with other structural 

elements such as hedgerows, orchards or forest edges. As such, they shape the character of 

diverse and ecologically sound landscapes (Rodewald et al., 2014). However, this perception 

has changed over time. Branch piles and other deadwood structures that were not removed 

were often regarded as “untidy”. Even today, this perception is still existing. Though with sub-

sidies being paid for the creation and maintenance of such structures, awareness for their 

ecological value has risen (Koller et al., 2017). 

 

2.1.5 Fringe Structures 

Fringe structures are narrow strips of land alongside roads and paths, agricultural fields and 

also waterways (BUND (Hrsg.), 2019). Even though they might be inconspicuous, they are 

very valuable for biodiversity. Many insects, reptiles and amphibians are displaced from fields 

due to intensive agricultural practices. Those species are reliant on fringe structures that serve 

as refuges (Guntern et al., 2020). Also, fringe structures are corridors for species migration 

through their linear form and distribution in a landscape (BUND (Hrsg.), 2019). Moreover, fringe 
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structures alongside waterways also act as buffer against pollutants used in agriculture (Arnold 

et al., 2015). 

Until mid-19th century, agricultural landscapes with high structural and land use diversity in-

cluding a plethora of fringe structures were a common sight (Rodewald et al., 2014). However, 

with agricultural intensification, many of those structures disappeared as a result of land con-

solidations (BUND (Hrsg.), 2019). This in turn led to habitat fragmentation which limits species 

migration and genetical exchange within species. Experts consider this a major threat for en-

dangered species (Frobel et al., 2018). 

 

2.1.6 Stone Structures 

The category stone structures includes dry-stone walls, clearance cairns, rocks and boulders 

as well as stone lenses (Guntern et al., 2020). Dry-stone walls are made of natural stone ma-

sonry without joint fillings. They are held together 

only by friction forces. Therefore, skilled craftsman-

ship is required to build long lasting walls. Dry-stone 

walls were traditionally built in stone-rich areas and 

have functioned as building walls or parcel bounda-

ries (see Figure 2). During agricultural intensification 

many dry-stone walls were removed. Nowadays, 

they have become popular again due to their value 

for biodiversity (Schegk, 2015). Most importantly, 

they serve as heat source, wintering grounds or hid-

ing place for reptiles, insects and small mammals 

such as short-tailed weasels (Mustela erminea) 

(Berner Naturschutz, 2019).      

Clearance cairns and stone lenses are other artificial stone structures and have similar eco-

logical functions like dry-stone walls. Stone lenses are piles of stones where a major part of 

the pile lies underground and the pile itself is surrounded mostly by vegetation. If the larger 

part of the pile lies overground, the structure is commonly termed clearance cairn (Guntern et 

al., 2020). Like dry-stone walls, clearance cairns are usually created in stone-rich agricultural 

areas and therefore have a high historical value (Rodewald et al., 2014).  

Rocks and boulders are often also partially located underground. Their overground parts can 

serve as habitats for lichens, mosses, ferns and small seed plants (Guntern et al., 2020). 

 

2.1.7 Small Water Bodies 

The term water bodies includes ponds, ditches, 

small rivers, springs as well as pools and pud-

dles. Those structures can be permanent, semi-

permanent or only temporary. Small water bod-

ies provide habitats for many species, serve as 

water source for vertebrates and as hunting 

ground for birds and bats (Guntern et al., 2020). 

Also, artificial water bodies are of great value. 

Over centuries, ponds were created for pur-

poses such as ice production, irrigation, peat 

Figure 2: Old dry-stone wall with vegetation el-
ements (© Simon Mägli) 

Figure 3: Temporary puddle: habitat for amphibians 
and insects (© Simon Mägli) 
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mining, reservoir for mills or fish production. Depending on their condition, such ponds are then 

inhabited by water-loving species (KARCH, 2022).  

Many people underestimate the ecological function of temporary pools and puddles (see Fig-

ure 3). Often, such highly dynamic structures are perceived negatively as damages to the land 

and therefore removed. However, amphibians such as the natterjack toad (Epidalea calamita 

) are dependent on temporary small water bodies that feature little vegetation and high water 

temperatures. Also, this species is adjusted to the constant emerging and disappearing of such 

structures (KARCH, 2022). 

Natural springs are sources of species-rich habitats that formed at the transition of groundwa-

ter to headwaters and terrestrial habitats. They are often inhabited by specialist species 

(Zollhöfer, 1997). 

 

2.1.8 Wetlands 

Small, locally restricted wetlands form in areas where water does not or only hardly drain. For 

agricultural landscapes, examples therefore are hollows, depressions, ruts as well as water-

logged or compacted surfaces. Like some ponds or puddles, wetlands are often highly dy-

namic. As such, they provide habitats for specialist plant species and other groups of organ-

isms. A good example therefore are house martins that rely on wet areas close to their nesting 

places in order to gather dirt or mud for nesting (Guntern et al., 2020).   

In central Europe, many wetlands have been drained in the course of agricultural expansion 

and intensification. This trend even has increased towards the end of the 20th century as the 

demand for more cropland and the efficiency of large-scale draining techniques has risen 

(Moser et al., 1996).  

 

2.1.9 Open Ground and Ruderal Area 

The category open ground and ruderal area includes areas with little or no vegetation (see 

Figure 4). Typical examples therefore are gravel paths (depending on the condition and use 

intensity), animal tracks, embankments, earth or sand heaps as well as gravel surfaces. Those 

structures provide habitats for several species. For example, lichens can grow on top and in 

between of pebbles (Guntern et al., 2020). Open ground areas provide nesting places for many 

insect species such as wild bees or wasps (Zurbuchen & Müller, 2012). In turn, those insects 

are food source for insectivorous species such as birds (Martinez et al., 2010). 

Larger ruderal and open 

ground areas are typi-

cally found in extensive 

agricultural landscapes 

with old gravel tracks and 

fallow areas. They there-

fore contribute to the 

character and value of 

traditional, small-scale 

farmed landscapes 

(Rodewald et al., 2014).   

Figure 4: Pits are valuable 
open ground and ruderal ar-
eas (© Simon Mägli) 
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2.2 High-resolution Remote Sensing Data  

SSLE as described in chapter 2.1 are monitored through different cantonal and nationwide 

programs mostly based on field surveys (see chapter 1.1). In accordance with research ques-

tion one (see chapter 1.2), the underlying question of this thesis is whether SSLE can be de-

tected automatically based on high-resolution remote sensing data. In this chapter, an over-

view of remote sensing data, the definition of high-resolution, the state and availability of re-

mote sensing data in general as well as the availability of high-resolution remote sensing data 

in Switzerland and its relevance for recognition of SSLE is given. 

 

2.2.1 Overview of Remote Sensing  

Remote sensing is defined as “the science and techniques of obtaining information about an 

object, land area, phenomenon, or ecosystem process acquired by a device that is not in con-

tact with the object, area, or phenomenon under investigation” (Chawla et al., 2020, p. 298). 

The history of remote sensing goes back to 1858 where the first aerial photograph was taken 

from a balloon over Paris (Jensen, 2007). With World War 1, advantages of analog remote 

sensing for information collection became apparent and techniques were subsequently im-

proved. Digital remote sensing started with the launch of the Landsat 1 satellite in 1972  

(Congalton, 2010).  

Remote sensing techniques are commonly categorised into active and passive systems. Active 

sensors measure a self-generated signal being reflected by the Earth’s surface (Horning, 

2008). This category includes sensors such as RADAR (Radio Detection and Ranging), LiDAR 

(Light Detection and Ranging), scatterometers or laser altimeters. RADAR emits electromag-

netic radiation at radio- or microwave frequencies and then measures the time between emit-

ted and reflected or backscattered pulses with directional antennas or receivers. Thereby, the 

distance to an object can be determined as the pulses travel at the speed of light. LiDAR 

applies a similar technique, though using lasers emitting light pulses (NASA Earth 

Observatory, 1999). LiDAR sensors are most commonly used to retrieve digital elevation data 

of the Earth’s surface. Thereby, a key feature is that a single emitted light pulse can be re-

flected several times while penetrating objects such as tree crowns. The returned pulses then 

correspond to different surfaces (e.g. treetop, intermediate returns and ground) (Horning, 

2008). In addition to elevation measurements, LiDAR sensors are also capable of measuring 

atmospheric profiles of aerosols, clouds and other atmospheric components. Thereby, laser 

altimeters are dedicated sensors measuring elevation data with LiDAR methods. Finally, scat-

terometers are high frequency microwave RADARS that are specifically designed to measure 

backscattered radiation. A typical use case is the retrieval of wind speed and direction over 

ocean surfaces (NASA Earth Observatory, 1999). Key advantages of passive systems are that 

they are not dependent on daylight and that they can penetrate objects such as clouds or 

vegetation (Horning, 2008).  

In contrast to active remote sensing systems, passive sensors measure natural radiation emit-

ted or reflected by observed objects. The most common source of radiation is reflected sun-

light. Among passive remote sensors are radiometers, imaging radiometers, spectrometers 

and spectroradiometers. Radiometers measure the intensity of radiation in the visible, infrared 

or microwave portion of the electromagnetic spectrum. If a sensor includes a radiometer which 

is capable of scanning a two-dimensional array of pixels, it is referred to as imaging radiometer. 

Spectrometers are able to distinguish and analyse the spectral content of incoming 
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electromagnetic radiation. If those sensors are also able measure the intensity of radiation in 

multiple wavelength bands, they are called spectroradiometers (NASA Earth Observatory, 

1999). As most passive sensors rely on sunlight as illumination source, their advantage is that 

they do not need their own energy source which overall results in simpler instruments. At the 

same time, this is also a limitation as most passive systems only function during the day. Also, 

radiation in the visible and infrared wavelengths cannot penetrate clouds or vegetation canopy 

(Horning, 2008). 

Remote sensing has different characteristics that define the level of detail visible in digital im-

ages. These are commonly described as the four types of image resolution: spatial resolution, 

spectral characteristics, acquisition dynamics and sensor sensitivity. Spatial resolution is what 

most people understand by the term “resolution” and refers to the size of the of smallest dis-

crete element in a digital image, a pixel, in ground dimensions. For example, if a satellite image 

has a spatial resolution of 10 m, one pixel corresponds to an area of 10x10 m on ground. The 

second type, spectral characteristics, describes spectral bandwidth, band placement and the 

number of bands. Spectral bandwidth is also referred to as spectral resolution and indicates 

the range of detected wavelengths in a specific image band. Band placement describes the 

placement of an image band in the electromagnetic spectrum and the number of bands used 

indicates how accurately the spectral properties of an object can be measured. Furthermore, 

acquisition dynamics include two components: Firstly, the time interval between the first and 

the second recording of a specific object (also referred to as repeat frequency of temporal 

resolution) and secondly, the time of acquisition. This is particularly important as many rec-

orded objects (e.g. deciduous vegetation) are temporally dynamic and have different spectral 

characteristics depending on the timing of recording. Finally, the sensitivity of the sensor de-

scribes the range a sensor is able to register a signal and the potential range of digital numbers 

it can use to represent pixel values. The latter is often referred to as radiometric resolution 

(Horning, 2008).   

In the case of LiDAR, recorded data is not expressed as images with pixels but as returned 

points which as a whole are referred to as point clouds. For each point, LiDAR systems are 

able to record its three-dimensional coordinates, return level (how many times a pulse was 

reflected up to this point), intensity (how strong the reflection was at a specific point) as well 

as other parameters (Hudak et al., 2009).  

For remote sensing data, the term “high-resolution” generally refers to three types of resolution: 

spatial, spectral and temporal resolution (Benediktsson et al., 2012). For spatial resolution, the 

subdivision in high-, medium- and low-resolution changes over time as remote sensing instru-

ments are progressing. Back in the 1980’s, Landsat satellite images with 60 m pixel resolution 

were considered as high-resolution. Nowadays, this pixel size falls into the low-resolution cat-

egory, while 10-30 m is considered as medium and 30 cm – 5 m as high-resolution for satellite 

imagery (Earth Observing System, 2019). In terms of spectral resolution, modern systems use 

hyperspectral sensors which can measure reflectance in hundreds of narrow and contiguous 

spectral bands. High-temporal resolution generally means that data is available in shorter time 

intervals and over longer time periods (Benediktsson et al., 2012). In regard to LiDAR data, 

the technique itself is often referred to as high-resolution. However, for the resolution of eleva-

tion models the number of points per area is significant. For example, very high-resolution 

LiDAR drones can record up to 1500 - 2500 points per m2 (Corte et al., 2022). 
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2.2.2 State and Availability of Remote Sensing Data 

As mentioned before, remote sensing data has seen massive advances in resolution over the 

last decades. Similarly, the availability of such data has also increased significantly. Nowa-

days, users can choose from a wide range of open-source or chargeable products that are 

based on satellite, airborne or terrestrial systems (Bhunia & Shit, 2021). Since the launch of 

the first Landsat satellite in 1972 which marks the beginning of civilian spaceborne remote 

sensing, several satellite missions were started including different sensor types, time intervals 

and spatial resolution. Table 1 gives an overview of satellite missions from 1972 until today.  

Mission  Launch year Sensors 
Revisit 
(day) 

Spatial resolution 

Landsat 
1972, 1975, 1978, 
1982, 1984, 1993, 
1999, 2013, 2020 

Panchromatic and multi-
spectral sensor 

16 
120 m, 100 m, 60 m, 
30 m, 15 m 

SPOT 
1986, 1990, 1993, 
1998, 2002, 2012 

Imaging spectroradiometer 1–3 
2.5 m, 5 m, 10 m, 
20 m 

ERS 1991, 1995 
IR radiometer, microwave 
sounder, radiometer, SAR 

3, 35, 
336 

26 m across track and 
6–30 m along track 

RADARSAT 1995, 2007, 2018 SAR 1 
8–100 m, 3–100 m, 
3–100 m 

MODIS 1999, 2002 Imaging spectroradiometer 1 
1000 m, 500 m, 
250 m 

IKONOS 
 
1999 
 

Imaging spectroradiometer 3 
Panchromatic: 80 cm 
B, G, R, NIR: 3.2 m 

QuickBird 2000, 2001 Imaging spectroradiometer 2.4–5.9 

Panchromatic: 
65 cm/61 cm 
B, G, R, NIR: 
2.62 m/2.44 m 

Envisat 2002 

ASAR, MERIS, AATSR, 
RA-2, MWR, GOMOS, MI-
PAS, SCIAMACHY, DO-
RIS, LRR 

35  300 m, 30–150 m 

GeoEye 
 
2008 
 

Imaging spectroradiometer 8.3 
Panchromatic: 41 cm 
B, G, R, NIR: 1.65 m 

WorldView 

2007,  
2009,  
2014,  
2016 

Imaging spectroradiometer, 
Laser altimeter 

1.7, 
1.1,  
<1,  
3 

Panchromatic 0.5 m; 
Panchromatic and 
stereo images: 0.46 m 
multispectral: 1.84 m; 
Panchromatic 0.34 m 
and multispectral 
1.36 m 

Sentinel 1-6 
2014, 2015, 2016, 
2017, 2021 

Radar and super-spectral 
imaging 

12, 10, 
27 

5–20 m, 5–40 m, 
10 m & 20 m & 60 m 

 
Table 1: Overview of commonly used remote sensing satellites. Table adapted from Zhu et al. (2018) 

Apart from satellite-based remote sensing, data is also available from airborne missions. This 

includes airborne laser scanning (ALS), terrestrial laser scanning (TLS) and digital aerial pho-

togrammetry (DAP) (Bhunia & Shit, 2021). Such products have become increasingly popular 

in recent years due to rising demand for accurate and up-to-date information and simultaneous 

decrease in costs (Mielcarek et al., 2020). In particular, applications of unmanned aerial vehi-

cles (UAVs) have gained in significance recently. UAVs can be equipped with a rapidly growing 

number of sensors and instruments which makes them appealing for applications in smaller 

areas that demand higher temporal availability of data (Pajares, 2015).   
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2.2.3 High-resolution Remote Sensing Data in Switzerland 

Coming back to the initial question of automatic SSLE recognition with remote sensing data, 

this chapter covers state and availability of high-resolution remote sensing data in Switzerland. 

In general, the availability of high-resolution data in Switzerland has improved greatly over the 

last two decades. A popular product is Sentinel-2 satellite imagery which is freely available 

since 2015. The satellites Sentinel-2A/B record data from 13 spectral bands including red, 

green, and near-infrared wavelengths which allows to analyse the condition of vegetation 

structures based on the chlorophyll content of leaves. For Switzerland, new Sentinel imagery 

is available every third to fifth day (depending on scene overlap) with a swath width of 290 km 

and spatial resolution of up to 10 m. This makes Sentinel products considerably more appeal-

ing than data from Landsat missions (Weber et al., 2018). However, 10 m pixel size is still 

bigger than most SSLE types. Luckily, different types of airborne data exist that show more 

potential for the recognition of SSLE. 

On a national scale, the Federal Office of Topography (swisstopo), records 4-band (red, green, 

blue, near-infrared) aerial imagery. Swisstopo offers two products, SWISSIMAGE (only RGB 

information) and SWISSIMAGE RS (4-band information). Between 1998 and 2005, the prod-

ucts were created based on analogue cameras (RGB only) with a spatial resolution of 50 cm. 

In a second phase between 2005 and 2016, digital cameras (Leica ADS40 / ADS80) were 

used to create imagery with a spatial resolution of 25 cm in lowlands and the Jura region and 

50 cm in alpine regions. From 2017, the products feature a spatial resolution of 10 cm and are 

conducted with a temporal frequency of approximately three years. Data is acquired alternately 

in leaf-on or leaf-off condition for most regions (swisstopo, 2022a). In addition to aerial imagery, 

swisstopo also conducts ALS missions. The swissSURFACE3D product is a classified point 

cloud based on airborne LiDAR data. The data is collected over six stages between 2017 and 

2023. Therefore, the product is not yet available for all regions. SwissSurface3D has a minimal 

point density of 5 points/m2 and an average of 15 – 20 points/m2 (swisstopo, 2019). This level 

of detail allows to deliminate even very small landscape features. 

Figure 5 shows the example of a dry-stone wall on a slope which is perfectly recognisable on 

the 10 cm SWISSIMAGE product (middle) and the swissSURFACE3D raster (right) derived 

from airborne LiDAR data with an approximate point density of 20 points/m2. 

 

Figure 5: Dry-stone wall (© Simon Mägli) recognisable on SWISSIMAGE aerial imagery (middle) and swissSUR-
FACE3D raster data (right), both © swisstopo 

Besides nationwide data provided by swisstopo, different cantons also conduct their own data 

acquisitions. However, availability, spatial and temporal resolution vary greatly across different 

cantons. Among the better equipped are the cantons of Aargau, Appenzell Inner- & 

Ausserhoden, Bern, Freiburg, Genf, Glarus, Neuenburg, St.Gallen, Schaffhausen, Schwyz, 

Solothurn Thurgau, Waadt, Zug or Zurich. Those cantons provide up-to-date high-resolution 

remote sensing data which is also suitable for the recognition of small objects such as SSLE. 
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2.3 Object-based Image Analysis  

A common approach for automatic object recognition with high-resolution remote sensing data 

is the use of object-based image analysis (OBIA) methods. This chapter covers the advance-

ments in image analysis over the last decades, an overview of OBIA methodology as well as 

information about available segmentation techniques and software. 

 

2.3.1 Advancements in Image Analysis 

Since spaceborne data became available for a broader audience with Landsat-1 in 1972, the 

pixel-based approach has long been the dominant paradigm in the field of digital image anal-

ysis (Blaschke et al., 2014). Initially, pixel-based approaches were used to classify land cover 

based on spectral properties of individual pixels, therefore not accounting for the context of the 

pixels (Lang et al., 2019). In the 1970s, this technique was then optimised to include image 

texture analysis which describes the variance and spatial arrangement of neighbouring pixel 

values (Blaschke et al., 2014; Marceau et al., 1990). 

Around the beginning of the 21st century, higher resolution imagery became increasingly avail-

able. Commercial spaceborne images such as IKONOS (< 2 m) or QuickBird (< 1 m) together 

with airborne imagery products offered new opportunities for image analysis. While earlier data 

featured a relatively coarse resolution, it was now possible to deliminate smaller objects such 

as individual trees or residential roofs (Hossain & Chen, 2019; Kucharczyk et al., 2020). Addi-

tionally, higher-resolution imagery was observed to have potential negative effects on pixel-

based classification due higher within-class spectral variability (Blaschke et al., 2014; Hay et 

al., 1996; Marceau et al., 1990). 

The time around the year 2000 marks the onset of geographic object-based image analysis 

(OBIA) as real-world geographic objects were now being represented by multiple instead of 

single pixels (Blaschke & Strobl, 2001) and the commercial software “eCognition” became 

available. Figure 6 shows the increasing amount of OBIA publications which is coupled to bet-

ter availability of high-resolution data and OBIA software. 

 

Figure 6: The amount of geographic OBIA publications over time, source: Hossain & Chen (2019) 
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Apart from geographical applications (often termed “GEOBIA”), OBIA methods are also used 

in other fields including biomedical imaging, astronomy, microscopy (Hay & Castilla, 2008). In 

the geographical context, OBIA is defined as an approach that subdivides images into so-

called image objects which correspond to groups of neighbouring pixels that represent real-

world geographical objects. Image objects are then analysed based on characteristics such as 

spectral, textural, geometrical and contextual features. Feature values are finally used to clas-

sify image objects into corresponding geographic object classes (Kucharczyk et al., 2020). 

Over the last two decades, OBIA has established as a new paradigm for the analysis of high-

resolution remote sensing data (Chen et al., 2018). Hay & Castilla (2008) name three key 

reasons therefore. Firstly, they argue that OBIA mimics human visual behaviour of subdividing 

images into multiple meaningful objects. Secondly, they mention the benefits of additional ob-

ject-related information such as texture, geometry or contextual information. Thirdly, they sug-

gest that OBIA mitigates the modifiable areal unit problem (MAUP) in remote sensing. MAUP 

describes the phenomenon where differing observations for a specific object can be made if 

data with different spatial resolution is used. Thereby OBIA helps by “shifting from arbitrary 

observation units (pixels) to meaningful observation units (image objects)” (Kucharczyk et al., 

2020, p. 4). A further advantage of the OBIA approach is that image segmentation, the process 

of subdividing images into meaningful objects, can be performed on multiple scale levels (Hay 

et al., 2001). Thereby, high-level objects are defined by the sub-level objects they contain 

which facilitates exact delineation of smaller objects. 

 

2.3.2 Overview of OBIA Methodology 

According to Kucharczyk et al. (2020), the general workflow and the requirements of OBIA 

approaches are as follows. First of all, OBIA applications are mostly based on high-resolution 

imagery and so called H-resolution settings. H-resolution refers to a situation where “the geo-

graphic objects of interest are significantly larger (typically 3–5 times) than the pixels they are 

composed of” (Kucharczyk et al., 2020, p. 5). H-resolution situations do not imply the use of 

high-resolution data as large objects such as forests can also be depicted with a pixel size of 

e.g. 30 m (Blaschke et al., 2014).  

After the acquisition of suitable input imagery, OBIA applications usually require data pre-pro-

cessing. Depending on used input data, this can include atmospheric corrections, orthorectifi-

cation as well as georeferencing or transforming into the desired coordinate system. Addition-

ally, a wide range of indices can be calculated based on individual image bands of input im-

agery. Typical examples are vegetation indices such as the Normalised Difference Vegetation 

Index (NDVI) or principal component images (Grippa et al., 2017). In addition to using aerial 

or satellite imagery, ancillary raster elevation data such as digital terrain models (DTMs) or 

digital surface models (DSMs) is often used to extract characteristic information for image ob-

jects. If all required input data is compiled, the most important step is to resample all input data 

the same spatial resolution (Chen et al., 2018).  

In a next step, a classification scheme has to be defined. This means that a legend is estab-

lished where classes (objects) of interest and their hierarchical levels are defined (Blaschke et 

al., 2014). Thereby, it is key that the classification scheme is mutually exclusive, exhaustive, 

and hierarchical (Griffith & Hay, 2018). Once input data and the classification scheme are pre-

pared, segmentation and merging algorithms are applied on the image scene (the extent of 

the input imagery). Thereby, neighbouring pixels are grouped into image objects representing 
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real-world geographic objects. An important difference exists between the terms image seg-

ment and image object. An image segment refers to the result of the segmentation algorithm. 

Image segments are reviewed visually to determine if they accurately delineate real-world ob-

jects of interest. If the results are considered meaningful, the term image object is used there-

fore (Lang, 2008). Ideally, image objects correspond one-to-one to the objects of interest. How-

ever, this is often very unlikely due to the complexity of image scenes (Castilla & Hay, 2008). 

Nevertheless, real-life objects should be segmented as precisely as possible because the clas-

sification accuracy calculated in a later step is directly dependent on how well an image object 

is characterised by spectral, textural, geometrical or contextual features (Castilla & Hay, 2008). 

As perfect segmentation is rarely achieved, image scenes are often over- or under-segmented. 

Over-segmentation refers to a situation where image segments are smaller than real-world 

objects of interest due to low heterogeneity between neighbouring segments. This is typically 

considered as a H-resolution situation. In such cases, image segments have to be merged 

together in order to express meaningful image objects. Contrarily, under-segmentation occurs 

in L-resolution situations: when the homogeneity of individual image segments is too low and 

therefore not enough segments are available in the scene to accurately delineate objects of 

interest (Castilla & Hay, 2008). Castilla & Hay (2008) also suggest that “a good segmentation 

is one that shows little over-segmentation and no under-segmentation” (p. 96). Further infor-

mation on different segmentation technique will be presented in chapter 2.3.3. 

Once segmentation has resulted in meaningful image objects, so-called features can be ex-

tracted from each image object. Features express spectral, textural, geometrical or contextual 

characteristics of individual image objects and are calculated based on available input data. 

Extracted features are then used as training inputs for a classification model. Thereby, either 

all extracted features or a subset thereof can be used. The latter approach is called feature 

reduction and aims to improve classification accuracy and computation time by removing less 

meaningful features (Chen et al., 2018). Feature reduction can be performed manually or 

through machine learning (ML) techniques. Though, it is generally recommended to apply ML 

algorithms as they do not assume a specific data distribution (Chen et al., 2018).  

After performing feature extraction and optional feature reduction, image objects and their cor-

responding features are typically used as inputs for a classification model. Therefore, a sam-

pling design has be chosen in a first step (Kucharczyk et al., 2020). The sampling design de-

fines the minimum number of samples per class, the sampling units for testing (e.g. validation) 

samples as well as how training and testing samples are selected (Ye et al., 2018). Müller & 

Guido (2017) suggest using an equal amount of training samples per class. However, they 

also state that classification accuracy is greatly dependent on sample quality. Generally, they 

recommend using as many high quality samples as possible. In terms of sampling units, using 

polygon sampling units instead of pixels has become a trend in recent years (Ye et al., 2018). 

Finally, for the selection of samples, probabilistic methods such as simple random, stratified 

random or systematic sampling are typically applied (Ye et al., 2018). In addition to the general 

sampling design, a response design has to be defined. It refers to the approach of how seg-

mented image object samples are labelled based on reference data. Typically, reference data 

is either gathered in field surveys (supported by pre-existing thematic maps or GIS data) or 

based on visual interpretation of H-resolution remote sensing data (Ye et al., 2018). Thereby, 

it is also possible to use the same data for both image segmentation and visual interpretation. 

However, the procedure of determining ground truth labels has to be defined unambiguously 

(Stehman & Foody, 2019). If field data is used in combination with remote sensing data, an 

important aspect is the temporal lag between reference and classification data which has to 
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be minimised as much as possible (Whiteside et al., 2014). A potential solution to this issue is 

the application of drones which has grown in popularity in recent years. Drones can greatly 

improve time and cost efficiency of field surveys in smaller study areas (Chen et al., 2018; 

Stehman & Foody, 2019).  

In a next step, image objects are classified. Therefore, different methods including rule-based, 

supervised or unsupervised classification are available (Kucharczyk et al., 2020). Rule-based 

techniques refer to software such eCognition Developer (Trimble Geospatial, 2022) which al-

low to create predefined classification rulesets based on expert knowledge (Osmólska & 

Hawryło, 2018). For supervised approaches, training samples are used to train a classification 

algorithm. The supervised approach has become very popular over the last decade, in partic-

ular in combination with machine learning (ML) techniques. Common ML algorithms include 

Artificial Neural Networks (ANN), K-Nearest Neighbour (KNN), Support Vector Machines 

(SVM), Random Forest (RF), Maximum Likelihood Classification (MLC) or simple decision 

trees (DT) (Li et al., 2016; Ma, Li, et al., 2017). More in-depth information about ML and a 

comparison of different algorithms will be presented in chapter 2.4. 

After performing classification, an accuracy assessment must be applied. The general goal of 

this step is to compute the thematic (and often also geometric) overlap of classified image 

objects in comparison to reference data. Therefore, previously segmented testing samples are 

often used (Kucharczyk et al., 2020). Alternatively, digitised vector reference data can also be 

utilised which reduces the effect of segmentation inaccuracies (Ye et al., 2018). The most 

frequent output of accuracy assessments are so-called confusion matrices (CM). A CM indi-

cates common thematical accuracy statistics such as per-class user’s and producer’s accura-

cies, overall accuracy and the Kappa coefficient (Ye et al., 2018). However, the significance of 

the Kappa coefficient is increasingly questioned as it is often highly correlated to overall accu-

racy, but can also deliver misleading results (Liu et al., 2007; Pontius & Millones, 2011). Often 

it is also more significant to not only consider overall accuracy but also per-class accuracy 

statistics. This is particularly important if class frequency is heavily unbalanced (Chollet, 2018; 

Pontius & Millones, 2011).    

 

2.3.3 Segmentation Techniques 

In this chapter, potentials and limitations of different segmentation methods for OBIA are pre-

sented as segmentation results contribute significantly to overall classification accuracy 

(Hossain & Chen, 2019). According to literature, segmentation algorithms can be categorised 

into edge-based (Perona & Malik, 1990), region-based (Beveridge et al., 1989) and hybrid 

techniques (Haris et al., 1998). 

Edge-based algorithms first identify edges which are defined as abrupt pixel transitions be-

tween objects (Martin et al., 2004). Therefore, edge detectors are used applying filtering, en-

hancement and detection procedures (Jain et al., 1995). After edge identification, edges are 

transformed into closed boundaries which includes removal of edges created by noisy pixels 

and connecting all edges to create a complete image object. Edge-based algorithms are argu-

ably easy to implement. However, they are often missing contextual information (Hossain & 

Chen, 2019). The most common edge-based algorithm is called Watershed Segmentation and 

transforms an image into a gradient, thereby identifying objects with topographical surfaces 

(Mezaris et al., 2004). Despite its tendency to over-segment images, Watershed Segmentation 



24 
 

is widely used for natural image segmentation. However, it is often utilised in combination with 

other algorithms (Hossain & Chen, 2019).  

While edge-based algorithms first detect edges and then fill the object comprised by them, 

region-based algorithms start by continuously growing an object from its centre until a bound-

ary is reached (Y.-J. Zhang, 2006). Thereby two main operations are applied: merging and 

splitting (Fan et al., 2001). According to Bins et al. (1996), the basic procedure of region-based 

algorithms starts with obtaining an initial (under- or over-) segmentation of images, followed by 

merging or splitting adjacent segments depending on their similarity (or dissimilarity). These 

two steps are then applied iteratively until no segments have to be merged or split. For the 

merging, two different types of algorithms are applied: region growing and merging (Hossain 

& Chen, 2019). Key challenges for both approaches are seed selection (the start of the growing 

area) and similarity (difference between pixels) (Lucchese & Mitray, 2001). Thereby, a critical 

role plays the homogeneity criteria which defines whether adjacent pixels are merged in order 

to grow the region (Nock & Nielsen, 2004). A very popular region-merging approach is the 

Multi-Resolution Segmentation (MRS) technique which performs pairwise merging to form big-

ger objects, starting from single pixel objects. Thereby, it uses local instead of global (image 

scene) criteria (Hossain & Chen, 2019). 

In contrast to the region growing and merging which is based on the similarity of neighbouring 

pixels, splitting and merging techniques start at the entire image scene splitting it into segments 

based on inhomogeneity criteria (Blaschke et al., 2004). Thereby, the entire image acts as 

seed and is continuously split into subregions until all of them become homogenous (Martin et 

al., 2004). A known limitation of region splitting is the tendency of image objects being too 

square (Cheng et al., 2001). Therefore, region splitting and region merging techniques are 

often combined in order to achieve homogenous regions that are as large as possible. Gener-

ally, region-based methods show better results than edge-based approaches. However, the 

challenge of finding appropriate seed and other parameters remains (Hossain & Chen, 2019). 

Hybrid segmentation techniques were developed in order to overcome the limitations of edge-

based and region-based approaches. While edge-based algorithms perform well in detecting 

edges but worse in creating closed segments, region-based methods are the opposite (Wang 

& Li, 2014). Hybrid methods therefore combine both approaches by first outlining initial seg-

ments using edge-based methods and subsequently merging them using region-based tech-

niques (X. Zhang et al., 2014). However, hybrid approaches remain complicated which is also 

a reason why most software solutions do not include such algorithms (Hossain & Chen, 2019). 

Overall, hundreds of segmentation algorithms have been developed but only few of them are 

available as tools or implemented in software solutions. In regard to segmentation software, 

eCognition Developer was found to be most popular being used in half of all analysed OBIA 

articles (Blaschke et al., 2004). Other popular commercial segmentation software includes ER-

DAS IMAGINE (Hexagon Geospatial, 2022), ArcGIS Spatial Analyst (ESRI, 2022c) or ENVI 

(Harris Geospatial, 2022). Additionally, freeware products such as GRASS GIS (GRASS 

Development Team, 2022), Orfeo Toolbox (CNES, 2022) or RSGISLib (Bunting et al., 2014) 

is also available.    
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2.4 Machine Learning  

As mentioned in chapter 2.3.2, in recent years, machine learning (ML) approaches have be-

come very popular within OBIA as a technique to perform feature reduction, optimise segmen-

tation or most importantly, as a classification tool. This chapter focuses on the use for classifi-

cation and gives an overview of relevant ML methods. 

According to Rogan et al. (2008), ML is defined as “induction algorithms that analyze infor-

mation, recognize patterns, and improve prediction accuracy through automated, repeated 

learning from training data (p. 2273). A key advantage of ML is that no assumptions about 

used data, its functional form or probability distributions have to be made beforehand. How-

ever, this also requires representative and comprehensive training data (Lary, 2022). Over the 

last two decades, ML has become a major area of focus within remote sensing applications.  

According to Rogan et al. (2008) the popularity of ML is based on the following reasons:  

• ML algorithms can deal well with multi-modal, noisy and missing data due to their non-

parametric nature 

• They can significantly reduce computational costs for large and complex data meas-

urement spaces 

• Categorical and continuous ancillary data can easily be integrated 

• Users can evaluate the importance of individual input variables in relation to their con-

tribution to overall classification accuracy 

• They are very adaptable and can be configured to improve performance for particular 

problems 

• They can accommodate multiple subcategories per response variable 

In general, ML methods for classification problems can be grouped into two categories: super-

vised classification and unsupervised classification. Thereby, supervised refers to the model 

being trained with labelled input data. Contrarily, unsupervised algorithms attempt to find pat-

terns without supervision and thereby cluster similar inputs into classes (Scheunders et al., 

2017). Additionally, there are also hybrid approaches such as semi-supervised learning algo-

rithms which use both labelled and unlabelled training samples (Bruzzone et al., 2006). An-

other hybrid approach is called Active Learning and includes an intermediate labelling of sam-

ples in order to improve classification accuracy (Crawford et al., 2013). 

Based on literature indicating its great success within OBIA applications (e.g. Li et al., 2016), 

only supervised classification is applied in this thesis. In the following chapters, the most com-

mon supervised classification algorithms will be briefly presented.   
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2.4.1 Support Vector Machines  

Support Vector Machines (SVM) is an algo-

rithm that focuses on “training samples that 

are closest in feature space to the optimal 

boundary between the classes” (Maxwell et 

al., 2018, p. 2789). These samples are then 

defined as “support vectors”, hence the name 

of the algorithm (Cardoso-Fernandes et al., 

2020). In this process, SVM attempts to find an 

optimal boundary (also called optimal 

hyperplane), thereby maximising the separa-

tion or margin between support vectors (see 

Figure 7). In principle, SVM can only be ap-

plied to distinguish two classes. However, this 

issue can be circumvented by iterating through 

all possible combinations of classes. This in 

turn leads to a considerable increase in com-

putation time if many classes are analysed 

(Maxwell et al., 2018).  

 

2.4.2 Decision trees 

The decision tree (DT) approach includes a reversive split of input data based on a series of 

decisions (Pal & Mather, 2003). Following the analogy of a real-world tree, branches symbolise 

possible paths after a decision was made (e.g. if a value is below or above a certain threshold). 

Ultimately, the tree’s leaves then represent sample classes (if the algorithm is used for regres-

sion problems, leaves represent continuous variables instead of classes). Thereby, splitting 

criteria is defined automatically by the model itself (Maxwell et al., 2018). 

DTs are generally easy to retrace. Due to their simplicity, computational cost is also very low. 

On the downside, DTs are prone to generating non-optimal or overfitting models. A common 

measure to improve the latter is pruning by which one or more splits (e.g. branches) is removed 

(Maxwell et al., 2018). Thereby, accuracy for the used input data is reduced but accuracy for 

samples outside of the training dataset is improved (Pal & Mather, 2003). 

 

2.4.3 Random Forest  

Random Forest (RF) overcomes the weaknesses of single DTs by using a large number of 

them. As such, it is categorised as a so-called ensemble classifier (Breiman, 2001). RF uses 

the majority vote of all trees in order to assign the final classification of a sample. Therefore, 

non-optimal or overfitting results of a single DT are balanced by the results of other trees. This 

mechanism is further enhanced by training each DT with a randomly generated subset of train-

ing samples that is only used for this specific tree. By only using a subset, an individual DT 

therefore produces worse results. However, this leads to less correlated DTs and more reliable 

results overall. Another characteristic of RF is so-called out of bag (OOB) data which refers to 

input samples not used for training. It is generally used as independent validation data for 

accuracy assessment. Furthermore, pruning is not necessary as the presence of multiple trees 

can mitigate overfitting issues. However, due to the large number of trees, individual DT cannot 

be visualised for better understanding (Breiman, 2001).   

 

Figure 7: Optimal hyperplane und support vectors used 
with the SVM method. Source: Cardoso-Fernandes et 
al., 2020 
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2.4.4 K-Nearest Neighbour  

The K-Nearest Neighbour (KNN) method differs from classifiers such as RF or SVM as no 

classification model is established. KNN instead applies a technique where every unknown 

sample is directly compared against the training data (Maselli et al., 2005). Thereby, the “un-

known sample is assigned to the most common class of the k training samples that are nearest 

in the feature space to the unknown sample” (Maxwell et al., 2018, p. 2791). The k number of 

training samples used for the vote can thereby be defined as parameter. K is usually a small, 

positive integer (Li et al., 2016). Also, higher k values lead to more generalised results (Maxwell 

et al., 2018).  

 

2.4.5 Artificial Neural Networks  

Artificial Neural Networks (ANN), often also termed Neural Networks (or Nets), are an analogy 

of human brains with axons and interconnections through synapses (Atkinson & Tatnall, 1997). 

Instead of axons, ANN use “neurons” organised in layers (see Figure 8). Thereby, input and 

output layers are defined including a neuron for each input variable and output class. Between 

input and output layers several hidden layers are typically installed. Every neuron in a layer is 

then connected to all neurons in adjacent layers. Thereby, a weighting is assigned manually 

for each connection. 

Together with a non-

linear activation func-

tion, the weighting 

values are typically 

set in a trial-and-error 

process. Therefore, 

the training of ANN is 

generally very time-

consuming. Further-

more, it can also re-

sult in non-optimal or 

overfitting classifica-

tions. However, ANN 

also have great po-

tential in describing 

complex decision 

boundaries (Maxwell 

et al., 2018). 

 

In regard to OBIA applications, supervised ML techniques have become the dominant ap-

proach. In a review of over 200 case studies that applied OBIA for land-cover classification, 

ANN approaches where most popular (29%), followed by SVM (25%), RF (20%), DT (15%) 

and other classifiers (Ma, Li, et al., 2017). Thereby, studies using the RF classifier achieved 

the highest mean overall accuracy, followed in descending order by SVM, DT, ANN and others 

(Ma, Li, et al., 2017). Similar results are presented in a study by Li et al. (2016) using drone 

imagery at an agricultural study area. Here, RF has resulted in highest accuracies while KNN 

provided the worst results.  

 

 

Figure 8: Artificial neural network architecture. Source: Bre et al., 2018 
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2.5 Automatic Recognition of Landscape Properties 

While chapter 2.3 and 2.4 give an overview on OBIA and ML methods, this chapter provides 

literature references for automatic recognition of landscapes properties based on OBIA and 

ML methods. By concentrating on landscape parameters instead of SSLE specifically, the fo-

cus is intentionally widened. The reason therefore is that only limited literature about automatic 

SSLE recognition was found. However, many studies apply similar methods to other landscape 

properties such as land use and land cover (LULC) detection. Therefore, these studies are 

also reviewed. For guidance, literature was analysed in respect to the following questions: 

• What input data is used with which resolution? 

• Which segmentation methods are used? 

• What (if any) ML approach is applied? 

• How good is the classification accuracy? 

 

2.5.1 Automatic Recognition of SSLE 

As mentioned before, only a limited number of studies was found analysing automatic recog-

nition specifically of SSLE. One of those studies was conducted by Völker & Müterthies (2008). 

They extracted hedgerows based on an OBIA approach using coloured-infrared (CIR) ortho-

photos with a spatial resolution of 1 m and ancillary vector data. Segmentation and classifica-

tion were performed within eCognition Developer software. For the segmentation, ancillary 

vector data was used to delineate field borders. However, no further details about the segmen-

tation algorithm and setting are mentioned. For classification a hierarchical rule-set was estab-

lished using NDVI and NIR features as thresholds. Finally, the accuracy assessment indicates 

a 100% producer and 70% user accuracy for extracted hedgerows. Contrarily, non-hedgerows 

sample were classified with 76.9% producer and 100% user accuracy. The authors therefore 

suggest that this automated approach represents a standardised and objective method for the 

continuation of nature conservation cadastres. For example, verifications within agricultural 

direct payment frameworks could be performed on the basis of automated classification of 

aerial imagery. However, they imply that results could differ substantially if other types of SSLE 

are analysed. 

In a study by Hou & Walz (2013), automatic recognition of vegetation structures including 

groves, tree rows and forest edge transitions was evaluated. Thereby, the goal was to develop 

data analysis methods for a landscape structure monitoring framework that includes third di-

mension (height) data. As input data, multispectral RapidEye satellite imagery (level 3A) with 

a pixel size of 5 m, ancillary topographic spatial vector data as well as ALS-based digital ele-

vation and surface models (both 1 m resolution) were used. Also, a normalised digital surface 

model (nDSM) was derived from elevation data. Subsequently, the authors applied a hierar-

chical multi-scale image segmentation approach in eCognition Developer in order to adapt to 

the different sizes of relevant objects. On the first hierarchy level, RapidEye data was used to 

classify major land use types (forest, grass, farmland, settlement, water body and bare rock). 

On a lower, more detailed level nDSM data was then used to subdivide forest and farmland 

area into several subclasses including groves, tree rows and forest edge transition zones. 

Therefore, a pixel-based object resizing method was used. Segmentation and classification 

was based on features including NDVI, NDWI, nDSM height information, a newly created veg-

etation index (REVI) which is based on red-edge band data as well as geometry characteristics 

(length/width) of image objects. Unfortunately, the study does not provide an accuracy 
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assessment on the included SSLE types due to lack of reference data. However, they conclude 

that the pixel-based object resizing method combined with nDSM data is capable of detecting 

more detailed landscape elements such as groves, tree rows and forest edge transitions. 

Vegetation elements in rural landscapes were also analysed by Bolyn et al. (2019). This study 

focuses on the automatic detection of trees outside the forest (TOF) and classifies them into 

seven classes: isolated trees, aligned trees, agglomerated trees, hedges, groves, shrubs and 

others. The authors used leaf-off LiDAR data (0.8 points/m2) from which a canopy height model 

(1 m pixel size) was computed. Additionally, leaf-on aerial imagery (25 cm) was utilised to 

calculate a NDVI raster layer with 1 m pixel size. Using a combination of freeware including R 

software and Orfeo Toolbox, elevated objects from the ground were first extracted based on 

height data. Subsequently, an  unsupervised classification K-means clustering was applied in 

order to separate vegetation from buildings based on NDVI values. In a next step, TOF objects 

were separated from forests based on gap criteria and subsequently polygonised. TOF poly-

gons where then classified based geometric and spatial features. Finally, classification accu-

racy was assessed based on a comparison with data visually interpreted by an expert. Results 

indicate an overall accuracy of 78% with per-class user and producer accuracies ranging be-

tween 35% and 97%. Therefore, the authors conclude that automated TOF classification is 

possible with high-resolution remote sensing data. 

While the studies presented before concentrate on vegetation structures, Vanhuysse et al. 

(2014) focus on OBIA-based detection of dry-stone walls. Therefore, aerial imagery (RGB) 

with a spatial resolution of 15 cm is used. In a first approach, a rule-set in eCognition Developer 

was developed including edge detection filters, the contrast split algorithm as well as criteria 

related to geometric and relational features. However, results showed a high number of false 

positives. Therefore, a second approach was chosen using the multi-resolution segmentation 

(MRS) algorithm in eCognition Developer. Subsequently, 13 object features including spectral 

information (layer means, brightness, skewness, intensity, redness index), geometry 

(length/width, asymmetry, border index, density) and relations to neighbouring‐ and sub‐ob-

jects (mean difference to darker neighbours, mean density of sub‐objects) were extracted and 

used as input features for multiple ML models in R software. ML models included SVM, RF, 

KNN and Recursive Partitioning (RPart). Thereby, SVM produced best results (mean Kappa: 

0.79) followed by RF (0.76) and RPart (0.67) and KNN (0.56). Based on these results the 

authors conclude that semi-automated object-based detection of dry-stone walls can provide 

satisfactory results. 

 

2.5.2 Automatic Recognition of Other Landscape Properties 

Apart from detection of specific SSLE types, object-based recognition is widely used in the 

field of landscape analysis. As mentioned previously, land use and land cover (LULC) classi-

fication is the most popular topic for OBIA applications. In a Swedish master thesis by Jia 

(2015), land cover was classified through object-based decision tree classification based on 

orthophoto (4-band, 25 cm) and LiDAR data (0.5 - 1 point/m2, rasterised to 1 m). Thereby, 

MRS and decision classification was applied in eCognition Developer using features including 

vegetation indices (RVI, NDVI), a water index (NDWI) as well as other spectral and textural 

indices. Results showed 88.6% (LiDAR data only) and 89.2% (orthophoto only) classification 

accuracy for the land cover classes forest, openland, water and building. The integrated clas-

sification (LiDAR and orthophoto combined) even resulted in 95.2% accuracy. In addition to 

the decision tree classification, the support vector machine (SVM) algorithm was also tested. 
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This machine learning method achieved 89.2% (orthophoto), 77.1% (LiDAR) and 97,3% (inte-

grated) classification accuracy. The study concludes that object-based land cover classification 

based on machine learning is highly effective as it can exploit spectral and spatial features 

from input data in an efficient manner and classifies images with high accuracy. 

In a study by Kavzoglu et al. (2019) analysing automatic mapping of agricultural crop types, 

the combination of OBIA with different ML algorithms was evaluated. Here, WorldView-2 sat-

ellite imagery (pan-sharpened to 50 cm pixel size) was used to classify 11 LULC categories 

(water, agriculture, corn, hazelnut, road, soil, building, concrete, barren, shadow and forest). 

Thereby, segmentation was conducted based on MRS and four classification algorithms (RF, 

DT, KNN and Canonical Correlation Forest (CFF)) were applied. Results showed highest over-

all accuracy achieved by CFF (94%), followed by RF (91%), KNN (90%) and DT (87%). The 

authors conclude that all classifiers performed well but ensemble classifiers such as CFF and 

RF are likely to result in higher accuracies. 

Crop monitoring was also analysed in a study by Lebourgeois et al. (2017), combining OBIA 

with the RF algorithm. In this study, multi-source and multi-temporal satellite imagery (spatial 

resolution: 0.5 – 15 m) was used. They applied the MRS algorithm in eCognition Developer 

and extracted several features including reflectance values (mean and standard deviation in 

green, red, NIR and short wave infrared), spectral indices (mean and standard deviation of 

NDVI, brightness index, NDWI and MNDWI), textural indices (mean and standard deviation of 

correlation, contrast, dissimilarity, entropy and variance Haralick indices) as well as ancillary 

features such as mean and standard deviation of altitude, slope and object size. Subsequently, 

a RF model was trained and optimised using feature reduction techniques. Overall, and accu-

racy of 91.7% and 64.4% for the cropland and crop subclass levels respectively was achieved. 

Furthermore, spectral variables were to be most important, with a better score for spectral 

indices over reflectance features.  

To sum up, studies applying OBIA and ML for LULC analysis show very good results overall, 

achieving above 90% classification accuracy in many cases. Thereby, MRS was found to be 

popular for segmentation problems and RF is often used for classification. In regard to the 

topic of this thesis, the question is now how well SSLE can be detected automatically based 

on such methods. The main challenge is thereby, that many SSLE types are considerably 

smaller than most LULC classes. While larger SSLE vegetation elements such as hedges or 

trees were recognised relatively well (see chapter 2.5.1), classification of smaller elements 

such as branch piles or clearance cairns is assumed to be less accurate. This is already indi-

cated by the study analysing automatic recognition of dry stone walls (Vanhuysse et al., 2014), 

which achieved slightly worse results than the reviewed study about LULC classification. How-

ever, this assumption still has to be verified.     

In the following chapter, the conceptual framework and methodical approach of this thesis is 

presented. Thereby, used input data as well as chosen segmentation and classification meth-

ods are introduced.  
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3 Materials and Methods  

3.1 Conceptual Framework and Method Overview 

The general workflow (see Figure 9) of this study includes the creation of ground truth (GT) 

data, based on visual interpretation of remote sensing data and subsequent field validation. In 

combination with ancillary vector data, remote sensing data serves as input for object-based 

image analysis (OBIA) where training and testing samples are created using an image seg-

mentation algorithm and describing variables (features) are extracted for each sample.  

 

Figure 9: Conceptual framework and methodical overview. Squares symbolise products, rounded boxes represent 
methodological steps 
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Samples are then used as input for two machine learning models (Random Forest) that predict 

the SSLE class of testing samples. After a simple post-processing, classification accuracy of 

the model predictions is assessed based on a spatial cross-tabulation approach. Finally, the 

results and implications of the chosen approach are discussed in reference to the current state 

of research. 

 

3.2 Study Areas 

3.2.1 Overview  

The study area consists of nine plots with a size between 0.24 and 1.06 km2 and a total of 5.05 

km2. The plots are situated in the cantons of Solothurn, Aargau and Zurich and include the 

biogeographical regions Jura and Central Plateau (see Figure 10).  

 

Figure 10: Study areas and biogeographical regions (© swisstopo, biogeographical regions © BAFU) 

In line with the ALL-EMA program (chapter 1.1), the study area is restricted to the agricultural 

landscape. Therefore, settlement (reference: “Siedlung”, swissTLMRegio © swisstopo) and 

forest areas (reference: “Wald”, swissTLM3D © swisstopo) were masked out. Additionally, ar-

eas which are clearly not used for farming (see Appendix 1) were excluded manually.  

Also, a 10 m buffer was added to the remaining agricultural plots in order to incorporate SSLE 

located at the edge of the forest. This is the case for many branch piles, dry-stone walls and 

dead trees.  
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3.2.2 Selection Criteria 

The selection of appropriate study areas in Switzerland was based on following criteria: 

• Availability of appropriate remote sensing data  

• Occurrence and diversity of SSLE 

• Overlap with plots from the ALL-EMA (see chapter 1.1) program 

• Biogeographical diversity 

Remote sensing data available for this study varied in up-to-dateness and spatial resolution. 

Generally, areas where data is not older than five years (2016+) and datasets featuring a high 

spatial resolution (<50 cm for aerial imagery, >10 points/m2 for LiDAR point clouds) were cho-

sen. 

Secondly, appropriate study areas should boast high occurrence and diversity of SSLE. In a 

preliminary examination, vector datasets provided by different cantons were searched for 

SSLE locations. However, available datasets often included only certain types of SSLE. For 

this reason, ALL-EMA data provided by Agroscope was consulted. As mentioned in chapter 

1.1, the ALL-EMA program records SSLE based on 170 1 km2 plots across Switzerland. This 

allowed to pick plots with high occurrence and diversity of SSLE. Also, a comparison between 

automatically classified areas and ALL-EMA surveys is possible. Initially, the idea was that 

study areas should include all biogeographical regions. However, due to the scope of the thesis 

and the data available, only two of those regions are represented in this study.  

 

3.2.3 Characteristics of Study Areas 

In the following sections, the characteristics of each of the nine study areas are briefly de-

scribed to give a short overview.  

Densbüren 

The study area Densbüren (see Figure 11) is situated in the Jura region of canton of Aargau 

and spans an area of 0.69 km2. It is characterised by hilly terrain and small-scale grassland 

agriculture. As such, it records a relatively high presence of SSLE mainly consisting of hedge-

rows and single trees. The study area also includes the amphibian conservation area “Feret” 

in the south, which features multiple ponds, branch piles and clearance cairns.  

 

 
Figure 11: Left: study area Densbüren (© swisstopo), right: view to the east (© Simon Mägli) 
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Hornussen 

The study region Hornussen (see Figure 12) is located at the edge of the Aargau Jura region. 

The plot lies on a plateau north of the village of Hornussen and is characterised by medium 

sized arable fields and a few grassland patches. As such, agricultural practices are rather in-

tensive and the occurrence of SSLE is relatively low. The size of the study area is 0.47 km2  

 

 

Murgenthal 

Murgenthal is the largest area analysed in this thesis spanning 1.06 km2. The plot (Figure 13) 

lies within the Central Plateau region close to the river Aare. The agricultural landscape can 

be described as open, medium sized arable fields with occasional hedgerows. Despite high 

agricultural intensity, several SSLE such as dead trees, hedgerows and single trees can be 

found. Additionally, many branch piles are located in the vicinity of farmyards or at the edge of 

residential areas.  

 

Figure 12: Left: study area Hornussen (© swisstopo), right: view to the south (© Simon Mägli) 

Figure 13: Left: study area Murgenthal (© swisstopo), right: view to the north (© Simon Mägli) 
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Thalheim 1 

Thalheim 1 is another area within the Aargau Jura region with its typical hill crests. The plot 

(see Figure 14) spans 0.63 km2 and is located right next to the well-known “Staffelegg”. It 

features mostly medium sized arable fields but also some smaller grassland areas. The occur-

rence of SSLE is rather mediocre. However, a few fields stand out with well-maintained branch 

piles and hedgerows.  

 

 

Thalheim 2 

The second Thalheim region (see Figure 15) is located to the north of the village and has 

slightly different characteristics than Thalheim 1. The area spans only 0.33 km2 and farming 

here is less intensive due to steeper gradients. This leads to small-scale grassland fields which 

boast many single trees, hedgerows and even dry-stone walls. 

 

Figure 14: Left: study area Thalheim 1 (© swisstopo), right: view to the south-east (© Simon Mägli) 

Figure 15: Left: study area Thalheim 2 (© swisstopo), right: view to the north (© Simon Mägli) 
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Seehof 

Spanning 0.49 km2, the Seehof study area (Figure 16) is situated in the Jura region, right at 

the border between the cantons of Bern and Solothurn (most of the study area lies on Bernese 

territory). This border is marked by the distinctive dry-stone wall visible in Figure 16. In addition 

to dry-stone walls, the rough terrain also features a high number of clearance cairns and single 

trees. Agriculture in this area only consists of small-scale grassland farming.  

 

 

Welschenrohr 1 

The Welschenrohr 1 area (see Figure 17) has a size of 0.4 km2 and is located right next to the 

Seehof area. The northern part of the plot lies on top of the second Jura mountain chain, while 

the second part is down in the valley. The upper part can be characterised as small-scale 

grasslands with lots of rocky structures and low woody vegetation. The lower part is a very 

extensive summer grazing pasture including a plethora of low woody vegetation, rocks and 

stones as well some small water bodies. 

 

Figure 16: Study area Seehof (© swisstopo), right: view to the north-east (© Simon Mägli) 

Figure 17: Study area Welschenrohr 1 (© swisstopo), right: lower part of the area (© Simon Mägli) 
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Welschenrohr 2 

The other Welschenrohr area (see Figure 18) is located to the west of the village and on top 

of the second Jura mountain chain. It is also used as a summer grazing pasture and spans an 

area of only 0.24 km2. It is characterised by distinctive dry-stone walls which traditionally mark 

the edge of the forest or borders between fields. Besides, many single trees and rocky features 

are present on the plot.  

 

 

Wädenswil 

The Wädenswil plot (see Figure 19) is part of the Central Plateau region close the Lake Zurich. 

It spans an area of 0.73 km2 and includes features that cannot be found in any of the other 

areas: drainage ditches. Due the wet conditions, agricultural use is limited and most of the 

fields are used as grassland only. Furthermore, one part of the plot is marked as nature con-

servation area and it includes several branch piles, dead trees and clearance cairns. 

 

 

 

Figure 18: Study area Welschenrohr 2 (© swisstopo), right: old dry-stone walls (© Simon Mägli) 

Figure 19: Study area Wädenswil (© swisstopo), right: marshland with typical ditches (© Simon Mägli) 
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3.3 Data Basis 

For this study, a combination of LiDAR point cloud data, aerial imagery and ancillary vector 

and raster data was used (see Table 2). LiDAR data is provided by cantons (for study areas in 

the cantons of Aargau and Solothurn) and in the case of the Wädenswil area, the swissSUR-

FACE3D product by swisstopo is used. The LiDAR point clouds are mostly available in leaf-off 

condition and have an average point density of 17.5 to 30.8 points/m2.  

 Name Year Condition Spatial res. Source 

L
iD

A
R

 

LiDAR AG 2019 leaf-off Ø 30.8 p/m2 

 

Kanton Aargau 

(2021a) 

LiDAR SO 2019 leaf-off/on Ø 16 p/m2 

 

Kanton Solothurn 

(2021a) 

swissSURFACE3D (ZH) 2018 leaf-off Ø 17.5 p/m2 

 

swisstopo (2019) 

A
e
ri

a
l 

im
a
g

e
ry

 

SWISSIMAGE RS (AG) 

(SO) 

(ZH) 

2018 

2018 

2019 

leaf-on 

leaf-off/on 

leaf-off 

10 cm swisstopo (2022b) 

Orthophoto RS canton AG 2019 

2020 

leaf-off 

leaf-on 

25 cm 

20 cm 

Kanton Aargau 

(2021b) 

Kanton Aargau 

(2021c) 

Orthophoto RS SO1 2016 leaf-off/on 12.5 cm  Kanton Solothurn 

(2021b) 

Orthophoto RS ZH 2018 

2020 

leaf-on 

leaf-on 

10 cm 

5 cm 

Kanton Zürich 

(2021a) 

Kanton Zürich 

(2021b) 

A
n

c
il
la

ry
 swissTLM3D (vector) 2020 - - swisstopo (2022c) 

Vegetation Height Model NFI 

(raster) 

2019 - 50 cm Ginzler (2021) 

 
Table 2: Overview of used remote sensing and ancillary data.  

For the aerial imagery, a set of four band orthophotos was used for each study area. The idea 

was to use three orthophotos in different conditions and from different years per study area. 

However, for some areas only one or two orthophotos were available (Table 3). 

Study area LiDAR Ortho 1 Ortho 2 Ortho 3 

Densbüren 2019 2020 2019 2018 

Hornussen 2019 2020 2019 2018 

Murgenthal 2019 2020 2019 2018 

Seehof 2019 2018 2016  
Thalheim 1 2019 2020 2019 2018 

Thalheim 2 2019 2020 2019 2018 

Welschenrohr 1 2019  2018  
Welschenrohr 2 2019  2018  
Wädenswil 2018 2020 2018 2019 

 
Table 3: Condition (green = leaf-on, orange = leaf-off) and date of LiDAR data and aerial imagery 

 
1 For Solothurn, the 4-band ortho was created combining the available RGB and CIR products 
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Orthophotos were provided by cantons or by swisstopo (SWISSIMAGE RS product) and have 

a spatial resolution between 5 and 25 cm. The data basis was complemented with ancillary 

vector and raster data. From the swissTLM3D product, the feature classes 

TLM_FLIESSGEWAESSER, TLM_STEHENDES_GEWAESSER and TLM_STRASSE were 

used. Also, the Vegetation Height Model by the National Forest Inventory (NFI) with a spatial 

resolution of 50 cm was utilised. 

 

3.4 Software 

Below, the key software used in this study is listed and briefly described. 

 

• ArcMap 

ArcMap is a well-known proprietary GIS software within the ArcGIS Desktop suite 

(ESRI, 2022b). In this study, it was used for data preparation, ground truth mapping, 

spatial analysis and accuracy assessment as well as map creation. Used version: 10.8 

• LAStools 

LAStools is a collection of highly efficient, batch-scriptable, multicore command line 

tools for rapid processing of LiDAR data (Isenburg, 2021). It was used for preparation 

and exploration of LiDAR point cloud data. Used version: 210418 

• eCognition Developer 

eCognition Developer is a powerful software for object-based image analysis. It allows 

users to quickly extract accurate and reliable geoinformation from any kind of geospa-

tial data (Trimble Geospatial, 2022). In this study, it was used for image segmentation 

and feature extraction. Used version: 10.0.0 

• RStudio 

RStudio is an open-source integrated software environment for R (RStudio, 2022). In 

this study, it was used to train a Random Forest model with features extracted in eCog-

nition Developer. Used version: 10.0.0. The following R packages were used: 

• caret – v. 6.0-90, author: Kuhn (2008) 

• DataExplorer - v. 0.8.2, author: Cui (2020) 

• dplyr – v. 1.0.7, authors: Wickham et al. (2022) 

• randomForest – v. 4.6-14, authors: Liaw & Wiener (2002) 

• UBL – v. 0.0.7, authors: Branco et al. (2016) 
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3.5 Ground Truth Mapping 

3.5.1 Class Definitions of SSLE 

As there was no comprehensive and georeferenced SSLE data available for this study, SSLE 

ground truth (GT) data was created from scratch. In a first step, a set of SSLE classes was 

selected based on their presence in agricultural landscapes and their occurrence in the chosen 

study areas. The chosen classes were subsequently defined in reference to the ALL-EMA 

program and other expert literature (Table 4).  

Class Definition Code Reference 

Branch piles Min. area: 0.5 m2, man-made, con-

sist of multiple branches, no wood 

stacks, bark piles count 

1 Buholzer et al., 2021 

 

 

Small water 

bodies 

Area: 1 – 1000 m2 2 adapted from  

Buholzer et al., 20212 

Rock, stone, 

debris, boul-

ders 

Min. area: 2 m2, at least fist size, 

max distance between two rocks 

within the same area: 1 m 

3 adapted from  

Buholzer et al., 20213 

Clearance 

cairns 

Min. area: 0.5 m2, min. height: min. 

0.5 m 

4 adapted from  

Buholzer et al., 20214 

Dry-stone 

walls 

Dry-stone walls 5 Buholzer et al., 2021 

 

Open ground Min. area: 0.5 m2, connected low- or 

no-vegetation area such as patchy 

grassland, dirt roads, embankments 

or cow trails 

6 adapted from  

Buholzer et al., 20215  

 

Guntern et al., 2020 

Hedgerows Length: > 25 m, width: < 25 m, shrub 

proportion: > 60%, gap between 

crown edge: < 5 m 

7 Riedel et al., 2018 

Low woody 

vegetation 

Bushes and low trees, height: 1-3 m 8 adapted from  

Riedel et al., 20186 

High woody 

vegetation 

High bushes and trees, height: > 3 m 9 adapted from  

Riedel et al., 20186 

Dead trees Standing dead trees, height: > 3 m 10 Guntern et al., 20207 

 
Table 4: Studied SSLE classes and their definitions 

 

 
2 Puddles were not considered due to high temporal variability. Max. area was increased to obtain 
more samples.  
3 The max. distance criteria was added to assist interpretation based on aerial imagery. 
4 The min. height criteria was added to distinguish class 3 and 4 based on LiDAR data. 
5 Open ground on arable fields is not included due temporal variability. 
6 Breast Height Diameter (BHM) was not considered due to the scope of the thesis. 
7 Only standing dead trees were considered. 



41 
 

3.5.2 Visual Interpretation of Remote Sensing Data 

The SSLE GT data was created based on visual interpretation of aerial imagery and LiDAR 

data. For each element, a polygon was drawn by hand using ArcMap. The chosen SSLE clas-

ses were split into two major groups: non-vegetation (class 1 to 6) and vegetation (class 7 to 

10). This was necessary to account for the fact that in reality non-vegetation elements can be 

overlapped by vegetation elements. However, in order to extract training features based on 

segmented image objects, GT polygons in a specific dataset must not overlap each other. 

Therefore, two separate GT datasets were created for non-vegetation and vegetation ele-

ments. As you can see in Figure 20, rocks and stones (class 3) are vertically covered by high 

woody vegetation (class 9). So in this case, class 3 polygons were created for the non-vege-

tation and class 9 polygons for the vegetation dataset. 

 

For the visual interpretation of a study area, the latest available orthophoto was consulted first. 

If elements with height criteria (e.g. low woody vegetation is 1-3 m in height) were observed, 

LiDAR point cloud data and the VHM dataset were consulted in order to determine the height. 

If available, orthophotos in leaf-off condition were consulted in order to detect elements cov-

ered by vegetation. However, a key challenge was the temporal differences between datasets 

of a study area. For example, a tree can be visible in last year’s orthophoto but not in this year’s 

LiDAR point cloud, because it was cut down. Therefore, the rule was set that an element has 

to be present in either the latest available orthophoto or in the LiDAR point cloud in order to be 

counted. However, the issue of inconsistent information across multiple datasets remains. This 

will be further discussed in chapter 5.1.    

After visual interpretation of remote sensing data, GT data was validated in-situ. The main 

goals were to clarify cases where elements could not be identified unambiguously and to re-

move false positives. Additionally, photographs were taken in order to document the study 

areas. The combination of visual interpretation of remote sensing data and in-situ validation is 

a common approach for the generation of reference data for OBIA (Ye et al., 2018). 

Figure 20: Left: rocks covered by trees (© Simon Mägli), top right: polygons classified as rocks (class 3) in grey, 
bottom right: polygons classified as high woody vegetation (class 9) in dark green (© swisstopo) 
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3.6 Image Segmentation & Feature Extraction 

In a second step, mapped GT data was imported to eCognition Developer together with vector 

data defining the study area, orthophotos, LiDAR and ancillary data for image segmentation 

and subsequent feature extraction. Image segmentation is the process of grouping neighbour-

ing pixels into meaningful objects, so called image objects (Kucharczyk et al., 2020). For each 

image object a number of descriptive variables, so called features, can then be extracted from 

input datasets. The eCognition Developer software offers the great advantage of combining 

different input data types (LiDAR point cloud data is automatically rasterised) and automatically 

resampling all raster data to the highest input resolution. This is a basic requirement for OBIA 

applications (Chen et al., 2018). 

 

3.6.1 Ground Truth Based vs. Independent Segmentation 

For each of the nine study areas, a separate project was created within eCognition Developer. 

For each project, the first step was to restrict the working area to the study area geometry. The 

product was then quadrupled creating four equal “maps” (in eCognition Developer, a map is a 

sub-element of a project). The reason for this was to obtain the following four outputs: 

Segmentation Output Description 

GT-based  

segmentation 

1) [StudyArea].NonVeg Segmentation is based on geometry and 

features of non-vegetation GT data 

2) [StudyArea].Veg Segmentation is based on geometry and 

features of vegetation GT data 

 

GT- independent 

segmentation 

3) [StudyArea].TestNon-

Veg 

Segmentation is independent of GT ge-

ometry. Parameters are optimised for 

non-vegetation classes 

4) [StudyArea].TestVeg Segmentation is independent of GT ge-

ometry. Parameters are optimised for 

vegetation classes 

 
Table 5: The four outputs for image segmentation and feature extraction (GT = ground truth) 

The GT-based segmentation was performed to create training samples for the non-vegetation 

and vegetation group respectively. Therefore, a study area was first separated into GT image 

objects and their surrounding area using the geometry of mapped GT polygons (see  

Figure 21, a & b). This offers the advantage of maintaining the exact delineation of SSLE. The 

surrounding area was then further segmented to create training samples for non-SSLE (de-

fined as “class 0”) areas. Therefore, the multi-resolution segmentation (MRS) algorithm  

(see chapter 2.3.3) was used (Figure 21, c & d). 



43 
 

 GT polygons  GT-based segmentation GT-independent seg. 
N

o
n

-v
e

g
e

ta
ti

o
n

 c
la

s
s
e

s
 

 

 

  

V
e

g
e

ta
ti

o
n

 c
la

s
s
e

s
 

 

 

  

  
 

Figure 21: a) Non-veg. GT polygons, b) Veg. GT polygons c) Non-veg. training samples, d) Veg. training samples, 
e) Non-veg. testing samples, f) Veg. testing samples (© swisstopo) 

MRS is an iterative algorithm that assembles multiple objects to create larger objects. The 

algorithm groups objects (starting with single-pixel objects) into pairs until a specified scale 

parameter (weighted with shape and compactness parameters) is locally exceeded (Trimble 

Geospatial, 2022). MRS was chosen due to its broad use and success in OBIA (e.g. Hou & 

Walz, 2014). 

As some GT image objects were very large in size (e.g. large, connected gravel road polygons) 

and therefore unlikely to be recognised as a single element during automatic recognition, MRS 

was also applied to subdivide GT image objects. However, for some classes geometrical char-

acteristics are essential (e.g. dry-stone walls can only be distinguished from clearance cairns 

by their linear geometry). Therefore, only image objects of the following classes were further 

segmented: 3 (rocks & stones), 6 (open ground), 8 (low woody vegetation), 9 (high woody 

vegetation) and 10 (dead trees). Furthermore, long and contiguous dry-stone walls were man-

ually cut into several polygons in order to increase the total number of samples for this class. 

The GT-independent segmentation was performed to create testing samples (see  

Figure 21, e & f). It was applied on the same study areas. However, no GT data was used here 

and image objects are solely based on the MRS algorithm. In order to ensure that training and 

testing data does not originate from the same area when training the machine learning model, 

a spatial cross-validation approach was used. This will be elaborated in chapter 3.7.4. 

 

c 

d 

e 

f 

a 

b 
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3.6.2 Segmentation 

As already mentioned, several parameters can be adjusted when using the MRS algorithm. In 

this study, appropriate parameters settings were defined in a trial-and-error approach. The 

general goal was to delineate the smallest elements (e.g. branch piles could be 0.5 m2) while 

not subdividing larger elements (e.g. a tree crown) into small and meaningless segments. Nat-

urally, some trade-offs had to be made.  

For most study areas, the following parameter settings were used: scale parameter: 150, 

shape: 0.9, compactness: 0.9. For the study areas Welschenrohr 1 and 2 as well as Seehof, 

less input data was available (Table 3). As this resulted in poorer segmentation results, the 

scale parameter was set to 20 in order to obtain similar results. 

Apart from parameter settings, segmentation results are dependent on which features are in-

corporated and how those are weighted. In this study, the selection of features was determined 

in reference to literature and after exploring the characteristics of GT image objects.  

Resulting from this, reflectance features containing mean and standard deviation values of 

multi-temporal, four band aerial imagery were calculated (Table 6).  

Type Feature Data source Reference 

Reflectance 

Mean_red1 

Orthophoto 1 

Lebourgeois et al., 2017 

 

Husson et al., 2016 

StdDev_red1 

Mean_green1 

StdDev_green1 

Mean_blue1 

StdDev_blue1 

Mean_nir1 

StdDev_nir1 

Mean_red2 

Orthophoto 2 

StdDev_red2 

Mean_green2 

StdDev_green2 

Mean_blue2 

StdDev_blue2 

Mean_nir2 

StdDev_nir2 

Mean_red3 

Orthophoto 3 

StdDev_red3 

Mean_green3 

StdDev_green3 

Mean_blue3 

StdDev_blue3 

Mean_nir3 

StdDev_nir3 

 
Table 6: Used reflectance features 
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From the same datasets, spectral indices including NDVI (Normalised Difference Vegetation 

Index), NDSI (Normalised Difference Soil Index) and NDWI (Normalised Difference Water In-

dex) values as well as the texture indices GLCM (Grey-Level Co-Occurrence Matrix) correla-

tion and standard deviation were calculated (Table 7).  

From LiDAR data, the mean number of returns and the mean, standard deviation and maxi-

mum Z value (height above ground) was used. From the geometry of image objects, the cur-

vature to length ratio, length of the main line (sum of all distances between the nodes of the 

main line of an image object), area, width, compactness and density was calculated (Table 7). 

Type Feature Data source Reference 

Spectral indi-

ces 

Mean_ndvi1 

Orthophoto 1 

Lebourgeois et al., 2017 

StdDev_ndvi1 

Mean_ndsi1 

StdDev_ndsi1 

Mean_ndwi1 

StdDev_ndwi1 

Mean_ndvi2 

Orthophoto 2 

StdDev_ndvi2 

Mean_ndsi2 

StdDev_ndsi2 

Mean_ndwi2 

StdDev_ndwi2 

Mean_ndvi3 

Orthophoto 3 

StdDev_ndvi3 

Mean_ndsi3 

StdDev_ndsi3 

Mean_ndwi3 

StdDev_ndwi3 

Texture indices 
GLCM_Corr 

Orthophoto 2 
Husson et al., 2016 

Lebourgeois et al., 2017 GLCM_StdDev 

ALS indices 

Mean_NoR 

LiDAR 

Malinowski, 2016 

Mean_Z 

StdDev_Z 

Max_Z 

Geometry 

Curv_Length 

Segmentation re-

sults 

Sheeren et al., 2009 

Length_main 

Area 

Width 

Compactness 

Density 

Ancillary  

indices 

Mean_intInd 
LiDAR 

Demirbaş Çağlayan et al., 

2020 

Bolyn et al., 2019 

StdDev_intInd 

Mean_vecInd 
swissTLM3D 

StdDev_vecInd 

Mean_vhm Vegetation Height 

Model StdDev_vhm 

 
Table 7: Used spectral, texture, ALS, geometry and ancillary features 
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Additionally, six ancillary indices were used (Table 7). This includes mean and standard devi-

ation of the vegetation height model (VHM), an intensity indicator and a vector indicator. The 

intensity indicator is based on the observation that SSLE covered by vegetation (e.g. branch 

piles) can often be distinguished from its surroundings by the intensity information of LiDAR 

points (Figure 22). Therefore, an intensity threshold was set in order to remove undesired 

points. Also, points above 2 m were removed. From the remaining points, a raster was then 

calculated and used as a feature.  

 

Figure 22: a) Branch pile covered by vegetation, b) branch pile distinguishable by LiDAR intensity, c) result after 
removing points based on thresholds, d) resulting intensity indicator raster (from above) (© Kanton Aargau) 

The vector indicator is based on swissTLM3D vector data (swisstopo, 2021c). Here, a buffer 

was applied around the feature classes TLM_FLIESSGEWAESSER, TLM_STEHENDES 

_GEWAESSER and TLM_STRASSE. A binary raster was then calculated indicating whether 

a pixel is within this buffer. 

The selection and weighting of the features for the segmentation was explored in a trial-and-

error process. Results differed between non-vegetation and vegetation outputs. For non-veg-

etation, reflectance and spectral features as well as the mean Z feature, the intensity indicator 

and the vector indicator were used. Features based on the orthophoto 2 (leaf-off), the intensity 

and vector indicator and the mean Z feature were weighted threefold. For vegetation outputs, 

spectral features, NDVI features, VHM features as well as the mean Z feature were used. The 

latter was weighted fivefold while all orthophoto 1 (leaf-on) features and the VHM features were 

weighted threefold. 

 

3.6.3 Feature Extraction 

After performing image segmentation, feature values were extracted as CSV (comma-sepa-

rated value) tables. For non-vegetation outputs, a total of 58 features (all features except vhm 

indices) were extracted per image object. For vegetation outputs, the intensity and vector indi-

cator indices were omitted resulting in 56 extracted features per image object. Due to the high 

number of features, the extraction was very computationally intensive. In particular, the calcu-

lation of GLCM texture features was very time-consuming. In addition to features, pixel coor-

dinate values for the centroid of each image object were also extracted for accuracy assess-

ment later on. Therefore, image objects and their respective pixel coordinates were also ex-

ported as shapefiles. 
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3.7 Classification 

Resulting CSV feature tables were subsequently imported into R software as input samples 

for two Random Forest (RF) classification models: a non-vegetation model (classes 1-6)  and 

a vegetation model (classes 7-10). RF (see chapter 2.4.3) is a powerful machine learning al-

gorithm with broad use in object-based image analysis (OBIA) problems (e.g. Husson et al., 

2016). It was coined by Breiman (2001) and is defined as an ensemble of individual decision 

trees where the majority vote of individual tree predictions is used as model prediction. RF was 

chosen for this study due to its robustness against highly correlating features and its capability 

to manage a large amount of data and variables (e.g. Lebourgeois et al., 2017).   

 

3.7.1 Pre-processing 

CSV input data was cleaned for multiple reasons. In a first step, feature values were standard-

ised due to varying bit depth resulting from different orthophoto inputs. Standardisation is the 

process of rescaling data values so that the mean of all values is 0 while the standard deviation 

is 1. Therefore, the dplyr package (Wickham et al., 2022) was used. In  a second step, incorrect 

and missing values were cleaned up. Also, two features (Mean_ndwi2 and StdDev_ndwi2) 

were removed due to processing errors. 

Furthermore, class 7 (hedgerows) samples were discarded due to a semantical overlap with 

other vegetation classes. More specifically this means, that hedgerows contain elements of 

low and high woody vegetation (class 8 and 9) as well as dead trees (class 10). The criterion 

that separates hedgerows from other vegetation classes is primarily the geometry (see chapter 

3.5.1). However, with the chosen segmentation approach, testing samples do not represent 

the geometrical characteristics of hedgerows. Thus, hedgerow samples were discarded.  

 

3.7.2 Data Balancing 

Unbalanced training data is a common issue in machine learning problems. A frequent starting 

point is that majority classes heavily overweigh minority classes which then leads to a biased 

model and therefore reduces overall classification accuracy (Mellor et al., 2015). However, 

different techniques exist in order to balance training data. Undersampling describes the pro-

cess of removing majority class samples (Freeman et al., 2012) while oversampling includes 

an artificial replication of minority class samples (Ling & Li, 1998). Also, methods combining 

both under- and oversampling exist (N. V. Chawla et al., 2002). 

In this study, a combined under- and oversampling approach using the SMOTE algorithm from 

the UBL package (Branco et al., 2016) was applied. SMOTE is a well-known balancing algo-

rithm developed by Chawla et al. (2002). Thereby, new samples of the minority classes are 

artificially generated using the nearest neighbours of these cases. Also, the majority class 

samples are undersampled which leads to a more balanced dataset (Branco et al., 2002).  

For both the non-vegetation and vegetation model, class distribution was heavily unbalanced 

as class 0 (no SSLE) contained as much as 91% (non-vegetation model) and 73% (vegetation 

model) of all samples (see chapter 4.2). However, based on a trial-and-error process, a slightly 

different approach was chosen for each model. For the non-vegetation model, the number of 

samples per class was first randomly reduced to a maximum of 3000 in order to improve com-

putation time. In a second step, all classes were under- and oversampled using SMOTE which 
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led to an equal distribution of 1692 samples per class. The decision to use an equal amount 

of samples per class is in line with recommendations in expert literature (Müller & Guido, 2017). 

For the vegetation model, the same approach was attempted initially. However, due to poor 

classification results, a different approach was chosen which includes undersampling classes 

to a maximum of 30’000 samples per class).    

 

3.7.3 Feature Reduction 

Even though RF generally deals well with a large number of input features, it is recommended 

to perform a feature reduction to minimise dimensionality (number of features) and thus also 

multi-collinearity (correlating features) and computational cost (Demirbaş Çağlayan et al., 

2020; Ma, Fu, et al., 2017). Thereby, redundant features are eliminated. Various feature re-

duction approaches exist. Generally, two groups can be distinguished (Cunningham, 2008): 

feature selection and feature extraction approaches. Feature selection describes the process 

of selecting a subset of predictor variables while feature extraction algorithms create new pre-

dictor variables based on several existing predictors (Fassnacht et al., 2016). Feature selection 

is usually more suited if high feature redundancy is expected (Cunningham, 2008). Therefore, 

the recursive feature elimination (RFE) algorithm, a feature selection method, was chosen for 

this study. 

RFE was applied using the caret package (Kuhn, 2008). It performs a backward selection of 

features based on feature importance ranking. The least important features are sequentially 

eliminated until all remaining features contribute significantly to the model (Kuhn, 2008). RFE 

was applied individually for the non-vegetation and vegetation model. However, the same pa-

rameter settings were used for both models. This includes repeated cross-validation with five 

repeats and ten folds.  

  

3.7.4 Random Forest Classification 

After performing pre-processing, data balancing and feature reduction, two RF classification 

models (non-vegetation and vegetation) were created using the randomForest package (Liaw 

& Wiener, 2002) in R software. All RF parameter settings were set to default. Also, based on 

feature selection results and expert recommendations (see chapter 4.3.1), the 20 most im-

portant features were used for each model.  

Classification models generally have to deal with the issue of overfitting which occurs if the 

model is trained to much on a set of input samples but performs worse if samples outside of 

the initial input dataset are used. Therefore, a frequent measure is to split input data into train-

ing and testing (validation) samples (Fassnacht et al., 2016). Different techniques exist to data 

splitting. Common approaches include simple data splitting (often 70% training, 30% testing 

data), k-fold cross-validation and bootstrap-resampling (Fassnacht et al., 2016). K-fold cross-

validation describes the process where data is randomly split into k equal partitions (folds). 

Subsequently, the technique iterates k times so that in each iteration a different partition is 

used as testing data while the remaining parts are used as training data. Bootstrap-resampling 

is a method where over multiple iterations, training samples are selected randomly with re-

placement. This means that some samples are selected several times while others are not 

selected. The latter are then used as testing samples (Fassnacht et al., 2016). The RF algo-

rithm uses an internal bootstrap-resampling to generate a forest of decision trees. Samples 
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not included in bootstrap samples are referred to as out of bag (OOB) samples. Model perfor-

mance (accuracy) is then assessed on all OOB samples (approximately one third of the total 

dataset) over multiple iterations (Lebourgeois et al., 2017).   

In this study, the internal RF bootstrap-resampling approach was applied in a first run using all 

available samples as input data for each model. However, results showed unrealistically high 

classification accuracies (see chapter 4.3.2) which were likely caused by the massive over-

sampling of certain classes. Therefore, a second validation approach was chosen using a 

leave-one-out (LOO) cross-validation technique. LOO is a special case of k-fold cross-valida-

tion where the number of folds equals the number of samples and for each fold, one sample is 

used as testing data (Fassnacht et al., 2016). In this study, the LOO principle was applied to 

the nine study regions. Therefore, nine folds were performed excluding samples of one study 

area for each fold. Furthermore, samples based on GT-independent segmentation ( 

Figure 21, e & f) were used as testing samples in order to incorporate the effect of segmenta-

tion accuracy on overall classification accuracy.  

For validation of study areas Welschenrohr 1 and 2, features based on orthophoto 1 and 3 

(chapter 3.6.2) were ignored as these datasets were missing for the two study areas.  

Subsequently, classification was performed for each study area including class prediction and 

respective prediction probability per image object. The resulting dataset was exported as CSV 

table and joined in ArcMap to the shapefiles previously exported from eCognition Developer. 

Thereby, predicted image objects were linked to their geometry using the centroid pixel coor-

dinates of an image object. 

 

3.8 Post-Processing 

In ArcMap, classified image objects were subsequently post-processed in order to improve 

classification accuracy. Post-processing included reclassification of class 10 (dead trees) im-

age objects as class 0 (no SSLE) based on the Max_Z (max. height above ground) feature. 

This was a very quick but effective improvement for false negatives of this class. A similar 

procedure could have been applied to other classes. However, this was skipped due to the 

scope of the thesis.  
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3.9 Accuracy Assessment 

In reference to approaches in previous studies (Gilbert, 2020; Guerrero et al., 2019), classifi-

cation accuracy of the LOO cross-

validation was assessed based on 

a spatial intersection approach. 

Thereby, the accuracy of the cho-

sen segmentation approach is also 

evaluated. Therefore, the Tabulate 

Intersection tool in ArcMap was 

used. This tool “computes the inter-

section between two feature clas-

ses and cross-tabulates the area, length or count on the intersecting features” (ESRI, 2022a). 

As shown in Figure 23, zone and class features are defined initially. The tool then calculates a 

table with the chosen output variables. For this study, the GT image objects (Figure 24, full 

opacity) were used as zone features while predicted image objects (Figure 24, reduced opac-

ity) represent class features.  

 

Figure 24: Spatial intersection between GT (full opacity) and predicted image objects (reduced opacity) for the 
assessment of classification accuracy (© Kanton Aargau) 

Thereby, the tabulation indicates for each class the area of the GT polygons that is classified 

correctly (producer accuracy). Contrarily, it also shows the area of classified image objects that 

correctly represents GT data (user accuracy).  

In the following chapter, the results of this study are presented. This includes an overview of 

mapped GT data, examples of the chosen image segmentation approach, an overview of the 

extracted image objects (training & testing samples) as well as feature selection results and 

RF model accuracy calculated in R software. Finally, the overall assessment of the classifica-

tion accuracy is presented.  

Figure 23: Function of Tabulate Intersection tool (© ESRI) 
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4 Results  

4.1 Ground Truth Mapping 

Across the nine study areas, a total of 6265 GT polygons were mapped manually. Thereby, 

class frequency varied substantially (Figure 25). The most frequent element is high woody 

vegetation (class 9) with more than 2000 samples, followed by rocks and stones (class 3), 

open ground (class 6) and low woody vegetation (class 9). Substantially less samples were 

collected for branch piles (class 1), small water bodies (class 2), dry-stone walls (class 5), 

hedgerows (class 7) and dead trees (class 10). The least mapped class was clearance cairns 

(class 4) with only 31 cases.  

 

Figure 25: Overall class frequency of mapped GT truth polygons 

Among the study areas, the occurrence of different classes is very heterogenous (Figure 26). 

For the Solothurn areas Welschenrohr 1 and 2 and Seehof, almost no branch piles were 

mapped. However, these areas contain a disproportionate number of rocks and stones sam-

ples. Most of the dry-stone wall samples were also found in these areas. It can be assumed 

that the unbalanced distribution of these classes did have an effect on classification accuracy 

as less and older input data was available for these regions. Furthermore, the distribution of 

low and high woody vegetation and dead trees is rather homogenous across all study areas 

with lower numbers found in study areas Thalheim 1 and Hornussen (smaller study areas). 

Also, open ground samples are spread across all areas. Hedgerows were mostly found in the 

Thalheim areas, Murgenthal and Densbüren. Small water bodies were detected in Wädenswil 

(drainage ditches), Seehof (small stream) and Densbüren (small streams and amphibian con-

servation area with ponds). Out of the small amount of clearance cairn samples found, most 

were located in the Densbüren and Welschenrohr 2 area.  
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Figure 26: Occurrence of GT classes across the study areas 

 

4.2 Image Segmentation & Feature Extraction 

As mentioned in chapter 3.6, mapped GT data was imported to eCognition Developer together 

with vector data defining the study area, orthophotos, LiDAR and ancillary data for image seg-

mentation and subsequent feature extraction. Based on these inputs, four outputs were gen-

erated using four different segmentation approaches (Table 5): segmentation based on geom-

etry and features of non-vegetation (class 1 - 6) GT data (output 1), segmentation based on 

geometry and features of vegetation (class 7 – 10) GT data (output 2), segmentation inde-

pendent of GT geometry and parameters optimised for non-vegetation classes (output 3) as 

well as segmentation independent of GT geometry and parameters optimised for vegetation 

classes (output 4). Outputs 1 and 2 were used as training samples, outputs 3 and 4 as testing 

(validation) samples.  

On the following pages, only selected examples of segmented areas are presented as entire 

study areas cannot be shown due to readability reasons. The examples illustrate how training 

and testing samples are generated. Furthermore, potentials and limitations of the chosen seg-

mentation approach are visualised. 

Figure 27 to Figure 30 show segmentation results from the study area Thalheim 2. We can 

see that the geometry of dry-stone walls (yellow) is generally captured well by the segmenta-

tion algorithm. However, elements covered by vegetation are not recognised sufficiently (Fig-

ure 27 and Figure 28). For the vegetation classes (Figure 29 and Figure 30), elements are 

generally delineated very well with some deviations at the edge of tree crowns and bushes. 

Also, results of the non-vegetation and vegetation testing outputs (Figure 28 and Figure 30) 

differ due to parameters settings being adjusted to the targeted elements. For the study area 

Seehof (Figure 31 to Figure 34), image objects show different geometrical characteristics com-

pared to Thalheim 2 as parameters had to be adjusted due to only two orthophotos being 

available. This was also the case for Welschenrohr 1 and 2. As a result, image objects in these 

areas are slightly smaller and more compact than others. However, elements are generally 

delineated well for both non-vegetation and vegetation classes.  
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Figure 27: Training samples (non-vegetation), study area Thalheim 2 (© swisstopo) 

 

 

Figure 28: Testing samples (non-vegetation), study area Thalheim 2 ( © swisstopo) 
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Figure 29: Training samples (vegetation), study area Thalheim 2 (© swisstopo) 

 

 

Figure 30: Testing samples (vegetation), study area Thalheim 2 ( © swisstopo) 
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Figure 31: Training samples (non-vegetation), study area Seehof (© swisstopo) 

 

 

Figure 32: Testing samples (non-vegetation), study area Seehof (© swisstopo) 
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Figure 33: Training samples (vegetation), study area Seehof (© swisstopo) 

 

 

Figure 34: Testing samples (vegetation), study area Seehof (© swisstopo) 
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Across all study areas, a total of 784’561 non-vegetation training samples (Figure 35) was 

generated with 58 features extracted per sample. The vast majority of samples was attributed 

to class 0 (no SSLE). Branch piles, clearance cairns and dry-stone walls show the same num-

ber of samples as after GT polygon creation, because these image objects were not subdivided 

(chapter 3.6.1). Contrarily, large and connected elements however were sub-segmented re-

sulting in a total of 2’523 samples of small water bodies, 36’808 rocks and stones samples as 

well as 28’139 open ground samples. 

For vegetation class elements (Figure 36), a total of 668’473 samples was created including 

489’060 class 0 samples. The number of hedgerow samples remained at 92 (no sub-segmen-

tation) whereas high woody vegetation (4’330 samples), high woody vegetation (148’634 sam-

ples) and dead tree polygons (26’357) were further subdivided.  

As mentioned in chapter 3.7.2, a strongly unbalanced class distribution often has negative 

effects on machine learning classification. Therefore, a data balancing technique was applied 

in order to balance samples and improve overall computational cost by reducing the total 

amount of samples.  

 

Figure 35: Class frequency of segmented training samples (non-vegetation) 

 

Figure 36: Class frequency of segmented training samples (vegetation) 
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4.3 Classification  

4.3.1 Feature reduction 

As described in chapter 3.7.3, the recursive feature elimination (RFE) algorithm was applied 

in R software to reduce the number of features used to train the classification model. The main 

goals of the feature reduction were thereby to minimise computational cost and correlating 

features. RFE iteratively eliminates the least important feature and therefore ranks the features 

based on their importance for the model (Kuhn, 2008). One result of this process is a perfor-

mance profile (Figure 37) which indicates the model accuracy in relation to a subset of features 

(Kuhn, 2008). For the non-vegetation model, the 10 most important features contribute to ap-

proximately 84% model accuracy, while the top 20 features lead to 88%. Including all 56 fea-

tures only improves the accuracy to about 89%. Similar results were achieved for the vegeta-

tion model. The top 10 features contribute to 85% accuracy, the top 20 to approximately 87% 

and the total of 54 features to 91% accuracy. Based on these performance profiles, the deci-

sion was made to incorporate only the top 20 features for each of the models, as the increase 

in performance is insignificant with more features. This decision is in line with expert literature 

recommending the use of 15 – 25 features for random forest applications (Ma, Fu, et al., 2017). 

Therefore, computational cost and feature collinearity can be reduced.  

 

 

Figure 37: Model accuracy in relation to number of features used (based on RFE algorithm) 

 

Besides performance profiles, RFE also outputs the importance score of each feature based 

on the ranking. Figure 38 shows the top 20 features for the non-vegetation model. The 

Mean_vecInd, an ancillary feature, is ranked first with slightly higher importance value than the 

Density feature (geometry). Considerably less important are all following features including 

reflectance indices (StdDev_blue2, Mean_nir2, StdDev_green2, Mean_red2, Mean_blue2, 

Mean_green2 and Mean_blue1), spectral indices (Mean_ndvi2, StdDev_ndsi2, Mean_ndvi1, 

Mean_ndwi1 and StdDev_ndvi2) as well as geometry features (Curv_Length, Width, 

Length_main, Compactness and Area) and one texture indices (GLCM_Corr).  

non-vegetation vegetation 
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Figure 38: Importance of the top 20 features for the non-vegetation model 

For the vegetation model, the top 20 features differ a lot from the non-vegetation model (Figure 

39). The most important feature is Mean_vhm, followed by the ALS indices Max_Z, Mean_Z, 

StdDev_Z and Mean_NoR. Apart from that, reflectance features (Mean_nir2, Mean_blue2, 

Mean_red2,  Mean_nir1, Mean_green2, StdDev_nir2 and StdDev_blue2), spectral indices 

(Mean_ndsi2, Mean_ndvi2 and Mean_ndvi1), geometrical features (Density, Width and  

 

Figure 39: Importance of the top 20 features for the vegetation model 
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Curv_Length) as well as the ancillary feature StdDev_vhm and the texture indices 

GLCM_StdDev are also included in the top 20 list. The complete feature ranking for both mod-

els can be found in Appendix 2. 

 

4.3.2 Model Accuracy 

A common approach to assess the accuracy of ML classification results is the use of confusion 

matrices (CM) indicating per-class user and producer accuracies, overall accuracy as well as 

other figures. Thereby, producer accuracy (PA) refers to the probability that a sample in a given 

class was classified correctly. Contrarily, user accuracy (UA) refers to the probability that a 

sample predicted to be in a specific class really is that class. Furthermore, overall accuracy 

(OA) is calculated by dividing the sum of all samples classified correctly by the total number of 

samples (Ye et al., 2018). 

As mentioned in chapter 3.7.4, in a first approach, classification accuracy was assessed with 

the internal cross-validation of RF models. Thereby, samples that are not used for the creation 

of individual decision trees, so-called out of bag (OOB) samples, are used as validation sam-

ples. For the resulting CM, several accuracy figures were computed in addition to OA, PA and 

UA. This includes precision, recall and F1-score on both, per-class and macro level. These 

figures are commonly used if input data has an unbalanced class distribution which reduces 

the significance of OA, PA and UA. Thereby, “F1-score is the harmonic mean of precision and 

recall, where precision measures the accuracy of positive predictions and recall measures how 

many positive samples are correctly detected by the classifier” (Cardoso-Fernandes et al., 

2020, p. 8). The commonly used Kappa coefficient was not computed based on expert recom-

mendations indicating that it is often highly correlated to overall accuracy, but can also deliver 

misleading results (Liu et al., 2007; Pontius & Millones, 2011). 

Table 8 shows the resulting confusion matrix for the non-vegetation model. With an OA of 88% 

and similar macro precision, recall and F1-scores, it can be assumed that the model performs 

well. However, accuracies for individual classes vary. Among the very well predicted classes  

Table 8: Model accuracy (non-vegetation model) based on RF OOB accuracy, illustrated as confusion matrix. 
Class 0: No SSLE, 1: branch piles, 2: small water bodies, 3: rocks & stones, 4: clearance cairns, 5: dry-stone 
walls, 6: open ground 

Reference 
Prediction 

0 1 2 3 4 5 6 Sum PA 

0 1’195 8 42 342 0 0 105 1’692 0.71 

1 0 1’687 0 0 5 0 0 1’692 1.00 

2 79 8 1’477 81 0 1 46 1’692 0.87 

3 244 1 8 1’306 0 0 133 1’692 0.77 

4 0 6 0 0 1’685 0 0 1’691 1.00 

5 0 0 0 0 0 1’692 0 1’692 1.00 

6 105 5 84 172 1 1 1’324 1’692 0.78 

Sum 1’623 1’715 1’611 1’901 1’691 1’694 1’608 11’843  

UA 0.74 0.98 0.92 0.69 1.00 1.00 0.82 Overall Accuracy 0.88_  

Macro Precision 0.88_  

Macro Recall 0.86_ 

Macro F1-Score 0.88_ 

Precision 0.74 0.98 0.92 0.69 1.00 1.00 0.82 

Recall 0.71 1.00 0.87 0.77 1.00 1.00 0.78 

F1-Score 0.72 0.99 0.89 0.73 1.00 1.00 0.80 
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is class 1 (branch piles) with 100% (rounded) PA and 74% UA. Even better predicted were 

class 4 (clearance cairns) and 5 (dry-stone walls), both with 100% (rounded) PA and UA re-

spectively. Notably, class 1, 4 and 5 were massively oversampled during data preparation (see 

chapter 3.7.2). Among the classes with lower accuracy values are class 0 (no SSLE), class 3 

(rocks and stones) as well as class 6 (open ground). For class 3, 14% were misclassified as 

no SSLE while 8% were falsely considered as open ground. For class 6, 6% were misclassified 

as no SSLE, 5% as small water bodies and 10% as rocks and stones. For class 2 (small water 

bodies), 87% PA and 92%  UA were recorded. Here, larger misclassifications are assigned to 

class 0 (5%), class 3 (5%) and class 6 (3%). 

Table 9 shows the confusion matrix for the vegetation model. Here, OA as well as other macro 

values also amount to around 88%. Interestingly, per-class accuracies are relatively homoge-

nous across all classes. Class 10 (dead trees) shows lowest accuracies (88% PA, 80% UA). 

Larger misclassifications (7%) occurred with class 9 (woody vegetation above 3 m). Contrarily, 

class 9 was misclassified mainly as dead trees (12%). Furthermore, class 0 (no SSLE) was 

also misclassified as dead trees in 10% of the cases. 

Reference 
Prediction  

0 8 9 10 Sum PA  

0 19’247 583 636 2’206 22’672 0.85  

8 247 22’067 181 176 22’671 0.97  

9 417 795 18’773 2’687 22’672 0.83  

10 627 466 1621 19’958 22’672 0.88  

Sum 20’538 23’911 21’211 25’027 90’687   

UA 0.94 0.92 0.89 0.80 Overall Accuracy 0.88_ 

Macro Precision 0.89_ 

Macro Recall 0.88_ 

Macro F1-Score 0.88_ 

 

Precision 0.94 0.92 0.89 0.80  

Recall 0.85 0.97 0.83 0.88  

F1-Score 0.89 0.95 0.86 0.84  

         
Table 9: Model accuracy (vegetation model) based on RF OOB accuracy, illustrated as confusion matrix. Class 0: 
No SSLE, 8: low woody vegetation, 9: high woody vegetation, 10: dead trees 

 

4.3.3 Classification accuracy 

As mentioned in chapter 3.7.4, the model validation based on RF’s OOB samples as presented 

in the previous section shows unrealistically high accuracy values. Therefore, a second vali-

dation approach was chosen applying a leave-one-out (LOO) cross-validation technique. In 

order to assess the accuracy of this classification, a spatial intersection approach was chosen 

using the Tabulate Intersection tool in ArcMap (see chapter 3.9). Thereby, the tabulation indi-

cates for each class the area of GT polygons that is classified correctly (producer accuracy). 

Contrarily, it also shows the area of predicted image objects that correctly represent GT data 

(user accuracy). 

Table 10 shows the resulting tabulation for the non-vegetation model which is also illustrated 

as confusion matrix. Thereby, non-decimal numbers represent the calculated area (m2) instead 

of number of samples. NA values refers to image objects that could not be matched to GT 

samples in ArcMap. Results indicate that OA is similar compared to the OOB confusion matrix. 

However, macro precision, recall and F1-Score as well as per-class PA and UA are consider-

ably lower. The reason therefore is that almost 97% is non-SSLE area (class 0). As the majority 

of this class was classified correctly, this has a massive effect on OA.  
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Table 10: Classification accuracy (non-vegetation model) based on spatial cross-tabulation (m2). Class 0: No SSLE, 1: branch piles, 2: small water bodies, 3: rocks & stones, 4: 
clearance cairns, 5: dry-stone walls, 6: open ground 

Reference 
Prediction 

0 7 8 9 10 NA Sum PA 

0 4’050’044  16’523 137’987 49’633 283 4’254’470 0.95 

7 6’252  2’052 22’506 12’241 2 43’053  

8 3’265  5’881 2’044 684 0 11’873 0.50 

9 51’425  5’313 649’635 35’047 28 741’449 0.88 

10 436  12 1’440 1’426 0 3’315 0.43 

 Sum 4’111’422  29’782 813’613 99’031 313 5’011’107  

UA 0.99  0.20 0.80 0.01 0.00 OA 0.97.     

Precision 0.99  0.20 0.80 0.01  Macro Precision 0.50. 

Recall 0.95  0.50 0.88 0.43  Macro Recall 0.69. 

F1-Score 0.97  0.28 0.84 0.03  Macro F1-Score 0.53.  

 
Table 11: Classification accuracy (vegetation model) based on spatial cross-tabulation (m2). Class 7 (orange) was ignored for classification. Class 0: No SSLE, 7: hedgerows, 8: 
low woody vegetation, 9: high woody vegetation, 10: dead trees 

Reference 

Prediction  
0 1 2 3 4 5 6 NA Sum PA 

0 4’297’853 17’077 109’389 235’469 1’652 260 228’500 611 4’890’811 0.88 

1 978 46 64 17 2 0 82 0 1’188 0.04 

2 2’139 43 7’806 161 0 0 317 132 10’597 0.74 

3 16’923 56 209 32’259 60 13 3’755 10 53’284 0.61 

4 105 2 9 85 0 0 126 0 327 0.00 

5 1’806 19 38 2’356 3 8 751 2 4’983 0.00 

6 18’454 202 7’470 5’566 80 6 61’270 9 93’057 0.66 

Sum 4’338’257 17’444 124’985 275’912 1’798 287 294’800 764 5’054’247  

UA 0.99 0.00 0.06 0.12 0.00 0.03 0.21 0.00 OA 0.87 

Precision 0.99 0.00 0.06 0.12 0.00 0.03 0.21  Macro Precision 0.20 

Recall 0.88 0.04 0.74 0.61 0.00 0.00 0.66  Macro Recall 0.42 

F1-Score 0.93 0.00 0.12 0.20 0.00 0.00 0.32  Macro F1-Score 0.22 
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Several classes were basically not detected. This includes class 1 (branch piles) where less 

than 4% of the area was classified correctly. Most branch piles were misclassified as non-

SSLE (class 0, 83%), open ground (class 6, 7%) or small water bodies (class 2, 5%). Even 

worse results were achieved for clearance cairns (class 4) where no sample was classified 

correctly. They were mostly misclassified as non-SSLE (83%), rocks & stones (class 3, 26%) 

or open ground (class 6, 39%). Similarly low accuracy (<1%) was obtained for dry-stone walls 

(class 5). Here, most misclassifications occurred in combination with non-SSLE (36%), rocks 

& stones (47%) or open ground (15%). Better classified were small water bodies where 74% 

of the area was recognised correctly. However, UA is 6% which that this class was greatly 

overclassified. Overclassification of small water bodies occurred mainly in non-SSLE area. For 

rocks & stones, similar results were achieved including 61% PA and 12% UA. Here, misclas-

sifications also occurred mainly in non-SSLE areas. Finally, open ground was classified with 

66% PA and 21% UA. Similar to small water bodies and rocks and stones, open ground was 

also often mapped in non-SSLE areas. 

Table 11 shows the cross-tabulated results for the vegetation model which achieved 97% OA, 

50% macro precision, 69% macro recall and 53% macro F1-Score. Per-class accuracies were 

considerably better than those for non-vegetation classes. Class 8 (low wood vegetation) 

achieved 50% PA and 20% UA. It was mostly misclassified as non-SSLE (27%) or high woody 

vegetation (class 9, 17%). High woody vegetation achieved very good results with 88% PA 

and 80% UA. Highest misclassification occurred with non-SSLE area (7%) and dead trees 

(class 10, 5%). Dead trees show lowest accuracy values with 43% PA and only 1% UA. This 

means that much area was wrongly overclassified as dead trees. This includes non-SSLE area 

(50%) and high woody vegetation (35%). Finally, class 7 (hedgerows) were not further consid-

ered in the cross-tabulation as class 7 was not used for the RF models (see chapter 3.7.1). 

On the following pages, classification results from the two example areas in Thalheim and 

Seehof are illustrated with thematical maps (Figure 40 - Figure 47). These illustrations serve 

as a basis for further discussion (see chapter 5.2). 
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Figure 40: GT samples (non-vegetation), study area Thalheim 2 (© swisstopo) 

 

Figure 41: Classification results (non-vegetation), study area Thalheim 2 (© swisstopo) 

Classification 
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Figure 42: GT samples (vegetation), study area Thalheim 2 (© swisstopo) 

 

 

Figure 43: Classification results (vegetation), study area Thalheim 2 (© swisstopo) 

Ground truth 

Classification 
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Figure 44: GT samples (non-vegetation), study area Seehof (© swisstopo) 

 

 

Figure 45: Classification results (non-vegetation), study area Seehof (© swisstopo) 

Classification 

Ground truth 
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Figure 46: GT samples (vegetation), study area Seehof (© swisstopo) 

 

 

Figure 47: Classification results (vegetation), study area Seehof (© swisstopo)

Classification 

Ground truth 
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5 Discussion  
 

In this chapter, the chosen approach and the findings of this study are discussed. Thereby, 

potentials and limitations are listed.  The following chapter covers implications of the chosen 

ground truth mapping approach. Subsequently, classification results for all selected small-

scale landscape element (SSLE) classes, the suitability of high-resolution remote sensing data 

therefore as well as the implications of the chosen object-based image analysis (OBIA) meth-

ods are discussed. Finally, an outlook for future studies is presented.   

 

5.1 Implications of Ground Truth Mapping 

Ground truth (GT) mapping in this study was performed due to lack of sufficient and homoge-

nous reference data. Ten SSLE classes of interest were selected and subsequently mapped 

based on visual interpretation of remote sensing (RS) data and additional in-situ validation. A 

key aspect thereby is semantics: How do classes have to be defined in order to be distinguish-

able 1) visually and on the basis of remote sensing data and 2) by classification methods? As 

these criteria were not fully met for certain common SSLE found in literature, definitions had 

to be adjusted accordingly. However, differentiation between certain classes still remained 

challenging in some cases. One exam-

ple therefore are classes 3 (rock, 

stone, debris, boulders), 4 (clearance 

cairns) and 5 (dry-stone walls). Figure 

48 shows a case where assumably, an 

old dry-stone wall had collapsed now 

resembling a series of clearance 

cairns or rocks and stones. In this 

case, the object was mapped as class 

3 as the height criteria for clearance 

cairns (0.5 m) was not fully met. How-

ever, this interpretation is debatable. In 

such cases, the LiDAR point cloud was 

consulted for height information during visual interpretation of RS data. Naturally, this includes 

the limitation that not all elements are depicted by LiDAR points, particularly if an element is 

covered by vegetation. Therefore, in-situ validation is very valuable. However, a key issue 

between visual interpretation and in-situ validation is the temporal lag. For this study, the field 

validation was conducted in spring 2021 while the most recent RS dataset originated from 12 

months earlier (the least recent was from 2016). Therefore, some elements have disappeared 

in between (e.g. cut down trees), changed their characteristics (e.g. tree growth: trees that can 

be classified as either low or high woody vegetation depending on what input dataset is con-

sulted) or also, new elements can appear over time (e.g. recently constructed branch piles or 

clearance cairns). Ultimately, such temporal inconsistencies lead to issues where parts of the 

input data inaccurately represent the element of interest. This will be further discussed in chap-

ter 5.3. 

Ground truth data was collected across a total of nine study areas which are situated in the 

cantons of Aargau, Solothurn and Zurich. The areas represented the biogeographical regions 

“Jura” and “Central Plateau”. Agricultural use ranged from very extensively used grassland to 

high-intensity arable land. This is an acceptable diversity of agricultural landscapes. However, 

some regions including alpine regions and specialised farming areas such as vineyards were 

not represented. This would be a requirement if the classification model should be applied for 

Figure 48: Collapsed dry-stone wall: What is it today? Dry-stone 
wall, a series of clearance cairns or just rocks? (© Simon Mägli) 
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the entirety of Switzerland. Nevertheless, a considerable number of elements was mapped 

across all study areas. In total, 6265 samples were recorded with varying frequency across 

different study areas and also, different classes (see chapter 4.1). Well represented classes 

(>900 samples) are class 3 (rock, stone, boulder, debris), class 6 (open ground), class 8 (low 

woody vegetation) and class 9 (high woody vegetation). Unfortunately, relatively few (<200) 

samples were recorded for class 1 (branch piles), class 2 (small water bodies), class 5 (dry-

stone walls), class 7 (hedgerows) and class 10 (dead trees). An insufficient number of samples 

(31) was found for class 4 (clearance cairns). Due to this uneven distribution, data balancing 

was necessary which had assumably major effects on classification accuracy (further dis-

cussed in chapter 5.4).  Therefore, for future studies it is suggested to seek more homogenous 

class distribution.  

Finally, a key challenge that occurred during GT mapping was the fact that certain elements 

could overlap each other in real-world. For example, rock elements could be covered be trees 

(see Figure 20). This posed an issue insofar that with the chosen segmentation approach, GT 

samples must be unambiguously assignable to a specific class. Therefore, two GT datasets 

(vegetation and non-vegetation) were created in this study. An alternative approach would be 

to apply multi-level segmentation where vegetation elements are segmented on a super-level 

and non-vegetation elements are delineated on a sub-level.  

In the following chapter, classification results for all selected types of SSLE are discussed. 

 

5.2 Classification Accuracy of Small-scale Landscape Elements 

Overall, classification results for the ten selected SSLE classes are unsatisfactory. However, 

the classification accuracy varies substantially depending on class and study area (see Table 

10 and Table 11). Generally, we can see a trend where larger, connected elements such as 

woody vegetation or open ground areas achieved higher accuracy values whereas smaller, 

isolated elements such as branch piles or clearance cairns were barely recognised (<7%).  

Best classification results were achieved for class 9 (high woody vegetation) with 88% pro-

ducer accuracy (PA) and 80% user accuracy (UA). This result was expected as class 9 fea-

tures the highest number of training samples (~150’000) and also highest area coverage (0.74 

km2). Additionally, high woody vegetation is present in all study areas and has characteristics 

that make it very distinct from other elements. This includes the height above ground as well 

as spectral features such as the NDVI. Figure 42 and Figure 43 show that the majority of high 

woody vegetation was classified correctly. In particular, coherent structures including forest 

edges and groves were recognised well. However, transitions between woody vegetation and 

openland are often classified poorly. We can see that there are often artefacts in both openland 

and woody vegetation area. A solution therefore would be to apply a region-growing or -merg-

ing algorithm based on probability values. Interestingly, classification accuracy for the Seehof 

study area (see Figure 47) was much lower as many openland samples were classified as high 

woody vegetation. For this, there are three possible explanations. First of all, for Solothurn 

areas including Seehof, Welschenrohr 1 and 2, less and also more out-of-date input data was 

available (see chapter 3.3). Therefore, segmentation parameters had to be adjusted in order 

to achieve image objects which are similar to those in other study areas. Secondly, the bit 

depth of reflectance values for Solothurn areas differed a lot from other study areas. Even 

though reflectance values across all study areas were subsequently scaled applying data 

standardisation per individual study area, a certain inaccuracy can still be expected for the 

Solothurn regions. Thirdly, it is possible that misclassification occurred based on the 

Mean_VHM (average of the Vegetation Height Model) and Max_Z feature (max. height above 

ground) which were essential for the classification of vegetation elements (see Figure 39). The 
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third explanation is assumably the most likely as an inspection of LiDAR point cloud data for 

this area has shown that there are indeed many artefactual points (several meters above 

ground) in the openland area. However, also a combination of the three factors mentioned 

above is possible.  Overall, achieved results for class 9 are similar to results from other studies 

analysing vegetation. Bolyn et al. (2019) reported 78% overall accuracy (OA) for different clas-

ses of trees outside forests (TOF). Malkoç et al. (2021) even achieved 95% overall accuracy 

for countrywide mapping of TOF across Switzerland. Furthermore, Völker & Müterthies (2008) 

reported 100% PA and 70% UA for linear woody vegetation structures.  

The second best classified element is class 6 (open ground) which achieved 66% PA and 21% 

UA. Notably, non-SSLE samples were often mistaken as open ground area. This misclassifi-

cation is obvious as a lot of the non-SSLE area consists of highly dynamic surfaces such as 

arable land. Additionally, open ground area by itself is often highly dynamic. Figure 40 shows 

that elements with reflectance values similar to those of open ground are often mistaken as 

such. This occurred with dry-stone walls or rocky surfaces. Furthermore, asphalted road was 

often also mistaken as open ground. Contrarily, gravel roads (see Figure 44 and Figure 45) 

were generally recognised well. It can be assumed that this is also based on the fact that gravel 

roads are large, coherent surfaces. Unfortunately, no comparable classification results from 

other studies were found for open ground. 

Class 6 is followed by class 8 (low woody vegetation) which achieved 50% PA and 20% UA. 

Although class 8 has similar characteristics to class 9, only 4330 training samples covering a 

total area of 0.1 km2 were available. This could be a reason for the considerably lower classi-

fication accuracy. As expected, low woody vegetation was often mistaken as high woody veg-

etation (17%) as the only criterium to distinguish those classes is the height information (Max_Z 

feature). Apart from high woody vegetation, class 8 was often misclassified as non-SSLE area. 

Conversely, 55% of the area classified as class 8 was in fact non-SSLE area. Figure 42 and 

Figure 43 underline the fact that class 8 was often mistaken as class 9. Naturally, class 8 is 

affected by the temporal lag between GT and input data characteristics (see chapter 5.1).    

Another class that showed mediocre results was class 10 (dead trees) with 43% PA and only 

1% UA. This means that dead trees were massively overclassified. Most notably, openland 

non-SSLE area was misclassified as dead trees. This effect was already greatly reduced 

through post-processing (see chapter 3.8). However, the result is still unsatisfactory. The pre-

sumed reason for the overclassification of dead trees is the impact of spectral features which 

might be similar to those of openland. However, these should have been easily distinguishable 

based on height information. Interestingly, most of the areas mistaken as dead trees are as-

signed to one specific study area (Densbüren). This indicates potential computation mistakes 

or differing characteristic of the input data for this study area.  

Massive overclassification also occurred with class 2 (open water bodies). This class achieved 

74% PA but only 6% UA. This is perfectly visible in Figure 40 and Figure 41 where numerous 

openland, woody vegetation and even dry-stone wall samples were misclassified as small wa-

ter bodies. Several factors could have contributed 

to this issue. First of all, class 2 samples were ex-

tensively oversampled during data balancing (see 

chapter 3.7.2). From 103 original GT samples, 

1692 training samples were artificially created. 

Secondly, many original class 2 GT samples con-

tained “misleading” information insofar that water 

bodies were often covered by vegetation (see Fig-

ure 49). As a result, spectral characteristics of veg-

etation instead of water surfaces are passed on. 

Figure 49: Class 2 sample (blue) being covered 
by vegetation (© swisstopo) 
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Therefore, it might be beneficial to only use training data from water bodies that are not covered 

by vegetation. However, this might also lead to many small water bodies not being detectable 

at all.  

Classes that were barely detected at all were class 1 (branch piles), class 4 (clearance cairns) 

and class 5 (dry-stone walls). Branch piles achieved 4% PA and <1% UA. 99% of the area 

classified as branch piles was in fact non-SSLE area. Conversely, most branch pile area (82%) 

was classified as non-SSLE. The key challenge for branch piles was the fact that most of them 

were covered by vegetation. This results in false spectral information as explained above for 

small water bodies. Unfortunately, the use of ancillary features based on LiDAR point cloud 

intensity values (Mean_intInd and StdDev_intInd) which were specifically designed for the 

recognition of branch piles (see Figure 22) was not sufficient. Figure 40 and Figure 41 as well 

as Figure 44 and Figure 45 show several examples of branch piles falsely classified in open-

land or forest area. High LiDAR intensity values might be the reason for those misclassifica-

tions. For the Seehof examples, another possibility is that small stone piles were mistaken as 

branch piles. Finally, the issue of extensive oversampling is also applicable for branch piles.  

Another class that was almost completely misclassified is class 5 (dry-stone walls) with <1% 

PA and 3% UA. Naturally, most dry-stone wall samples were classified either as rocks and 

stones (47%) or as non-SSLE (36%). Contrarily, 90% of the mapped dry-stone walls are in fact 

non-SSLE area. Apart from that, 15% of dry-stone wall area was misclassified as open ground 

(class 6). Figure 40 and Figure 41 shows one of the few cases where a dry-stone wall sample 

was actually classified correctly. Generally, we can see here that the geometry of dry-stone 

walls is well recognised. However, the samples are mostly classified as open ground. Similarly, 

the dry-stone wall visible in Figure 44 and Figure 45 is misclassified as open ground or rocks 

and stones. It can be assumed, that the model has mainly captured the spectral features of 

dry-stone walls. This would explain why classes with similar spectral characteristics were cho-

sen instead. Apart from that, this would also mean that the height and geometry information 

on dry-stone walls was disregarded by the model. A study by Vanhuysse et al. (2014) has also 

classified dry-stone walls based on a OBIA and ML approach. Based on aerial imagery (15 

cm), they extracted 13 features including spectral information (layer means, brightness, skew-

ness, intensity, redness index), geometry (length/width, asymmetry, border index, density) and 

relations to neighbouring‐ and sub‐objects (mean difference to darker neighbours, mean den-

sity of sub‐objects). Subsequently, four ML models (SVM, RF, RPart and KNN) were trained 

and tested. The results of the SVM and RF classifier proved to be sufficient for automatic 

recognition of dry-stone walls indicating a Kappa value of 0.79 (SVM) and 0.76 (RF). There-

fore, it can be presumed that dry-stone walls can also be recognised based only aerial imagery 

only. However, it might be beneficial to use imagery with a spatial resolution of 15 cm or higher.  

Ultimately, the one class that was not classified correctly in any cases is simultaneously the 

one with the least mapped GT samples: class 4 (clearance cairns). The majority of class 4 was 

mapped as non-SSLE (32%), rocks and stones (26%) or open ground (39%). Conversely, it 

was mostly non-SSLE area (92%) that was mistaken as clearance cairns. It is assumed that 

the main factor for the incapability of recognising clearance cairns was the spectral similarity 

to other rocky features. Therefore, higher focus should be set on the geometrical characteris-

tics (mostly rounded and small) of clearance cairns. However, an accurate segmentation tech-

nique is therefore required. 

As mentioned in chapter 3.7.1, class 7 (hedgerows) were not further analysed due to a seman-

tical overlap with other vegetation classes. Therefore, the definition of this class must be ad-

justed in future studies.  
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5.3 Suitability of High-resolution Data 

The main goal of this study was to evaluate the potential of high-resolution remote sensing 

data for the automatic recognition of small-scale landscape elements. As discussed in the pre-

vious chapter, all classes except class 9 (high woody vegetation) were recognised insufficiently 

by the chosen ML model. However, it is argued that the reason therefore is not the lacking 

suitability of high-resolution remote sensing data, but rather the methods that were applied in 

this study. Table 12 shows the estimated potential for manual recognition of SSLE, based on 

visual evaluation of datasets used for this study. This includes aerial imagery (leaf-on/off, 4-

band, 5 – 25 cm) and LiDAR point cloud data (leaf-on/off, 17.5 – 30.8 points/m2).  

Type of SSLE 
Ortho, 

leaf-on 

Ortho, 

leaf-off 

LiDAR, 

leaf-on 

LiDAR, 

leaf-off 

Branch piles 
only if vege-

tation-free 

only if vege-

tation-free 
only partially  

Small water bodies 
only if vege-

tation-free 

only if vege-

tation-free 
  

Rock, stone, debris, boulders 
only if vege-

tation-free 

only if vege-

tation-free 
only partially  

Clearance cairns 
only if vege-

tation-free 

only if vege-

tation-free 
only partially  

Dry-stone walls 
only if vege-

tation-free 

only if vege-

tation-free 
only partially  

Open ground 
only if vege-

tation-free 

only if vege-

tation-free 
only partially only partially 

Hedgerows     

Low woody vegetation     

High woody vegetation     

Dead trees     

 
Table 12: Estimated potential of high-resolution data used in this study for manual recognition of SSLE classes 
(green = high potential, orange = partially, red = not possible) 

Thereby “only if vegetation-free” refers to limitations if objects are covered by vegetation. Fur-

thermore, “only partially” refers to the partial (does not work in every case) potential of depicting 

objects covered by vegetation, based on LiDAR intensity data and height above ground. Fur-

thermore, while this study focused on the properties of standing dead trees, Figure 50 shows 

the potential of LiDAR data for the detection of lying deadwood which is clearly visible on the 

forest floor. 

 

Figure 50: Example of lying deadwood recognisable with LiDAR data (© Kanton Aargau) 
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According to Kucharczyk et al. (2020), the essential aspect for successful object recognition is 

the use of H-resolution data. In the case of aerial imagery this means that the objects of interest 

have to be significantly larger (typically 3–5 times) than the pixels they are composed of. In 

regard to this, LiDAR data with very high pixel density can achieve accurate depictions of very 

small objects.  

 

5.4 Evaluation of Applied Object-based Image Analysis Methods  

Apart from classification accuracy statistics and a suitability evaluation of high-resolution re-

mote sensing for automatic SSLE recognition, this study also focused on what impact OBIA 

and ML methods have on classification accuracy. Originally, the plan was to compare multiple 

segmentation and classification algorithms. However, due to time constraints, only one ap-

proach was ultimately tested. In this chapter, the potentials and limitations of the chosen ap-

proach are discussed and compared with expert literature.   

In the following sections, best practice recommendations by Kucharczyk et al. (2020) (see 

Table 13) are compared with the methods applied in this study. Thereby, potentials and limi-

tations of the chosen approach are discussed.       

Methodological Section Requirements and Recommendations 

Image and Ancillary Data 
Pre-Processing 

• All images must be co-registered and have the same spatial resolu-
tion. 
 

Classification Design 
• The classification scheme should be mutually exclusive, exhaustive, 

and hierarchical. 

Segmentation and Merging 

• Performing segmentation at multiple hierarchical levels may be useful 
for capturing image-objects of varying size and class. 

• We recommend performing segmentation parameter optimization us-
ing a statistical approach. 
 

Feature Extraction and Fea-
ture Space Reduction 

• We recommend performing feature space reduction to reduce the 
number of features used for classification.  

• The recommended number of features for random forest and support 
vector machine classification is 15–25 and 10–20. This number may 
vary for other classifiers. 
 

Image-Object  
Classification 

• Larger training sample sizes generally result in higher overall accu-
racy (assuming the samples are of high quality). 

• When possible, each training class should have an equal number of 
samples.  

• Learning curves can be constructed to assess the effect of training 
set size on overall accuracy.  

• The ideal test set will contain as many high-quality samples as possi-
ble (and necessary), with an equal number of samples per class.  

• We recommend the list-frame approach in conjunction with random 
sampling for choosing training and test samples, which avoids sam-
pling bias due to image-object size.  

• We recommend using machine learning classifiers, particularly ran-
dom forest and support vector machine due to their high reported ac-
curacies.  
 

Accuracy Assessment 

• We recommend using a confusion matrix to evaluate per-class user’s 
and producer’s accuracies and overall accuracy.  

• We recommend evaluating segmentation accuracy; however, there is 
a lack of methodological consensus regarding this component. 
 

 
Table 13: Best practices for OBIA. Summary adapted from Kucharczyk et al. (2020) 
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A basic recommendation of  Kucharczyk et al. (2020) is that all input data must be co-registered 

and have the same spatial resolution. For this thesis the eCognition Developer software was 

used. Therefore, this pre-processing step was conducted automatically.  

Furthermore, the authors suggest a mutually exclusive, exhaustive and hierarchical classifica-

tion scheme. As discussed in chapter 5.1, certain analysed classes are very similar to each 

other. Therefore, it is essential to have a clear criterium that allows to distinguish them. This 

requirement was generally fulfilled. However, for class 7 (hedgerows) class definitions were 

not sufficient. As per definition (see Table 4), hedgerows differ from other woody vegetation 

structures only by their geometrical properties. However, those properties could not be ex-

tracted with the chosen segmentation method. Consequently, the hedgerow class was dis-

carded.   

In terms of using multiple hierarchical levels for segmentation, a slightly different approach was 

chosen in this study. Instead of creating hierarchical levels, segmentation was performed for 

two separate image scenes: one contained only non-vegetation, the other only vegetation sam-

ples. Thereby the two segmented datasets are not hierarchical which means that extracted 

non-vegetation samples are not sub-objects of vegetation samples. Up to now, a better method 

for the separation of non-vegetation and vegetation samples is still not known. However, the 

chosen approach could be optimised by means of applying a merging or region-growing algo-

rithm which reduces the issue of oversegmentation. Thereby classification for e.g. forest-open-

land transitions could be improved. Additionally, a segmentation parameter optimisation tool 

could be used instead of a trial-and-error process. Furthermore, inaccurate segmentation re-

sults in this study were arguably also caused by very heterogenous input data. As mentioned 

in chapter 3.6.2, segmentation parameters had to be adjusted a lot for the Solothurn areas. 

The reason therefore was that only one (Welschenrohr areas) resp. two (Seehof) orthophotos 

were available for those study areas. Furthermore, input data across different study areas was 

also very heterogenous in terms of spatial resolution. It is assumed that this also had an effect 

on segmentation accuracy. A possible optimisation therefore is the use of one (more) homog-

enous dataset such as the nationwide SWISSIMAGE product (swisstopo, 2022a).  

Further recommendations by Kucharczyk et al. (2020) include the use of feature space reduc-

tion algorithms in order to remove irrelevant and misleading features used for classification. 

For this thesis, the Recursive Feature Elimination method was therefore applied. Also the rec-

ommendation of using between 15 and 25 features for RF classifications was adopted.  

For image-object classification, the authors suggest using training datasets as large as possi-

ble while maintaining high quality samples and equal class distribution. In this thesis, certain 

classes only contained very few samples. For this reason, a data balancing algorithm was 

applied which artificially oversampled minority class samples. However, it is argued that those 

samples featured relatively low quality (e.g. elements covered by vegetation resulting in mis-

leading spectral information). As a result, “low quality” was simultaneously upscaled leading to 

lower classification accuracy for these classes. In regard to model validation, Kucharczyk et 

al. (2020) recommend using a high number of testing samples which are also available in good 

quality. For this thesis, a leave-one-out cross-validation method was applied thereby making 

use of all available samples as training samples. This arguably leads to more inaccurate vali-

dation results. Therefore, for future studies, it is recommended to exclude a certain percentage 

(30-50%) of samples before training and subsequently use them for testing. In regard to the 

applied ML algorithm, Random Forest (RF) is a robust a widely accepted technique. In this 

study, RF was applied using default parameter settings. Naturally, there are many options to 

influence classification outcomes. Most notably, the “mtry” and “ntree” parameters could be 

evaluated in a trial-and-error process. Apart from that, other ML algorithms could be tested. 



75 
 

Popular and successful alternatives are Support Vector Machines (SVM) or Artificial Neural 

Networks (ANN). 

Finally, confusion matrices are recommended as solid tools for accuracy assessments. In par-

ticular, per-class user and producer accuracy should be analysed apart from overall accuracy. 

Additionally, segmentation accuracy could also be evaluated.  

 

5.5 Outlook 

Although the chosen approach for this thesis resulted in unsatisfactory classification results, 

several key observations were made which could help to improve classification accuracy. 

Based on the observations, the following suggestions are made:   

• Create a binary classification model for each element of interest. Thereby, the model 

could be tuned specifically for the chosen element. 

• Create ground truth data based on image segmentation results. Thereby, segmenta-

tion is optimised first which leads to more relevant image-objects. 

• In addition to nation- or canton-wide aerial imagery, perform UAV applications to ob-

tain very high-resolution and up-to-date input data. 

• In order to improve overall methodical reproducibility, replace analysis performed with 

commercial software solutions with open-source tools. 
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6 Conclusion  
 

This study evaluated the potential of high-resolution remote sensing data for the automatic 

recognition of small-scale landscape elements. Thereby, two research questions were set. 

Research question one reads as follows:  

• RQ1: To what extent is high-resolution remote sensing data suitable for the automatic 

recognition of different small-scale landscape elements? 

In order to answer this question, ten small-scale landscape elements were selected. This in-

cluded: branch piles, small water bodies, rock/stone/debris/boulders, clearance cairns, dry-

stone walls, open ground, hedgerows, low woody vegetation (1 – 3 m in height), high woody 

vegetation (> 3 m) and dead trees. Selected small-scale landscape elements were subse-

quently mapped across nine study areas. Mapped ground truth then served as input data for 

an automated classification approach based object-based image analysis and machine learn-

ing methods. Results showed that small and rare classes such as branch piles, small water 

bodies, clearance cairns or dry-stone walls could barely be predicted (0 – 74% producer and 

<6% user accuracies) while larger and more frequent classes (rock/stone/debris/boulders, 

open ground, low & high woody vegetation and dead trees) were predicted with producer ac-

curacies between 43% and 88% and user accuracies between 1% and 80%. In particular, high 

woody vegetation was the only class that achieved good results (88% producer accuracy and 

80% user accuracy). However, in general it can be concluded that small-scale landscape ele-

ments could not be recognised automatically in a sufficient manner. Nevertheless, currently 

available high-resolution remote sensing data for Switzerland is argued to be sufficient for the 

recognition of small-scale landscape elements. In a preceding visual analysis of high-resolu-

tion aerial imagery (spatial resolution 5 – 25 cm) and LiDAR point cloud data (17.5 – 30.8 

points/m2), most small-scale landscape elements analysed in this study could be detected by 

eye. Thereby, the important criterium is the availability of H-resolution data. This means that 

the objects of interest have to be significantly larger (typically 3–5 times) than the pixels they 

are composed of. This is the case for all analysed small-scale landscape elements. Further-

more, LiDAR point cloud is arguably a promising data source for detection of objects covered 

by vegetation.   

Additionally, impacts of the chosen methods on classification accuracy were also analysed. 

Therefore the second research question reads as follows: 

• RQ2: How do object-based image analysis and machine learning methods influence 

classification accuracy of different small-scale landscape elements?  

Originally, the idea was to compare multiple segmentation and classification algorithms. How-

ever, due to the scope of this thesis, only one approach was ultimately tested. This included 

multi-resolution segmentation and a classification based on the Random Forest machine learn-

ing algorithm. Thereby, the segmentation algorithm performed well but improvement are pos-

sible in regard to region-growing and merging. As mentioned above, results from the Random 

Forest classification were insufficient. Main limitations were arguably very unbalanced training 

datasets that showed low sample quality for certain classes. 

Nevertheless, several key observations were made during this study which could serve as 

basis for future studies. In particular, refinements in segmentation and Random Forest param-

eters should be evaluated. Also, the use of drone imagery could lead to promising results.   
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8 Appendix 
 

Appendix 1: Examples of Manual Adjustments for Study Area Definition 

Following examples illustrate how areas obviously not used for farming where manually re-

moved from the study area. 
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Appendix 2: Complete RFE feature ranking  

 

(Non-vegetation model)  
 

Rank Feature  

1 Mean_vecInd  40 StdDev_ndwi1 

2 Density  41 StdDev_green1 

3 Mean_ndvi2  42 StdDev_vecInd 

4 Curv_Length  43 Mean_NoR 

5 StdDev_blue2  44 Mean_ndvi3 

6 Width  45 Mean_red3 

7 Length_main  46 Mean_ndsi3 

8 StdDev_ndsi2  47 Mean_green3 

9 Compactness  48 StdDev_ndwi3 

10 GLCM_Corr  49 Mean_nir3 

11 Mean_nir2  50 StdDev_blue3 

12 Mean_ndvi1  51 StdDev_ndvi3 

13 StdDev_green2  52 StdDev_ndsi3 

14 Mean_red2  53 StdDev_green3 

15 Mean_ndwi1  54 StdDev_red3 

16 Area  55 Mean_ndwi3 

17 Mean_blue2  56 StdDev_nir3 

18 Mean_green2  

19 StdDev_ndvi2  

20 Mean_blue1  

21 StdDev_red2  

22 Mean_ndsi2  

23 Mean_red1  

24 GLCM_StdDev  

25 Mean_green1  

26 StdDev_blue1  

27 Mean_ndsi1  

28 StdDev_Z  

29 Max_Z  

30 StdDev_nir1  

31 StdDev_nir2  

32 StdDev_ndsi1  

33 StdDev_intInd  

34 Mean_intInd  

35 Mean_Z  

36 StdDev_ndvi1  

37 StdDev_red1  

38 Mean_nir1  

39 Mean_blue3  
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 (Vegetation model) 

 

Rank Feature  

1 Mean_vhm  42 StdDev_blue3 

2 Max_Z  43 Mean_nir3 

3 Mean_Z  44 Mean_ndvi3 

4 StdDev_Z  45 StdDev_ndvi3 

5 Mean_NoR  46 StdDev_ndsi3 

6 Mean_nir2  47 StdDev_nir3 

7 Mean_ndsi2  48 StdDev_ndsi1 

8 StdDev_vhm  49 Mean_blue3 

9 Mean_ndvi2  50 StdDev_red3 

10 Density  51 Mean_red3 

11 Mean_blue2  52 Mean_ndwi3 

12 Width  53 StdDev_green3 

13 Mean_red2  54 Mean_green3 

14 Mean_nir1  

15 GLCM_StdDev  

16 Mean_green2  

17 StdDev_nir2  

18 Curv_Length  

19 StdDev_blue2  

20 StdDev_ndvi2  

21 Mean_ndvi1  

22 StdDev_red2  

23 Mean_blue1  

24 Compactness  

25 StdDev_ndsi2  

26 StdDev_blue1  

27 StdDev_green2  

28 Mean_red1  

29 Area  

30 StdDev_red1  

31 Length_main  

32 Mean_green1  

33 Mean_ndwi1  

34 StdDev_green1  

35 Mean_ndsi1  

36 StdDev_ndvi1  

37 StdDev_nir1  

38 StdDev_ndwi3  

39 GLCM_Corr  

40 Mean_ndsi3  

41 StdDev_ndwi1  
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