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1. INTRODUCTION 

1  

INTRODUCTION 

Forest has been a natural resource of vital importance to mankind through history, and its 

sustainable management is a core objective with numerous aspects. Forests are increasingly 

recognized as ecological systems of fundamental importance for environmental protection not 

only at the regional level but also on the global scale. 

The value of forests is largely related to their environmental and social functions. Forests 

regulate local and global climate, ameliorate weather events, and regulate the hydrological 

cycle. Among other services they provide timber, fuelwood and non-timber forest products, 

flora and fauna biodiversity and genetic information and insurance, watershed protection, 

carbon storage and sequestration, as well as grounds for recreation and research (SCBD, 2001). 

Mediterranean forest is found in five widely separated regions, characterized by Mediterranean-

type climates. Although they represent a small fraction of the world’s forest cover, they are 

very important because they are hotspots for plant and animal diversity (Myers et al., 2000), but 

also because these regions are hotspot of human population growth (Corona and Mariano, 

1992; Cowling et al., 1996). 

The Mediterranean rim, in particular, has been colonized by men for possibly more than 10,000 

years (Di Castri, 1981), and this coevolution of man and forest formed and kept a dynamic 

equilibrium at least until the Second World War (Caravello and Giacomin, 1993). Over the last 

half century, plains are being increasingly utilized, hilly and mountain areas are being abandoned 

and naturally reforested, and agricultural land and human settlements are quickly increasing 

along the coastline (MacDonald et al., 2000), forcing uneven pressures on Mediterranean 

forests. 

Also, the Mediterranean area is especially sensitive to any climate change because it represents 

a transition zone between the arid and humid regions of the world (Scarascia-Mugnozza et al., 
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2000). The effects of climate change are mainly anticipated though an increase in fire frequency 

and other processes driven by drought stress (Fyllas et al., 2008). 

The aforementioned rapid and abrupt human induced stresses, compound with the presumed 

climatic change, which is expected to drastically modify growing conditions for trees, is very 

likely to diminish forested areas within the Mediterranean basin and to replace them by fire 

prone shrub communities (de Rios et al., 2007). 

As it is apparent, Mediterranean forests need to be understood, described, monitored and 

preserved. In all these cases, spatial information, regarding geographic location, spatial extent, 

structure and biodiversity among others, is essential and traditionally collected with all means 

available. 

In particular, forest species mapping is an objective and a prerequisite in various applications 

that span in the fields of ecology, biology, forestry and agriculture, such as resource inventories, 

biodiversity assessment, fire hazard assessment, conservation planning, pest and environmental 

stress management, monitoring changes, and assessing per-species carbon sequestration. 

Adding to that, forest species information is also essential for the national reporting obligations 

towards national and international policies, such as the UN Framework Convention on Climate 

Change (UNFCCC) and its Kyoto Protocol, the UN Convention on Biological Diversity (UNCBD), 

the UN Collaborative Programme on Reducing Emissions from Deforestation and Forest 

Degradation in Developing Countries (UN-REDD), the Ministerial Conference on the Protection of 

Forests in Europe (MCPFE), and the Streamlining European 2010 Biodiversity Indicators 

(SEBI2010). 

Remote Sensing that provides systematic, repetitive and consistent observations has long 

proven to be valuable in forest management, as it allows for reduction in the costs of forest 

inventories and improvement in the accuracy of the fieldwork results (Muinonen and Tokola 

1990; Tomppo, 1993; MacDonald et al., 2000; Wulder et al., 2003; Remmel et al., 2005; 

McRoberts and Tomppo, 2007; Tomppo et al., 2008). Turner et al. (2001), also commented that, 

although at the landscape scale remote sensing is a handy tool, at regional and global scales is 

almost a necessity. 
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Remote sensing data are valuable in forest studies and management and have been used for 

various types of forest maps and forest inventories, in scales form local to global (Hyyppä et al., 

2000; Myeni et al., 2001; Dong et al., 2003; Frankenberg et al., 2005; Gibbs et al., 2007). 

However, use of multispectral imagery, which has been available for more than 30 years, has 

necessarily focused on landcover and broad vegetation types (Loveland, 2000) rather than 

discrimination of vegetation at a species level. Plant species composition, unlike other 

vegetation attributes, is difficult to detect with traditional remote sensing techniques 

(Schmidtlein and Sassin, 2004) and it is conventionally collected with typically expensive and 

time-consuming field based investigations, which can only provide information from sparse 

points of collection. 

Advances in hyperspectral technology, which is capable of resolving the spectrum in continuous 

narrow bands and allow detection of subtle spectral changes of various targets, overcome such 

limitations and provide means for in depth analysis of forest species (Nagendra and  Rocchini, 

2008; Heumann, 2011a). Further, the availability of hyperspectral data has led to the 

investigation and development of innovative techniques for their exploitation (Nagendra and  

Rocchini, 2008; Heumann, 2011a).   

Airborne hyperspectral sensors such as AVIRIS, CASI, HyMap and PROBE-1 have been used with 

success in species level vegetation mapping (Martin et al. 1998; Schmidt and Skidmore, 2001; 

Aspinal, 2002; Parker Williams and Hunt, 2002; Buddenbaum et al., 2005; Chom et al., 2010; 

Dalponte et al., 2012). While they present many advantages, like fine spatial resolution and 

minimum atmospheric influence, their high cost limits their operational use in regional scales. 

On the other hand, spaceborne hyperspectral sensors, such as Hyperion onboard NASA’s EO1, 

though they provide moderate spatial resolution and introduce error related to the long 

pathway of radiation between target feature and sensor, they have appealing advantages, such 

as the broad scale, low cost and repeatable collection, which make them applicable to real world 

problems. 

Since hyperspectral imagery in general and Hyperion imagery specifically has given promising 

results in species discrimination studies (Townsend and Foster, 2003; Ramsey III et al., 2005; 

Pengra et al., 2007; Tsai et al., 2007; Vyas et al., 2011), it is very challenging to assess its 

applicability in Greek forest.  
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Two typical Mediterranean type forest areas, Thassos Island covered with pines and Taxiarchis 

covered with both pines and deciduous species, have been chosen to study the use of EO1 

Hyperion imagery in species level mapping. The challenge is to provide a methodology for cost 

effective, repetitive, regional mapping of forest species, which could be implemented in 

standard remote sensing systems.  

To exploit the opportunities mentioned above and address the aforementioned needs, this study 

aims to investigate the potential of employing satellite hyperspectral imagery in Mediterranean 

forest species mapping, in two typical Greek forests. The specific objectives are: 

I. To investigate the performance of Spectral Angle Mapper (SAM), a traditional remote 

sensing classification technique used with hyperspectral data, in Mediterranean forest 

species mapping and, assess the accuracy of the produced maps with field survey data. 

II. To investigate the performance of Support Vector Machines (SVM), an advanced 

supervised learning technique, in Mediterranean forest species mapping and, assess the 

accuracy of the produced maps with field survey data. 

III. To investigate the potential of a geographic object based image approach (GEOBIA), 

which considers geographic object as a unit of analysis, in Mediterranean forest species 

mapping and, assess the accuracy of the produced maps with field survey data. 
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2  

LITERATURE REVIEW 

Chapter 1 discussed the importance of forest mapping and the need for further exploring the 

value that can be added in species level mapping with the exploitation of hyperspectral data. 

This chapter: 

• illustrates the importance of the Mediterranean forests and describes the forests in Greece 

as well as  the forest species found in the study areas  (section 2.1), 

• discusses the use and value of remote sensing in forest mapping as well as in forest species 

mapping in particular (section 2.2), and  

• reviews the image analysis techniques used with hyperspectral data and their application, 

particularly considering the   ones used in this study (section 2.3). 

2.1 MEDITERRANEAN FORESTS 

2.1.1 Description of Mediterranean forest 

About a century ago, Schimper (1903) while studying plant adaptation recognized the biological 

similarities between five widely separated regions characterized by Mediterranean-type 

climates. These regions comprise the Mediterranean basin itself, a major portion of California, 

Central Chile, and parts of the Southwestern and Southern Australia as shown in Figure 2.1.  

The main characteristic of the Mediterranean climate, as suggested by Köppen (1931), is bi-

seasonality in temperature and precipitation - cool winters with low solar irradiance and hot dry 

summers with high solar irradiance. In his climatic classification system, Mediterranean climates 

are restricted to areas where the mean temperature of the coldest month is between 0 and 

18oC, and the mean temperature of the warmest month exceeds 10oC. 
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Figure 2.1 The five Mediterranean-climate regions of the world, based on the climatic zones of 

Kööööppen (1931). 

 

Leisz (1982) described the Mediterranean ecosystem as the one influenced by Mediterranean 

climate. Mediterranean ecosystems have a very restricted distribution but occur in five widely 

separated parts of the world, all centered between 30o and 40o north or south of the equator 

and all influenced by similar oceanic and atmospheric circulation systems (Archibold, 1995; 

Hobbs et al., 1995). 

The natural vegetation of the Mediterranean region is closely related to the typical features of 

the Mediterranean climate and geomorphology that cause climatic conditions to vary 

considerably even over short distances, and it is decisively controlled by anthropogenic induced 

stresses such as fire, grazing and logging. 

 The Mediterranean area, ranked first out of the five Mediterranean regions of the world in 

terms of the plant species diversity, hosts approximately 25,000 vascular plants (Cowling et al., 

1996) whereas in central and northern Europe, a region four times greater, only 6000 flowering 

plants and ferns can be found. Forest trees represent an important component of the 

Mediterranean flora. The number of tree species is quite large compared to the trees living in 

central Europe (100 vs. 30, respectively; Scarascia-Mugnozza et al., 2000). Mediterranean forests 

are characterized by a high proportion of broadleaf (60%) relative to coniferous forests, varying 

from 76% in Italy to 49% in Portugal (Dafis, 1997).  

Central Chile 

California 

Cape Province 

Mediterranean rim 

SW Australia 
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The value of Mediterranean forests is largely related to their environmental and social functions 

(Figure 2.2). Forests play a major role in protecting soil, stabilizing slopes and reducing water 

runoff in the mountainous and hilly watersheds, preventing erosion, landslides and floods. 

Further, wood has traditionally been a basic source of energy in many Mediterranean countries, 

therefore large areas of broadleaf forests are managed as coppices in order to fulfil the local 

fuelwood needs. Biodiversity of Mediterranean forests is also of particular interest, not only 

because they are hotspots of plant diversity with high inter- and intra-species genetic variability, 

but also because the broader area is hotspot of human population growth (Cowling et al., 1996; 

Corona and Mariano, 1992). 

 
 

 

Figure 2.2 Mediterranean Forest Research Agenda (MFRA) 2010-2020, data from Merlo and Croitoru, 
2005. 

 

In the Mediterranean basin has a long history of human presence and activity for over perhaps a 

period of >10,000 years (Di Castri, 1981). According to Myers et al. (2000), the Mediterranean 

basin is one of the four most significantly altered hotspots on Earth. Human has been stressing 

forest structures and functions with practices like agriculture and animal husbandry (Naveh and 

Dan, 1973; Le Houerou, 1981; Naveh, 1998) together with deforestation practices and fire 

management. The different forms of over-exploitation caused the virtual disappearance of most 

climax forest types from the Mediterranean region (Quezel, 1977). The remaining so-called 

natural forests are altered woods, more or less intensively managed by man, that often 

correspond to different stages of regressive succession of the original forest (Scarascia-

Recreation 16% 

watershed 11% 

non-wood forest products 9% 

wood forest products 35% 

grazing 10% 

carbon sequestration 13% 

non-use 13% 

hunting 1% 
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Mugnozza et al., 2000).  The extent of the forest cover is reduced, resulting in progressively open 

and degraded woods and, in several cases, bare land with eroded slopes, especially in mountain 

areas (Thirgood, 1981).  

However, the integration of natural ecosystems and traditional human activities, what Romans 

called ager-saltus-silva, is one of the reasons for the high environmental diversity that 

characterizes the region (Cowling et al. 1996; Preiss et al., 1997; Blondel and Aronson, 1999; 

Heywood 1999). 

The anthropogenic modification of the Mediterranean environment, along with the variable 

geomorphological conditions, results in finely grained combinations of different types of 

vegetation, varying from intensively cultivated fields to almost natural forest tree and shrubs 

communities, generally referred to with the term of landscape (Naveh and Lieberman, 1993). 

Mediterranean landscapes are characterized by high spatiotemporal heterogeneity of 

vegetation patterns that cannot be regarded as a simple mixing of life-forms over large areas 

but, rather, the formation of transitional zones of varying mixtures resulting from disturbance 

and recovery cycles (Shoshany, 2000). This heterogeneity has both horizontal and vertical 

directions, as well as a temporal dimension (Di Castri, 1981), due to the micro biotopes, irregular 

terrain and seasonal changes respectively. 

Typical trends in the Mediterranean region over the last half century is that natural forest 

vegetation in coastal zones, riparian belts and suburban spaces is increasingly jeopardised by 

land development for agriculture, tourism, industry, transportation infrastructures or may be 

subjected to an irreversible degradation, while mountain areas are being abandoned and 

naturally reforested (MacDonald et al., 2000). Forest and shrub vegetation is expanding in 

marginal and remote areas. 

In addition, during the last century, extensive reforestations have been conducted by national 

forest services all over the Mediterranean region; with soil protection and runoff control as 

primary objectives, while production of timber is usually considered supplementary. 

The aforementioned forest fragmentation and degradation has also produced a variety of low 

density, woody vegetation as the maquis and phrygana, which are regarded as typical 

vegetation of the Mediterranean ecosystems. 
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Although Mediterranean forests have historically evolved under the aforementioned influences, 

the modern anthropogenic pressures, expressed by land use and landcover changes along with 

the presumed climatic change, happen in such a hasty and ‘anarchic’ manner that threatens the 

what appears to be fragile equilibrium. The Mediterranean area is a transition zone between 

arid and humid regions of the world and as such is especially sensitive to any climate change. 

The objectives of maintaining biological diversity and providing for renewable natural resources 

in a changing climate represent an enormous challenge to scientists and land managers. 

Forests are increasingly recognized as ecological systems of fundamental importance for 

environmental protection, not only at the regional level but also on the global scale. They seem 

to play a key role in global bio-geochemical cycles as the carbon and water cycles, regulating 

regional and global climates and because of this have become a chief research focus. 

Although Mediterranean forest and shrub ecosystems represent a small fraction of the world’s 

forest cover, their characteristics make them  interesting model systems for the study of effects 

of global change on terrestrial ecosystems (Scarascia-Mugnozza et al., 2000). 

2.1.2 Greek forest and forest species 

The Greek forest vegetation has been described by Dafis (1976) and classified in five vegetation 

zones, based on the phytosociology system units of Braun-Blanquet (1952) (class, ordne, 

alliance, association, subassociation) and the South East European vegetation classification 

system proposed by Hovart et al. (1974) (table 2.1). 

Greece has approximately 6,000 plant taxa, a very high degree of endemism (-20%) but 

unfortunately a high number of plant taxa considered as threatened (900; 600 of them 

endemics) (Georghiou and Delipetrou, 2000; Kokkoris and Arianoutsou, 2001). Mediterranean-

type ecosystems constitute 40% of the terrestrial ecosystems of Greece (Arianoutsou, 2001). 

The main forest types existing in Greece are: 

- thermophilous conifers forests of altitudes up to 1000m,  

- deciduous forests, dominated by Quercus ssp, Acer ssp, Tilia ssp and Fagus sylvatica 

- and boreal conifer forests, dominated by Abies cephalonica, Pinus nigra and Fagus 

sylvatica 
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Table 2.1 Greek vegetation zones 

 

Pines are substantial components of the vegetation surrounding the Mediterranean Basin 

(Barbero et al., 1998). Traits characteristic of these species, such as high light demands, strong 

drought tolerances, and relatively fast growth-rates (Hanley and Fenner, 1997; Richardson and 

Rundel, 1998), enable them to thrive in harsh Mediterranean conditions. The high genetic 

variability and/or phenotypic plasticity exhibited by Mediterranean pines explains their high 

colonising ability and the central role they play in vegetation dynamics in the Mediterranean 

region (Barbero et al., 1998). 

Pine species that grow in Europe are P. brutia, P. cembra, P.  halepensis,  P.  heldreichii,  P.  

mugo,  P.  uncinata,  P.  nigra,  P.  peuce,  P. pinaster, P. pinea and P. sylvestris. Only four of them 

(P. cembra, P. mugo, P. uncinata, P. pinaster) are not found in Greece (Gaussen et al., 1993). It is 

interesting to note that Greece is the only European country in which there is natural 

distribution of P. halepensis and P. brutia. Besides the natural pine stands, pine species are 

massively used in reforestation plantations. In the two study areas of this study Pinus brutia and 

Pinus nigra are dominant species. 

Zone Sub-zone Growth space Thassos Taxiarchis 

Quercetalia ilicis 

Oleo-Ceratonion 
Oleo-Ceratonietum 

  Oleo-Lentiscetum x 
 

Quercion ilicis 

Adrachno-Quercetum 
ilicis 

  Orno-Quercetum ilicis x x 

Quercetalia 
pubescentis 

Ostryo-Carpinion 

Cocciferetum 

 
x 

Coccifero-Carpinetum x x 

Carpinetum orientalis 

  

Quercion frainetto 

Quercetium frainetto 

 
x 

Tilio-Castanetum 

 
x 

Quercetum montanum 

 
x 

Fagetalia 

Abietion cephalonicae Abietum cephalonicae 

  

Fagion moesiacae 

Abietum borisii regis x 
 Abieti-Fagetum 

  Fagetum moesiacae 

 
X 

Vaccinio-Picetalia 
Vaccinio-Piceion 

Pinetum silvestris   

Picetum abies   

Pinion heldreichii    

Astragalo- 
Acantholimonetalia 

Astragalo-Daphnion    

Junipero-Daphnion    
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(a) 

 
(b) 

 
Figure 2.3 Stands and branches of P. brutia (a) and P. nigra (b). 

 

More specifically, Pinus brutia Ten. (Figure 2.3.a) is a tree of great ecological and economic 

importance for the Eastern Mediterranean region (Panetsos, 1981; Nahal, 1983) and a significant 

forest tree species of the north-eastern coast and several Aegean Sea islands of Greece. 

 It is 15- 20m high, very rarely grows up to 30m and has sessile cones and strong, dark green 

needles 10–18 cm long. It is wind-pollinated, allogamous and monoecious. It is an extremely 

prolific seed disperser and can colonize open and disturbed areas easily, withstanding prolonged 

drought and the absence of summer rainfall. Because  it is adapted  to  forest  fires,  it usually  

regenerates  well after  fire,  using  the  seed  bank released from serotinous cones (Boydak, 

2004). Pinus brutia forests can grow on all bioclimates of the Mediterranean region and although 

they can grow on all substrates they particularly favor dry sands and light calcareous soils. They 

can be found at altitudes between sea level and 600m in the northern Mediterranean, and 

between sea level and 1400m in the southern Mediterranean. 

Pinus nigra ssp. pallasiana Arn. (Figure 2.3.b) is widely abundant in mountainous 

Mediterranean areas, ranging from the western part of Greece to the Taurus Mountain in 

Turkey, and it is usually found at the earlier stages of succession. It can grow in thermo-
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Mediterranean to oro-Mediterranean conditions, and it presents an increased ecological 

plasticity that enables it to compete with evergreen Mediterranean species (Quezel, 1977). Pinus 

nigra is adapted to many soil types and topographic habitats and appears to do well on the 

poorer limestone soils. It is monoecious, with staminate and ovulate strobili borne separately on 

the same tree. Minimum seed bearing age is 15 to 40 years. It is 15- 25m high with initially 

spherical crown that eventually gets conical and it has grey and black bark with splits along the 

trunk (Athanasiadis, 1986). It is the pine that bears whit shade more than any other pine found 

in Greece and it is known to experience difficulties in successfully regenerating after large 

wildfires (Trabaud and Campant, 1991). In terms of production, it is used as a construction 

material as well as for resin collection.  

  

 
(a) 

 
(b) 

Figure 2.4 Stands and branches of Q. frainetto (a) and F. sylvatica (b). 

 

Oak forests account for 23% of the total forest area in Greece and are adapted to the extremely 

dry summers that characterize this Mediterranean region (Radoglou, 1996). About 75% of the 

oak forests are degraded, low productivity coppice forests (Dafis, 1982) commonly grazed by 

sheep or cattle. In fact, the proportion of pasture woods in the thermophilous deciduous forest 

is much higher than in beech, fir and pine forests (Bergmeier and Dimopoulos, 2008). Oaks 

found in Greece include Q. frainetto, Q. dalechampii, Q. penducolata, Q. pendiculiflora, Q. 
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macrolepis, Q. euboica, Q, infectoria, Q. coccifera, Q. petraea, Q. cerris, Q. pubescens, Q. ilex and 

Q. trojana (Athanasiadis, 1986). Besides the evergreen Q. coccifera that is a core component in 

maquis, the most frequently dominating deciduous oak species of mainland Greece is Quercus 

frainetto Ten., formerly known as Quercus conferta Kit. (Valentini et al., 1992; Athanasiadis 

1986; Bergmeier and Dimopoulos, 2008) (Figure 2.4.a). It creates 80% of the deciduous oak 

forests of the country and it occurs in the entire semi-mountainous area of mainland Greece 

(Dafis and Kakouros, 2006). It also dominates a large part of the Taxiarchis study area. Q. 

frainetto is a deciduous species that shows lower tolerance to drought and high temperatures 

than other oak species, and has a high demand for soil water. It grows to a height of 35m and 

trunk diameter may exceed 1m. 

Another very important species in Greek forests is Fagus sylvatica L., (Figure 2.4.b) which forms 

natural stands in higher altitudes. According to Pignatti the mountains, from the ecological point 

of view not always can be considered as belonging to the true Mediterranean type ecosystem, 

however in the versatile Mediterranean terrain, mountains and lowlands mix in a continuous 

way. F. sylvatica is an important tree for forestry in Europe and one of the most represented 

tree genera of the continent. Its taxonomic history in western Eurasia is complicated and 

controversial (Papageorgeiou et al., 2008). According to the latest and most accepted taxonomic 

classification, one beech species exists in western Eurasia (Fagus sylvatica) with two subspecies: 

F. sylvatica ssp. sylvatica and F. sylvatica ssp. orientalis (Denk 2003). Greece contains the trailing 

edge of the Fagus ssp. range, and is within the contact zone between the two subspecies (F. 

sylvatica and F. orientalis). The occurrence of F. sylvatica forest in Greece is described as patchy 

(Horvat et al., 1974; Bergmeier, 1990). F. sylvatica is a large tree with slow growth rate, typically 

25–35m tall and up to 1.5m trunk diameter. Its appearance varies according to its habitat but it 

tends to have a long, slender light-gray trunk with a narrow crown and erect branches. The 

leaves are alternate, simple, and entire or with a slightly crenate margin. Leaves are often not 

abscised in the autumn and instead remain on the tree until the spring. 

Figure 2.5 shows the distributions of P. brutia, P. nigra and F. sylvatica according to EUFORGEN. 

Besides forests, other typical Mediterranean vegetation includes maquis and phrygana. Maquis 

(synonyms: macchia - Italy, chaparral - California, fynbos - S. Africa, matorral – Chile, kwongan-

heath-mallee - Australia) represent  a  tall evergreen broadleaved  shrub community (2-5  m and  

up  to  9 m)  that  presumably  represents  a  phase in succession  to  secondary  deciduous  

woodland. The most typical dominant species are evergreen oaks, such as Quercus ilex, Q.  
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rotundifolia and Q. coccifera. Maquis vegetation is very important, as it protects soils from 

erosion and provides habitat to many animal species. Phrygana (synonyms: garrigue – French, 

tomillares - Spain, batha - Israel, coastal sage - California, renosterbos - S. Africa) are open 

vegetation communities dominated by cushion-shaped shrubs up to 0.50 m in height usually 

separated from each other by open, eroded stony patches. Although, in most cases they are 

stages of manmade degradation of the original Mediterranean forest (Raus 1979) they can also 

represent natural ecosystems of dry and shallow primary sites well adapted to the severe 

drought. 

Almost one fourth of Greece’s area is covered by forests, primarily natural and of high ecological 

value. Another 24% is covered by woodlands or forested lands, which often result from the 

degradation of forests adjacent to urban or tourist areas. Despite their great value, Greek forests 

face many dangers and threats. Wildfires and encroachment as a result of urban expansion and 

uncontrolled human activity are definitely the most important threats. Greek forests are 

gradually replaced by urban, suburban and tourist areas. The absence of a coherent and efficient 

national forest policy, lack of forestry management and the degeneration of the Forest Service 

are factors that stress these problems and withhold sustainable development.  

A key factor of forest studies that needs to be addressed is the absence of required information, 

both spatial or other. Currently the main national forest map products date back to 1960, are 

kept dispersed in several forest service authorities, are in paper form, are produced with 

inconsistent methodology, are not easily accessible, and may date back to 1960. Table 2.2 

summarizes the national spatial forest-related information, available for Greek forests. Greece is 

also covered by several European mapping forest products, as shown in table 2.3. 
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(a) 

 
(b) 

 
(c) 

Figure 2.5 Distribution of P. brutia (a), P. nigra (b) and F. sylvatica (c) (source: EUFORGEN – European 
Forest Genetic Resources Programme). 
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Table 2.2 National spatial forest-related data. 

product owner 
production 

method 
scale format information date access 

LPIS OPEKEPE 
aerial or satellite 

orthoimagery 
1:5,000 vector 

Land use (all forest 
areas are grouped) 

2009  

Management 
plans 

52 forest 
services 

variable – field 
visits or digitizing 

on available 
imagery  

1:20,000 

(rarely 1:5,000) 

variable – 
paper of 
vector 

forest species variable 
under 
restri-
ctions 

Forest and 
woodland 
delineation 

Ktimatologio 
S.A. 

visits or digitizing 
on aerial imagery 

50m apoklisi vector 
3 classes: forest, 
woodland, other 

1945 and 
1996 

no 

WWF WWF 

object based 
classification of 

Landsat 5TM 
imagery 

1:60,000 vector 
9 land use/cover (2 

forest classes) 

1987/ 

2007 

upon 
request 

Forest map of 
Greece 

Foremen 
Ministry of 
Agriculture  

Composition of  
maps of 1976 
(unknown pr. 

method) 

1:500,000 paper 16 forest pieces  1976 open 

Vegetation 
map of Greece 

Foremen 
Ministry of 
Agriculture 

unknown 1:1,000,000 paper 
10 vegetation 

formations 
1978 open 

Prefecture 
forest map 

Foremen 
Ministry of 
Agriculture 

Digitizing on aerial 
photography 

1:200,000 paper 
8 forest species and 

other landcover 
1960 open 

Phytosociolo-
cigal map of 
Greece 

 unknown 1:1,000,000 paper 
9 vegetation 

subzones 
1973 open 

Forest 
inventory 
maps 

Foremen 
Ministry of 
Agriculture 

digitizing on aerial 
orthoimagery 

imagery 
1:20,000 vector  

1960-
1983 

no 
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Table 2.3 International spatial forest-related data available for Greece 

product owner 
production 

method 
scale format information date access 

Forest map of 
Europe 

EFI 

earth 
observation 
data / forest 

inventory 
statistics 

1x1km raster 
% of forest 

cover 
2006 open 

Maps for 
Forest Tree 
Species in 
Europe 

JRC-IES-CCU - 
EC 

transnational 
survey and 

compositional 
kriging 

1x1km raster 
distribution of 
20 tree species 

2001 open 

Forest cover 
map 
2000/2006 

JRC 
earth 

observation 
data 

25x25m raster forest cover 2006 open 

CLC2000 EEA 

digitizing on 
earth 

observation 
data 

1:100,000 
raster/ 
vector 

44 landcover 
classes 

2006 open 

 

2.2 REMOTE SENSING OF FORESTS 

2.2.1 Forest mapping 

There are numerous aspects of forest mapping, as forest is a part of a broad range of functions. 

It is a biodiverse ecosystem with numerous values, components, inhabitants, and interactions 

that need to be understood, described, monitored and preserved. Among other, it is an asset 

with great economic value that needs to be sustainable managed in terms of production. In all 

these cases, spatial data are essential and traditionally collected with all available means. 

Over the past few decades, remote sensing has been a valuable source of information for forest 

resource monitoring and management, as it provides means for solving various types of 

problems. It is an effective and economical method for gathering spatially distributed data over 

a broad range of scales. Remotely sensed imagery is frequently used to map forest parameters 

for use in a variety of resource assessment, land management, and modeling applications. The 

use of remote sensing has increased significantly, because it introduces methodologies for 

providing cost effective forest inventory data, such as geographic location, spatial extent, forest 

structure, and health condition among other (Figure 2.6). 
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Figure 2.6 Common fields of forest studies.  

 

Forest classifications have traditionally used multispectral data (Franklin, 1994). Loveland, 2000 

reported that mapping from coarse spectral resolution images has focused on landcover and 

broad vegetation types. Numerous studies have been carried out to generate landcover maps of 

various forest ecosystems with the help of multispectral data (Tucker et al., 1985; Rogan et al., 

2002; Pal and Mather, 2003; Sedano et al., 2005; Knorn et al., 2009). Further, multispectral 

imagery has been used in studies including forest growth (Helmer et al., 2000; Nelson et al., 

2000), forest stress (Hanger and Rigina, 1998; Govender et al., 2009), fuel mapping (Riano et al., 

2002), above ground biomass (AGB) estimation (Scholes et al., 1996; Maselli and Chiesi, 2006), 

forest successional stages (Vieira et al., 2003; Falkowski et al., 2009), forest degradation and 

deforestation (Duveiller et al., 2008; Asner et al., 2009), 

Nevertheless, optical remote sensing has expanded from the use of panchromatic and 

multispectral sensors to off-nadir looking instruments and imaging spectrometers (Asner, 1998). 

Imagery has advanced in both spectral and spatial resolution. As sensors and associated 

technologies evolve, new types of remote sensing data provide further opportunities in remote 

sensing applications and intriguer research to constantly pursue novel goals. Figure 2.7 

summarizes the available types of remotely sensed data. 
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High spatial resolution multispectral imagery has been employed during the last two decades. 

There have been studies which examined the use of high spatial resolution satellite imagery to: 

map LULC (Roberts et al., 2003b; Rodriguez and Feller, 2004; Kim et al., 2009), automate 

extraction of detailed forest parameters (Mallinis et al., 2004; Hay et al., 2005; Mallinis et al., 

2008; Song et al., 2010), estimate various biophysical parameters (Roberts et al., 2003; Kovacs 

et al., 2005; Boggs, 2010; Peuhkurinen et al., 2008). 

 

Figure 2.7 Types of remotely sensed data. Stars indicate the types that Hyperion imagery belongs to. 

 

Over the past few decades, the emergence of hyperspectral sensors has certainly had significant 

impacts on our ability to map forest (Pu, 2009). However, the efficacy of hyperspectral data for 

forest research and monitoring rests in understanding the sources of variance in spectral 

signatures at different biophysical, taxonomic, community and ecosystem levels of organization 

(Asner, 2008). 

The use of hyperspectral imagery has been evaluated in numerous studies, including among 

other canopy biodiversity (Carlson et al., 2007), stress (Campbell et al., 2004; Peña and Altmann, 

2009; Hatala et al., 2010), foliar chemistry (Zarco-Tejada et al., 2004; Asner and Martin, 2008; 

Martin et al., 2008; Kokaly et al., 2009), species mapping (Ustin et al., 2002; Goodenough et al., 

2003; Lucas et al., 2008b; Kamal and Phin, 2011; Vyas et al., 2011;), AGB (Thenkabail et al., 2004; 
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Lucas et al., 2008a), landcover (Thenkabail et al., 2004; Koetz et al., 2008; Pignatti et al., 2009; 

Oldeland et al., 2010), biophysical parameters (Lee et al., 2004; Pu et al., 2005; Schlerf et al., 

2005,), wildfire management (Keramitsoglou et al., 2008). Wu and Peng (2011), reviewed 

advances in researches on hyperspectral remote sensing technology in forestry information 

extraction and the unresolved problems. 

Studies comparing multispectral and hyperspectral data have typically documented the advance 

results of the later (Blackburn, 1999; Thenkabail et al., 2000; Goodenough et al., 2003; 

Thenkabail et al., 2004; Pu et al., 2005). 

It is worth pointing out that high spatial resolution imagery, both multispectral and 

hyperspectral has been typically used in local scale studies, while satellite imagery with coarser 

spatial resolution and wider cover has been employed in regional or smaller scale studies. 

In the case of hyperspectral remote sensing, it is also noteworthy that imagery from aerial 

sensors is more widely used, because of its longer history and success in various applications. 

However, satellite imagery has also gained much attention and provided many successful 

applications. Goodenough et al., (2004) summarized the forest information products obtainable 

from satellite hyperspectral sensing and the important features of hyperspectral remote sensing 

involved in forest information extraction. At the moment, EnMAP, a new satellite hyperspectral 

sensor, is under construction and scheduled to launch in 2015 by German Aerospace Center – 

DLR. The Canadian Space Agency is also developing technologies and mission concepts for an 

operational hyperspectral mission called HERO (Bergeron et al., 2008). 

Besides passive remote sensing, that includes the above mentioned types of sensors, there have 

also been extensive studies using active remote sensing sensors. An active sensor, instead of 

capturing energy that is naturally available, provide their own energy source for illumination 

toward the target, and detect and measure the radiation that is reflected or backscattered from 

the target. Among other, Radar and LiDAR are the most commonly used in forest studies. Radars 

have been used to estimate forest structure parameters (Hyde et al., 2005; Hyde et al., 2006), 

map deforestation (Papathanassiou and Cloude, 2001; Sun et al., 2008; Neumann et al., 2010) or 

estimate biomass (Ranson et al., 1994), among other applications.  LiDAR have also been used to 

estimate forest structure parameters (Ranson et al., 1994; Hudak et al., 2002; Hill and Thomson, 

2005; Lefsky et al., 2005; Hyde et al., 2006; McRoberts and Tomppo, 2007) and biomass 

(Boudreau et al., 2008; Goetz et al., 2009). 
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All terrestrial biomes have been investigated in a lesser or greater extent. Among them, 

Mediterranean forests have been extensively studied, because of their unparalleled importance. 

Key promoters of these studies are the factors that shape the Mediterranean landscape such as 

wildfires, soil erosion and land use or cover change. 

Some of the foci of these studies include: burned area mapping (Gitas et al., 2004; Polychonaki 

and Gitas, 2010; Mallinis and Koutsias, 2012) fuel mapping (Riano et al., 2002; Roberts et al., 

2003a; Arroyo et al., 2006, Jia et al., 2006), desertification (Dragan et al., 2005; Mallinis et al., 

2009), forest regeneration (Wittenberg et al., 2007; Mitri and Gitas, 2010; Veraverbeke et al., 

2012),  land use/cover mapping (Koetz et al., 2008; Pignatti et al., 2009), and change detection 

mapping (Berberoglu and Akin, 2009; Dragozi et al., 2012).  

What is special with Mediterranean forests, as Lucas et al., 2008b stressed, is that recognition 

techniques, that may be suitable for wide forest stands (i.e., limited numbers of species, stands 

spatially organized in large homogeneous patches), have limited success in Mediterranean 

regions with more complex landscapes, where landcovers and forest types vary frequently over 

small areas. 

Shoshany, (2000) also argues that assessments of multispectral and multi-temporal images have 

shown limitations in their applicability over wide regions, due mainly to the heterogeneity of 

Mediterranean regions. 

2.2.2 Forest species mapping 

Plant  species  is  the  main  building  block  of  almost  all  ecosystems,  and sustainable 

management  of  any  ecosystem  requires  a  comprehensive understanding of species 

composition and distribution (Nagendra, 2001). Timely and accurate mapping of vegetation 

species is an objective and a prerequisite in various applications that span in the fields of 

ecology, biology, forestry and agriculture, such as resource inventories, biodiversity assessment, 

fire hazard assessment, conservation planning, pest and environmental stress management, 

monitoring changes, and assessing per-species carbon sequestration. Moreover, forest growth 

models, such as the biogeochemical process Forest-BGC model (Running and Coughlan, 1988), 

parameterize model input variables depending on tree species (Baker and Robinson, 2010). 

Adding to that, species level composition information is critical for a better understanding and 

modeling of ecosystem functioning, since many species exhibit differences in functional 

attributes or decomposition rates (Huber et al., 2008). Adding to that, forest species information 
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is also essential for the national reporting obligations towards national and international 

policies, such as (a) the UN Framework Convention on Climate Change (UNFCCC) and its Kyoto 

Protocol, as means to quantify changes in CO2, particularly in relation to land use (Rosenqvist et 

al., 2000; Goodenough et al., 2001), land use change and forestry (LULUCF) activities, (b) the UN 

Convention on Biological Diversity (UNCBD) and (c) the UN Collaborative Programme on 

Reducing Emissions from Deforestation and Forest Degradation in Developing Countries (UN-

REDD), as species information can be used in conjunction with allometric models to estimate 

AGB (Rosenqvist et al., 2003). 

Mapping forest species is usually based on field surveys and manual interpretation of large 

scale aerial photography (Gong and Yu, 2001). However, field surveys are expensive and time-

intensive while aerial photo interpretation is dependent on the experience of photo 

interpreters, which is documented that allows for large inconsistencies between different 

interpreters (Biging et al., 1991, Davis et al., 1995). In the contrary, spectral and spatial analysis 

of remotely sensed imagery, may provide detailed and accurate species level products, in a time 

and cost effective manner, as in numerous other applications 

It has been a long standing objective of remote sensing working within forest ecosystems to 

provide species level results that are the near equivalent of ground-based forest inventory 

efforts (Anderson et al., 2008). Franklin (2001), argued that no one had succeeded in duplicating 

this level of description in identifying forest tree species using digital data and methods. 

Multispectral image classification (Walsh, 1980; Vieira et al., 2003), multi-temporal analysis 

(Wolter et al., 1995; Key et al., 2001; Brown de Colstoun et al., 2003), and multi-sensor data 

fusion (Goodenough et al., 2005) have been investigated in species level mapping, reporting 

moderate success. Ke et al., 2010 used synergy of Quickbird and LiDAR in an OBIA environment 

and discriminated between 5 species with high accuracy. Coleman et al. (1990), used Landsat TM 

data to differentiate large stands of four pine species and concluded that pine species stands 

have highly similar reflectance and are not separable using Landsat TM imagery. Although fine 

spatial resolution multispectral images have proven very successful in various applications, in 

the case of forest species level mapping fine spatial resolution alone was not sufficient for 

accurate discrimination (Asner et al., 2002; Carleer and Wolff, 2004; Johansen and Phinn, 2006). 

Compared to many other vegetation attributes, plant species composition is difficult to detect 

with remote sensing techniques (Schmidtlein and Sassin, 2004). This is because of the very 



 2. LITERATURE REVIEW 

23 

 

similar spectral response of vegetation species. In particular, in the visible range of the 

electromagnetic spectrum spectral variability among species is low due to strong absorption by 

chlorophyll (Poorter et al., 1995; Cochrane, 2000), while In short-wave infrared range water 

absorption tends to obscure absorption by lignin and cellulose (Gausman, 1985; Asner, 1998). 

The reflectance of vegetation from discerned species is highly correlated due to their common 

chemical composition (Portigal et al., 1997). 

With the advent of hyperspectral imaging, there has been an expanding potential for spectral 

discrimination between species (Nagendra and  Rocchini, 2008; Heumann, 2011a).  Back in 1999, 

Yu et al. reported that advances in hyperspectral data processing and advanced recognition 

algorithms are beginning to overcome similarities in spectral properties and variability in lighting 

conditions, two of the main problems in species recognition when using aerial hyperspectral 

imagery. At the time, there was not any satellite hyperspectral sensor available. 

The range of spectroscopic sensors allows for data collection is various scales, and also offers 

the opportunity to explore the spatial-scale dependency of spectral reflectance in the remote 

identification of species (Figure 2.8). There are several studies of the value of hyperspectral data, 

at scales such as leaf, brunch, crown, canopy and landscape. 

 
(a) 

 

 
(b) 

 

Figure 2.8 Spectral signature of a vegetation pixel (a) from a 6 band multispectral Landsat TM image 
and (b) from a 141 band hyperspectral Hyperion image. 
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A number of studies have evaluated the use of in situ or laboratory data, in species 

discrimination at the leaf scale. Gong et al., (1997) used in situ measurements of sunlit crown 

areas discriminated between six conifer species with accuracies high as 79%. Pu (2009), used in 

situ measurements of 11 broadleaved species, in urban environment, and achieved overall 

accuracy of 89%. He advocated that with current remote sensing techniques, including high 

spatial and spectral resolution data, it is still difficult but possible to identify similar species with 

an acceptable accuracy.  

Other studies have investigated the relationship between leaf and canopy spectra.  van Aardt 

and Wynne (2001) concluded that accurate spectral discrimination of three pine species (Pinus 

taeda, Pinus virginiana, Pinus echinata) can be extended from field-based measurements to 

airborne hyperspectral data. This was confirmed by accuracies as high as 85% when 3.4 m AVIRIS 

data were used. Clark et al., 2005 used HYDICE to discriminate tropical rain forest tree species at 

leaf to crown scales and although they reported advanced accuracies, they also found that 

overall classification accuracy decreased from leaf scales measured in the laboratory to pixel and 

crown scales measured from the airborne sensor. On the contrary, when Cochrane (2000) used 

laboratory spectra from 11 tree species to simulate branch and crown scales he found that 

discrimination was possible at crown scales, but declined at branch and leaf scales. Lee et al., 

2007 also found that leaf-level reflectance spectra of pine needles and oak leaves did not quite 

correspond with the canopy-level spectral of the respective forest stands. 

Studies have revealed that leaf-scale reflectance spectra are controlled by leaf biochemical 

properties and leaf morphology (Woolley, 1971; Tucker and Garrett, 1977; Asner, 1998; Grant, 

1987; Roberts et al., 2004). On the other hand, research in the spectral variability of canopies 

has shown that canopy-scale spectra are mediated by factors such as gap fraction, leaf area 

index (LAI), leaf angle distribution (LAD), soil and vegetation cover, and least on foliar properties 

(Baret et al. 1995; Asner, 1998; Asner, 2008). To date, we still do not know the precise relative 

importance of leaf and canopy properties determining the hyperspectral signatures of forest 

canopies (Asner, 2008).  

Asner, (1998) showed that the capabilities of vegetation remote sensing are ecosystem 

dependent (e.g., grasslands, shrub-lands, and woodlands); that is, the structural attributes of 

ecosystems determine the relative contribution of leaf, canopy, and landscape factors driving 

variation in a reflectance signal. In agreement with that, research applications that have 

incorporated LiDAR measurements to model canopy, found that insights of canopy structural 
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parameters provide considerable flexibility and analytical potential for studies of terrestrial 

ecosystems and the species contained within them (Asner et al., 2008; Dalponte et al., 2008; 

Waslsh et al. 2008; Jones et al., 2010; Ke et al., 2010; Leuther et al., 2012). These imply that in 

the diverse, disturbed and fragmented Mediterranean forest, structural rather than species 

spectral differences may predominate in imagery, rendering mapping of this type of ecosystem 

very challenging. 

A number of studies have been conducted on species-level mapping using remotely sensed 

imagery in a variety of biomes (Martin et al., 1998; Roberts et al., 1998; Ustin and Xiao, 2001; 

Parker- Williams and Hunt, 2002; Kokaly et al., 2003; Underwood et al, 2003; Stavrakoudis et al., 

2012a), mostly driven by the needs to detect invasive species threatening native ecosystem 

biodiversity, as this is a major environmental and ecological concern (Clark et al., 2005; Ramsey 

III et al., 2005; Pengra et al., 2007; Tsai et al., 2007; Walsh et al., 2008; Miao et al., 2011). The 

difference between invasion species and inventory species mapping is that in the second case 

more than one species is the main target, thus multiplying the importance of misclassification. 

Airborne hyperspectral sensors such as AVIRIS, CASI, HyMap, PROBE-1 AND hYsPEX have been 

mostly successful in mapping vegetation at the species level (Schmidt and Skidmore, 2001; 

Parker Williams and Hunt, 2002; Kamal and Phin, 2011; Dalponte et al., 2012; Zhang and Xie, 

2013). Martin et al. (1998) used AVIRIS data and MLC to classify 11 forest cover types based on 

relative basal area and reported accuracies higher that 75%, for coniferous species, while 

deciduous species were inseperable, mainly because of the mixture pattern. Aspinal (2002) 

found that high spatial resolution hyperspectral imagery has great potential for separating the 

three closely related and visually similar Populus species. More recently, Buddenbaum et al. 

(2005) used Hymap to classify 3 conifer species with overall accuracy between 60% and 78%, 

using geostatisical measures. Chom et al. (2010) found that intra-species variability was higher in 

deciduous rather than evergreen species in a savannah environment, and suggested that a 

multitemporal approach would be essential to improve the classification results in this 

environment. van Aardt and Wynne (2001), used AVIRIS data and discriminal techniques to 

measure the separability between 3 species and found cross-validation accuracies between 65% 

and 85%. Youngentob et al., 2011 used a Hypam image to map 9 Eucalyptus species using 

multiple endmember spectral mixture analysis and continuum-removed and achieved overall 

classification accuracies between 75% and 83%. 
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While aerial imagery is mostly used to take advantage of the fine high spatial resolution, the high 

cost and limited coverage of airborne sensors is a barrier to their use for wider scale 

management and research. In the contrary, satellite platforms provide other advantages, such as 

wider view, broader scale, repeatable collection of data and lower cost, which are very appealing 

for both research and operational applications.  

However, satellite hyperspectral remote sensors will always be at a disadvantage relative to 

aerial sensors with similar spectral resolution in that they are further from the reflecting surface 

receiving less reflected energy, adding to the distortion and loss of signal as the energy passes 

through the full extent of the atmosphere (Pengra et al., 2007). Adding to that, as image pixels 

tend to be mixed rather than pure (Settle and Drake, 1993), the coarser spatial resolution of 

satellite imagery makes mixture more influencing than in aerial imagery. Foody and Hill (1996), 

further argued that topography is one of the primary sources of perceived spatial variation in an 

image of 30 x 30 m spatial resolution. The above prefigure that forest species mapping using 

satellite data focuses in smaller scale (regional to national) studies than when using aerial 

sensors.  

a b 

Figure 2.9 (a) A forest area in Thassos, with fire brakes and dirt roads as seen in (a) an aerial image 
with 4m spatial resolution and (b) Hyperion image with 30m spatial resolution. 

 

Hyperion is the first hyperspectral sensor to operate from space and has been contributing to 

vegetation studies since its early days (Datt et al., 2003; Goodenough et al., 2003; Ramsey III et 

al., 2005). Hyperion is capable of resolving 242 spectral bands (from 0.4 to 2.5 μm) and has a 

moderate spatial resolution of 30 by 30 meters (Figure 2.9). This is in agreement with spatial 
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resolution requirements for land use applications, which were determined in the 1970′s in 

preparation for the Landsat Thematic Mapper. 

Other satellite hyperspectral sensors are: 

� MODIS. MODIS imagery has 250 to 1,000m spatial resolution and 1 to 2 day temporal 

resolution, and due to these characteristics it is typically used in multitemporal studies, 

in regional or smaller scales (Beck et al., 2006; Houborg et al., 2007; Chuvieco et al., 

2008). This spatial resolution does not allow for species level mapping in such 

heterogeneous landscapes as the Mediterranean. 

� ASTER. ASTER sensor captures 14 spectral bands with spatial resolution between 15 and 

90m depending on the band. It can provide imagery for regional to national scale 

vegetation mapping and has been used for landcover studies (Sharma et al., 2004; 

Ghanbari et al., 2008), species mapping (Keramitsoglou et al., 2005; Hassan et al., 2011) 

and various studies of mangrove environments (Saito et al., 2003; Heumann, 2011a), 

however on the whole is used in a lesser extent that Hyperion imagery. 

� CHRIS/PROBA. CHRIS/PROBA with 20m spatial resolution and 19 spectral bands has been 

mostly used in mapping forest structural parameters, as it allows for a multi-angle view 

of the area under investigation (Goodenough et al., 2006; Rautiainen et al., 2008; Schlerf 

et al., 2012). 

Table 2.4 Results of published species mapping studies with Hyperion imagery. 

study 
number 

 of species 
OA classifiers environment 

Goodenough et al., 2003 5 83%-92% MLC temperate  
Galvao et al., 2005 5 87.5% MDA agricultural 
Pengra et al., 2007 1 81% SCM wetland 
Tsai et al., 2007 3 up to 86% ML tropical  
Rao, 2008 12 86% SAM agricultural 
Walsh et al., 2008 1 Not assessed SMA tropical 

Pignatti et al., 2009 3 approx. 70% 
ML, MD, SAM, 

MhD 
Mediterranean 

Vyaz et al. 2011 6 
81%, 66%, 

71% 
ANN, SAM, SVM tropical 

 

Species level studies with Hyperion imagery (table 2.4) have focused on examining spectral 

separability and identifying optimal band combination (Thenkabail et al., 2004; Ramsey III et al., 

2005; Papes et al., 2010; Somers and Asner, 2012), estimating biochemical properties (Townsend 
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et al., 2003; Smith et al., 2003b; Martin et al., 2008; Somers and Asner, 2012) or developing 

novel techniques (Stavrakoudis et al., 2012a, 2012b). 

Fewer studies have focus on actual mapping of a vegetation area. Between those, some aimed 

to map species in agricultural environments (Galvao et al., 2005; Rao, 2008), in wetlands (Pengra 

et al., 2007), in tropical rainforest (Tsai et al., 2007; Walsh et al., 2008; Vyaz et al. 2011), in 

temperate conifer forest (Goodenough et al., 2003) and Mediterranean forest (Pignatti et al., 

2009). Synergy between Hyperion and other type of data has been also examined to improve 

mapping results (Mitri and Gitas, 2010). 

Valuable conclusions of these studies suggest that Hyperion has enormous advantage over ETM+ 

multispectral imagery in species mapping (Goodenough et al., 2003), especially in the case of 

conifers (Townsend and Foster, 2003), and that using image spectra to train a classifier provides 

more accurate results that using spectra form in situ measurements (Rao, 2008). Both these 

conclusions are consistent with Cho et al., (2010) findings. 

It is interesting to note that the aforementioned studies incorporated data dimensionality 

reduction techniques in their methodologies, such as spectral indices (Galvao et al., 2005), MNF 

(Goodenough et al., 2003; Pengra et al., 2007; Walsh et al., 2008; Pignatti et al. 2009), PCA (Tsai et 

al., 2007) and  SDA (Vyaz et al. 2011). Another interesting point is that several studies addressed 

the exploitation of vegetation phenology either through multitemporal analysis (Somers and 

Asner, 2011) or by taking advantage of the senescence phase of the plant under investigation 

(Walsh et al., 2008). 

Vyaz et al., 2011 and Pignatti et al., 2009 compared between different classifiers and they found 

that classification accuracy varied according to species and technique used, but in most cases 

accuracies over 70% were achieved. Pengra et al., (2007) found some barriers in mapping an 

invasive plant, Phragmites australis, in coastal wetlands using the EO-1 Hyperion hyperspectral 

sensor mostly because of the small size and linear arrangement of Phragmites stands relative to 

the sensor resolution, which did not allow for capturing of pure pixels. Townsend and Foster 

(2003) also reported that mixed species composition remained an issue due to 30-metre 

resolution. Ramsey III et al., (2005) although they  studied the occurrence of an invasive species 

in regional scale, they did not attempt detailed species classification as they argued that the 

input data were not spectrally discriminating enough to provide consistent species level 

classification (Acer rubrum versus Quercus spp.). 
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The literature review carried out as part of this study revealed that the study of Pignatti et al., 

2009 is the only one that addresses the problem of forest species mapping of a Mediterranean 

site, using Hyperion imagery. Between other landcover classes, they classified three forest 

species, namely Fagus sylvatica, Pinus nigra and Abies alba, using techniques such as MLC, MD, 

SAM and MhDC. They found that classification accuracy varied according to species and from 

unacceptable to 100%, as well as that the best classification of each of the three species was not 

achieved by the same classifier. However, MD and SAM had the best performance. They also 

found that although a higher spatial resolution hyperspectral image (MIVIS) provided better 

accuracies, this was not the case for all combinations of species and classifiers, further 

strengthening the conclusion that mapping results depend on the species under investigation. 

2.3 HYPERSPECTRAL IMAGE ANALYSIS TECHNIQUES IN FOREST SPECIES 

MAPPING 

2.3.1 Hyperspectral data 

Spectral resolution refers to the number and width of the portions of the electromagnetic 

spectrum measured by the sensor. A sensor may be sensitive to a large portion of the 

electromagnetic spectrum but have poor spectral resolution if it captures a small number of 

wide bands. This is the case with multispectral instruments, which usually collect data in three 

to six spectral bands in a single observation, from the visible and near-infrared region of the 

electromagnetic spectrum. A sensor that is sensitive to the same portion of the electromagnetic 

spectrum but captures many small bands within that portion would have greater spectral 

resolution, and referred to as hyperspectral. Ultraspectral is beyond hyperspectral, a lofty goal 

that has not yet been reached (Ball, 1995). Currently, hyperspectral data are the most advanced 

available spectral measurements and they are extensively investigated. 

Hyperspectral systems is a relatively recent and novel technology; Jet Propulsion Lab produced 

Airborne Imaging Spectrometer 1 and 2 (AIS), operated between 1982 and 1987, and Airborne 

Visible/InfraRed Imaging Spectrometer (AVIRIS), operating since 1989. They have made it 

possible for the collection of several hundred spectral bands, typically throughout the visible, 

near infrared, mid-infrared, and thermal infrared portions of the electromagnetic spectrum, in a 

single acquisition, producing spectral data which provide a spatially and thematically rich 

description of the distribution of materials. These contiguous spectral bands allow for in-depth 
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examination of earth surface features that visually appear very similar and provide scientists the 

opportunity to investigate complex problems that were difficult if not impossible to approach 

through multispectral data.  

There are several available operating systems as shown in table 2.5. These systems may be 

portable, mounted in aerial vehicles or satellites, operating from the ground, air or space 

respectively. Different advantages and disadvantages are attached to groundborne, airborne or 

spaceborne data. 

Table 2.5 Major recent hyperspectral sensors and their related spectral properties (by Dalponte et al., 
2009). 

sensor name manufacturer platform 
maximum 
number of 

bands 

maximum 
spectral 

resolution 
spectral range 

Hyperion on EO-1 NASA Goddard Space Flight Center Satellite   220   10 nm 0.4 – 2.5 µm 

MODIS NASA Satellite   36   40 nm 0.4 – 14.3 µm 

CHRIS Proba ESA Aerial   up to 63   1.25 nm 0.415 - 1.05 µm 

AVIRIS NASA Jet Propulsion Lab Aerial   224   10 nm 0.4 - 2.5 µm 

HYDICE Naval Research Lab Aerial   210   7.6 nm 0.4 - 2.5 µm 

PROBE-1 Earth Search Sciences Inc.  Aerial   128   12 nm 0.4 - 2.45 µm 

CASI 550 ITRES Research Limited Aerial   288   1.9 nm 0.4 - 1.0 µm 

CASI 1500 ITRES Research Limited Aerial   288   2.5 nm 0.4 - 1.05 µm 

SASI 600 ITRES Research Limited Aerial   100   15 nm 0.95 - 2.45 µm 

TASI 600 ITRES Research Limited Aerial   64   250 nm 8 - 11.5 µm 

HyMap Integrated Spectronics Aerial   125   17 nm 0.4 - 2.5 µm 

ROSIS DLR Aerial   84   7.6 nm 0.43 - 0.85 µm 

EPS-H (Environmental Protection System) GER Corporation Aerial   133   0.67 nm 0.43 - 12.5 µm 

EPS-A (Environmental Protection System) GER Corporation Aerial   31   23 nm 0.43 - 12.5 µm 

DAIS 7915 (Digital Airborne Imaging 
Spectrometer) 

GER Corporation Aerial   79   15 nm 0.43 - 12.3 µm 

AISA Eagle Spectral imaging Aerial   244   2.3 nm 0.4 - 0.97 µm 

AISA Eaglet Spectral imaging Aerial   200    - 0.4 - 1.0 µm 

AISA Hawk Spectral imaging Aerial   320   8.5 nm 0.97 - 2.45 µm 

AISA Dual Spectral imaging Aerial   500   2.9 nm 0.4 - 2.45 µm 

MIVIS (Multispectral Infrared and Visible 
Imaging Spectrometer) 

Daedalus Aerial   102   20 nm 0.43 - 12.7 µm 

AVNIR OKSI Aerial   60   10 nm 0.43 - 1.03 µm 

 

Applications of hyperspectral data have been pursued in all areas of Earth science including land, 

water and atmospheric topics. 

Achievements in hyperspectral vegetation studies are numerous and on-going research is very 

promising. Use of hyperspectral data for vegetation studies has been mostly focused on forest 
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biochemistry (Asner, 1998; Zarco-Tejada et al., 2004a, 2004b; Asner and Martin, 2008; 

Blackburn and Ferwerda, 2008; Kokaly et al., 2009), leaf area and stand structure (Broge and 

Leblanc, 2001; Gong et al., 2003; Lee et al., 2004; Pu and Gong, 2004; Pu et al., 2005; Schlerf et 

al., 2005; Darvishzadeh et al., 2008) 

When species mapping is the focus, the need for exploring hyperspectral data is particularly 

important, considering the limitations of using traditionally available wavebands, where most of 

the landcover is grouped and identification of individual species is particularly difficult. 

2.3.2 Analysis chain 

Key features of hyperspectral data are their inherent high spectral dimensionality, redundancy 

and noise, which inevitably affect requirements in computational resources and analysis 

algorithms.  

The spectral redundancy, exhibited by high correlation between adjacent bands, besides 

increasing computing complexity, degrades classification accuracy when not enough training 

data are available (Landgrebe, 2003); which is usually the case. 

Conventional algorithms developed for multispectral data are usually unable to handle 

dimensionality of hyperspectral data and result in failure or unacceptable performance (Lee and 

Landgrebe, 1993). Boardman (2005), supported that algorithms and processing systems must 

grow exponentially in capability to match the information content of the present and future 

hyperspectral data. This challenge is approached by attempts either to minimize data 

dimensionality or to consider novel data analysis techniques properly adjusted to the nature of 

hyperspectral data. 

 

A typical hyperspectral analysis chain includes data preprocessing, data analysis and accuracy 

assessment (Figure 2.7). Data preprocessing usually includes data dimensionality reduction and 

atmospheric correction, which are further discussed in sections 2.3.3 and 2.3.4. Analysis 

techniques used with hyperspectral data besides classification, which is discussed in section 

 

 

Figure 2.7 Typical hyperspectral image analysis 

data preprocessing data analysis accuracy assessment 
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2.3.5, include regression models (Lee et al., 2004), partial least squares (Hansen and 

Schjoerring, 2003; Townsend et al., 2003; Williams et al., 2009), radiative transfer modeling 

(Kötz et al., 2004; Meroni et al., 2004; Darvishzadeh et al., 2008), and hyperspectral reflectance 

indices (Thenkabail et al., 2000; Broge and Leblanc, 2001; Gong et al., 2003; Zarco-Tejada et al., 

2004b; Oldeland et al., 2010). The aforementioned techniques are typically used in an attempt 

to establish quantitative linkages between biochemical and functional properties of vegetation 

and spectral properties. Classification, as means of providing thematic maps, is the workhorse of 

remote sensing when it comes to characterize the cover of the earth’s surface. Because of the 

great value that maps bring into both research and operational applications, new classification 

algorithms keep adding to the ones already in use. At the end of any classification exercise, the 

accuracy of the product needs to be estimated in order to provide an evaluation of the 

classifier’s performance and the map’s value. 

The literature review revealed that that more advance and novel algorithms are tested in case 

studies from a technical (computational) point of view, while less sophisticated methodologies 

are implemented in larger scale projects, where characterizing the landcover of the study area is 

the main aim, and available resources are a regulatory factor. The first, focus on the 

performance of the methodology in terms of algorithmic design, and assess their accuracy 

accordingly. On the other hand, the later focus on the map product and assess their accuracy 

with reference to the actual distribution of the property under investigation. 

2.3.3 Dimensionality reduction 

Data dimensionality is barely a concern when analysis multispectral data, and thus 

dimensionality reduction is not considered typical in classical image processing. However, in the 

case of hyperspectral image analysis, data dimensionality reduction is more often than not 

considered a practical necessity in order to address data redundancy and noise. 

To mitigate the problem of data dimensionality, custom feature selection (Serpico et al., 2001; 

Han et al., 2004; Moustakidis and Theocharis 2010) or extraction (Kumar et al. 2001 ; Jimenez-

Rodriguez et al., 2007) techniques have been investigated for their performance in reducing it, 

while preserving useful information, as well as vegetation indices (Thenkabail et al., 2000; Broge 

and Leblanc, 2001; Gong et al., 2003; Zarco-Tejada et al., 2004b; Oldeland et al., 2010; Mitri and 

Gitas,  2010). 
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Among the proposed feature extraction techniques, Minimum Noise Fraction (MNF) and 

Principal Components Analysis (PCA) are commonly used, as they are available within 

commercial image analysis software. Further discussion of these techniques follows in section 

4.6. Other transformations such as logarithmic or derivatives (Gong and Yu, 2001) have also 

been suggested as methods for enhancing spectral information. However, a comprehensive 

evaluation of techniques for selecting optimal waveband and transforms from hyperspectral 

images is lacking in the remote sensing literature (Hamada et al., 2007).  

2.3.4 Atmospheric correction 

The nature of remote sensing requires that solar radiation passes through the atmosphere 

before it is collected by the instrument. In the case of hyperspectral remote sensing particularly, 

atmospheric influences modify the reflected signal from the target to the sensor, in one sense 

decreasing relative spectral differences within the sensor record and in another sense adding 

fine atmospheric absorption features to the spectral record (Ramsey III et al., 2005). 

Atmospheric correction is used to minimize these atmospheric influences and serves a critical 

role in the processing of remotely sensed image data.  Cooley et al. (2002), argue that this is 

particularly the case with respect to identification of pixel content. 

To compensate for atmospheric effects, properties such as the amount of water vapor, 

distribution of aerosols, and scene visibility must be known. Because direct measurements of 

these atmospheric properties are rarely available, there are techniques that infer them from 

their imprint on hyperspectral radiance data. Atmospheric corrections of this type can be 

applied on a pixel by pixel basis because each pixel in a hyperspectral image contains an 

independent measurement of atmospheric water vapor absorption bands.   

Atmospheric correction algorithms for retrieving surface reflectance from hyperspectral imaging 

data  include, but are not limited to, the Atmosphere CORrection Now -ACRON (Miller, 2002), 

the ATmosphere REMoval - ATREM (Gao et al., 1993), the Fast Line-of-sight Atmospheric 

Analysis of Spectral Hypercubes - FLAASH (Matthew et al., 2000), the High-accuracy Atmospheric 

Correction for Hyperspectral Data - HATCH (Qu et al., 2003), and the Atmospheric and 

Topographic Correction - ATCOR (Richter, 1998). 

Although atmospheric correction is not standard when working with a single scene (Datt et al., 

2003), atmospheric correction of hyperspectral data is mandatory for conversion of radiance to 

reflectance (Goetz et al., 2002). Also, as reported by Datt et al. (2003) noise management such 
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as MNF transformation is best applied after atmospheric correction. Berk and Adler-Golden 

(2002), showed that atmospheric correction serves a critical role in the processing of remotely 

sensed image data, particularly with respect to identification of pixel content. Adding to that, 

several studies suggested that that atmospheric correction creates a more spatially and 

temporally extendable and comparable dataset that maximizes the spectral distinctiveness of 

the canopy reflectance spectra (Richards, 1999; Smith and Milton, 1999; Eckert and Kneubühler, 

2004; Pignatti et al., 2009). In particular, Nagendra (2001) and Clark et al. (2005) argued that 

atmospheric effects have to be corrected or compressed before conducting a species 

recognition analysis. 

2.3.5 Classification 

Classification of remote sensing imagery has been extensively studied, because classification 

results are the basis for many environmental applications. Although scientists have made great 

efforts in developing advanced classification approaches and techniques, classifying remotely 

sensed data into a thematic map remains a challenge (Lu and Weng, 2007). 

 Factors, such as the complexity of the landscape in a study area, the selected remotely sensed 

data, the number of classes to be separated, variability of the property under investigation, 

image processing and classification approaches, determinately affect the result of a 

classification (Dalponte et al., 2009;). Further, a key issue in supervised classification is the 

adequacy of training data to characterize the properties of the selected class, as the training set 

has a remarkable influence on the accuracy of classification results (Campbell, 1996; Foody et al., 

2006). 

Image classification includes several components, as determination of the classification system, 

selection of training samples, image preprocessing, and selection of classifier. The accuracy is 

later assessed with the use of available reference data, in order to accompany the produced 

map.  

A broad spectrum of classifiers has been tested on hyperspectral data. Traditionally, classifiers 

model the underlying density of the various classes and then find a separating surface. However, 

density estimation in high-dimensional spaces suffers from the Hughes effect; that is for a fixed 

amount  of training data, the classification accuracy as a function of number of bands reaches a 

maximum and then declines, because there is limited amount of training data to estimate the 

large number of parameters needed (Hughes, 1968). 
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In the contrary, advance classifiers, such as SAM (Clark et al., 2005; Mundt et al., 2005), SCM 

(Pengra et al., 2007), SVM (Melgani and Bruzzone, 2004; Vyas et al., 2011), ANN (Foody, 2004; 

Vyas et al., 2011), FesLiC (Stavrakoudis et al., 2012a), DTC (Shafri et al., 2007) have proven very 

effective when combined with hyperspectral data. 

Synergy between different sensors has also proved to be beneficial for species mapping. In 

particular, LiDAR data, which provide structural information, when used parallel to hyperspectral 

data add great value to the produced maps (Anderson et al., 2008; Asner et al., 2008; Dalponte 

et al., 2008). 

Although mixture is inherent in remote sensed images, it decidedly depends on the relationship 

between the spatial resolution of the image and the scale of desired measurement. Techniques 

have been designed to detect this mixture in a subpixel level, which are particularly effective in 

hyperspectral space.  

Spectral Mixture Modeling (SMM) analysis assumes that the spectral value of each pixel is a 

linear (Ustin and Xiao, 2001; Asner and Heidebrecht, 2003; Chen and Vierling, 2006; Miao et al., 

2006; Walsh et al., 2008) or a non-linear (Chen and Vierling, 2006; Huang and Townsend, 2003) 

combination of defined pure materials. These pure endmembers assumed to have a 

proportional membership in each pixel. Therefore, SMM analysis maps cover types, based on 

their abundances and provides the respective outputs in a continuous scale.  

To address cases where the spatial resolution of an image is finer than the ‘object’ of 

observation, object based classifications have been used in species mapping (Heumann, 2011b; 

Kamal and Phin, 2011; Feret and Asner, 2013). Object based techniques recognize that 

important semantic information is not always represented in single pixels, but in meaningful 

image objects and their contextual relations (Hay and Castilla, 2008; Jyothi et al., 2008). The 

expectation from object based techniques is that they will replicate and/or exceed experienced 

human interpretation of remotely sensed images, resulting in more accurate and repeatable 

information, less subjectivity and reduced labour and time costs (Hay and Castilla, 2008).  

Classification techniques that were used in the proposed methodologies of this study are further 

disused in sections 2.36, 2.3.7 and 2.3.8, while discussion of the preprocessing methodology 

follows in the fourth chapter. 
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2.3.6 Spectral Angle Mapper 

Spectral Angle Mapper (SAM) is a physically based classification algorithm that determines the 

spectral similarity between two spectra by calculating the angle between the two spectra, 

treating them as vectors in a space with dimensionality equal to the number of bands (Kruse et 

al., 1993). SAM is a complex non-linear classification algorithm, which when used on calibrated 

reflectance data is relatively insensitive to illumination and albedo effects (Kruse et al., 1993).  

However, it does not distinguish between positive and negative correlation (Lumme, 2004). SAM 

compares the angle between the training spectra vectors of each class to the candidate pixel 

vectors of unknown class in n-dimensional space. It assigns to teach candidate the class with the 

smallest angle.  

 

 

Figure 2.10 (a) Schematic representation of SAM consept, and (b) SAM similarity measure equation. 

 

It is designed for use primarily with hyperspectral data, and has been repeatedly used in a broad 

range of vegetation applications (Piscini et al., 2001; Lumme, 2004; Buddenbaum et al., 2005; 

Shafri et al., 2007; Jollineau et al., 2008; Finley and  Glenn, 2009; Pignatti et al., 2009; Mohd et 

al., 2010). 

Finley and Glenn (2009) used SAM to map fire severity and oil water repellency achieving 

accuracies between 65% and 92%. Pignatti et al. (2009), used Hyperion to map landcover 

mapping in the fragmented ecosystem of Pollino National Park in Italy with SAM, achieving 

accuracies of 85%. Jollineau et al. (2008), when studying an inland wetland complex in southern 

Ontario in Canada found that SAM could distinguish between more classes than the Maximum 

likelihood classifier (MLC), achieving accuracies between 60% and 92%. Buddenbaum et al. 
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(2005), used SAM when investigated the value of geostatistical texture measures to find that 

application of pseudo-cross madograms increased accuracies. 

In species level mapping, SAM has been used in several studies of invasive species (Mundt et al., 

2005; Narumalani et al., 2006; Hestir et al., 2008; Cho et al., 2010; Miao et al., 2011). Hestir et al. 

(2008), used SAM together with SMM in a binary decision tree to map water hyacinth and 

submerged aquatic vegetation in Sacramento–San Joaquin River Delta. Narumalani et al. (2006), 

used SAM to detect saltcedar (Tamarix sp.) in Lake Meredith Recreational Ares in Texas and 

achieved accuracies of 83%. Cho et al. (2010), evaluated the performance of a traditional and a 

multiple-endmember SAM classification approach in discriminating ten common African savanna 

tree species, endorsing the later. 

In studies that compared different classifiers SAM has been successful in (Narumalani et al., 

2006; Pignatti et al., 2009) and less successful in others (Buddenbaum et al., 2005; Shafri et al., 

2007). 

2.3.7 Support Vector Machines 

Support Vector Machines (SVM) is an effective, distribution free classifier that uses machine 

learning theory to maximize predictive accuracy while automatically avoiding over-fitting to the 

data. SVM derived from statistical learning theory, was introduced in the machine learning 

community in 1992 by Boser et al.  

SVMs and related kernel methods have been one of the most popular and well-studied machine 

learning techniques of the past 15 years, with an amazing number of innovations and 

applications. They are used for many pattern recognition applications, such as hand writing 

analysis (Cortes and Vapnik, 1995; Stafylakis, 2008; Papavassiliou, 2010), face analysis (Guo et 

al., 2001; Guo et al., 2008), financial analysis (Van Gestel, 2001), or movie rating (Lampropoulos 

et al., 2011). Although SVMs were initially developed to solve classification problems, they have 

been extended to solve regression and distribution estimation problems as well (Vapnik et al., 

1997). 

In the case of linear data, linear classifiers, which create separating hyper planes, can be used to 

divide the data. However it is often the case that the data is far from linear and as such 

inseparable by linear classifiers (see Figure 2.12). 
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Support vector machines (SVMs) are a set of related supervised learning methods, belonging to 

a family of generalized linear classifiers. Although SVM uses a linear separating hyperplane to 

create a classifier, for the problems that cannot be linearly separated in the original input space, 

SVM can non-linearly transform the original input space into a higher dimensional feature space 

(see Figure 2.11). In this feature space it is easier to find a linear optimal separating hyperplane, 

to separate classes with a decision surface which maximizes the margin between the classes, 

with respect to training data. 

 
                                     a                                                                       b 
Figure 2.11 Non-linearly seperable training data (a) become seperable in higher dimention space (b) 
(by Huson, 2007). 

 

The SVM based approach to classification seeks to find the optimal separating hyperplane 

between classes by focusing on the training cases that lie at the edge of the class distributions, 

the support vectors, with the other training cases effectively ignored (Brown et al., 2000; 

Belousov et al., 2002). 

The goal in learning theory, and consequently SVM, is to maximize the generalization ability of 

the classifier, or, equivalently, to minimize the so-called risk functional (Vapnik, 1995) 

According to Bruzzone and Carlin (2006), structural risk minimization instructs that a hyperplane 

is optimal, when it minimizes a cost function that expresses a combination of: 

- maximizing the margin, i.e. the distance between the hyperplane and the closest training 

samples (Figure 2.13), and 

-  minimizing the error on training samples that can not be separated. 
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SVMs embody the structural risk minimisation process (Haykin, 1999) to reduce the risk of over-

fitting the training set, when minimising the model’s flexibility as part of the learning process 

(Figure 2.12).  

A detailed description on the concept of SVM and the formulation of the problem is given in 

Burges (1998), and comprehensive introductions in a remote sensing context in Foody and 

Mathur, 2004, Melgani and Bruzzone, 2004, and Pal and Mather, 2006. 

In essence, given a training set of instance-label pairs, the SVM (Boser et al., 1992; Cortes and 

Vapnik, 1995) requires the solution of the following optimization problem (equation 2.1) (Chang 

and Lin, 2011): 

 

min	�,�,� 								
1
2���+ ∁���

�

���
	

subject to		�����φ���� + �� ≥ 1 − �� ,				
�� ≥ 0	

eq. 2.1 

Here, training vectors xi are mapped into a higher (maybe infinite) dimensional space by the 

kernel function Φ. SVM finds a linear separating hyperplane with the maximal margin in this 

higher dimensional space. The concept of maximal margin hyperplanes was introduced by 

Vapnik and Lerner (1963), and Vapnik and Chervonenkis (1964) based on the intuition that the 

larger the margin, the better the generalization ability (Figure 2.13). 

Margin parameter value C, is the penalty parameter of the error term and controls the trade-off 

between maximizing the margin and minimizing the training error, by shaping the discriminant 

function and consequently, the decision boundary when data are non-separable (Dalponte et al., 

2008). 

SVM uses the kernel trick to map indirectly to extremely high dimensional spaces (Aizerman et 

al., 1964; Boser et al., 1992). SVM builds on positive definite kernel methods, which are utilized 

to project the data into a high dimensional dot product space, in order to provide a measure of 

similarity between possibly complex objects. Kernel methods have a solid theoretical foundation 
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that has been studied by mathematics and statistics communities, additionally to their empirical 

success (Gehler and Schölkpf, 2009).  

 

                                                  a                                         b                                             c 

Figure 2.12 (a) A too simple model that would classify the yellow unknown datum  correctly but 
mistake other training data, (b) a too complex model that quasi learns the training data and is 
intolerant of small acceptable deviations (overfitting), and (c) a model with good generalization 
ability that classifies the uknown datum correctly. (by Huson, 2007) 

 

 
Figure 2.13 Optimal separating hyperplane that maximises margines (a). and a bad separating 
hyperplane with minimum margines (b). (by Huson, 2007) 

 

Between the most utilized kernels there are:  

� Linear K(xi,xj) = xi
Txj 

� Polynomial K(xi,xj) = (gxi
Txj + r)d, g > 0 

� Radial basis function (RBF) K(xi,xj) = exp(-g||xi - xj||2), g > 0 

� Sigmoid K(xi,xj) = tanh(gxi
Txj + r) 
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Where, γ, r, and d are kernel parameters. In the case of RBF, γ is the parameter controlling the 

width of the Gaussian kernel. Choosing a small value for the kernel width parameter may lead to 

overfitting, while large kernel width values may lead to oversmoothing. 

In SVM generalization ability is controlled by the choice of kernel (Abe, 2010), its parameters and 

the aforementioned margin parameter C. To select the optimal parameters to a given problem is 

called model selection. This is a cross-validation technique that estimates the generalization 

ability through repeatedly training support vector machines.  

The SVM classifier was developed to solve binary classification problems, but it can be easily 

generalized to multiclass problems. There are roughly four types of SVM that handle multiclass 

problems (Abe, 2010): one-against-all (OAA) SVM, one-against-one (OAO) or pairwise SVM, 

error-correcting output code SVM and all-at-once SVM (Abe, 2010). 

A common limitation to SVM methodologies is the selection of SVM key parameters such as the 

kernel functions and the C parameter value. There exist no established heuristics for selection of 

these SVM parameters, frequently leading to a trial-and-error approach (Mountrakis et al., 

2011). 

SVMs are particularly appealing in the remote sensing community due to their ability to 

generalize well even with limited training samples, a common limitation for remote sensing 

applications (Mountrakis et al., 2011). However, they suffer from parameter assignment issues, 

as mentioned above, which can significantly affect obtained results. 

It was first applied in hyperspectral data by Gualtieri and Cromp in 1998. Recently SVMs 

attracted much attention and have been used in several hyperspectral remote sensing 

applications (Camps-Valls and Bruzzone, 2005; Bruzzone et al., 2006; Pal and Mather, 2006; Li et 

al., 2009; Dong and Liu, 2011; Petropoulos et al., 2011). 

Comparative studies have shown that classification by a SVM can be more accurate than popular 

contemporary techniques such as neural networks and decision trees as well as conventional 

probabilistic classifiers such as the maximum likelihood classification (Melgani and Bruzzone, 

2004; Pal and Mather, 2004, Dalponte et al., 2012; Feret and Asner, 2013). 

The majority of the studies that used Hyperspectral imagery along with SVM were algorithm 

oriented (Pal and Mather, 2004; Pal and Mather, 2006; Dalponte et al., 2009), as opposed to 

actual mapping of a study area (Zhang and Xie, 2013; Petropoulos et al., 2011). 
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Melgani and Bruzzone (2004) found SVM effective in classifying AVIRIS hyperspectral data 

directly in the hyperspectral space, without the need of feature selection, and concluded that 

SVM is a valid and effective alternative to classify hyperspectral remote sensing data. Vyas et al. 

(2011), also achieved higher OA when classifying the entire data cube rather than the image 

produced after feature selection. In the contrary, several studies used SVM in datasets of 

reduced dimentionality (Campbell et al., 2004; Dalponte et al., 2008; Petropoulos et al., 2011; 

Petropoulos et al., 2012). 

In the case of species mapping, Plaza et al. (2009) have successfully classified different tree 

species from urban area with the help of SVM classifier. Campbell et al., (2004) used SVM with 

HyMap data to classifiy 6 crop species and achieved accuracies between 90% and 99%. Dalponte 

et al. (2008), and Dalponte et al. (2008), successfully used SVMs to classify a complex forest 

environment with AISA data alone and fusion of AISA and LiDAR data, respectively. Karimi et al. 

(2006), used CASI data in conjunction with an SVM method in automatic field detection of weeds 

and nitrogen. 

2.3.8 GEOBIA 

It is commonly agreed that image pixels are cells of an arbitrarily imposed grid, whose 

boundaries lack any real counterpart, and exist solely for the purpose of measurement or 

representation (Atkinson, 2004). What is more, when a human interpreter views, a typically 

high-resolution image, she does not view a world composed of individual pixels, but a continuum 

of discrete objects, whose size, shape, spatial arrangement and context change depending upon 

the scale at which they are examined (Marceau, 1999; Marceau and Hay, 1999). She essentially 

sees the image filled with groups of pixels with meaning in the real world (Schneider and 

Steinwender, 1999). 

This recognition that individual pixels are not true geographical objects, and the vision that 

simulation of visual interpretation through knowledge modeling is possible, were key promoters 

of the geographic object based image approach (GEOBIA). Hay and Castilla (2008) define GEOBIA 

as ‘a discipline that will primarily develop theory, methods and tools’.  

GEOBIA is technically and theoretically different to pixel based image processing approach and 

allows for a shift from the pixel to the geographic object as a unit of analysis. The conceptual 

framework of the GEOBIA process focuses on the transformation of the image’s constituent 
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elements from the raw pixels to the final structures representing geographic objects (Lizarazo 

and Elsner, 2008). 

GEOBIA commences with segmentation, the partition of an image into relatively homogeneous 

and semantically significant groups of pixels (Blaschke, 2010), in some way related to real world 

objects (Figure 2.14). These discrete, non-overlapping, space-exhausting image segments are 

generated by maximizing one or more criteria of homogeneity in one or more dimensions of a 

feature space, respectively (Hay et al., 2002; Hall and Hay, 2003). Homogeneity is based on a 

combination of spectral similarity, contrast with neighboring objects and shape characteristics 

of the resulting objects and is controlled by the analyst through segmentation parameters. 

 

Figure 2.14 Segmentation result overlaid on a part of Thassos Hyperion image. 

 

From an algorithmic perspective, image segmentation, is generally divided into four categories: 

(a) point-based, (b) edge-based, (c) region-based and (d) combined (Schiewe, 2002). 

The challenge is to define appropriate segmentation parameters for the varying sized, shaped 

and spatially distributed image objects composing a scene, so that segments which satisfy user 

requirements can be generated. 

Segments have additional spectral information compared to single pixels (mean, median, 

minimum and maximum values per band, mean ratios, variance etc.), but of even greater 

advantage is the generated contextual information, such as texture and compactness, and 

topological relationships between segments, such as adjacency (Blaschke and Strobl, 2001; Benz 

et al., 2004; Hay and Castilla, 2008; van der Werff and van der Meer, 2008;). 
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What is more, image objects can be produced at one single spatial scale or at several nested 

scales (Figure 2.15), thus providing a framework for multiscale analysis which is fundamental for 

ecological studies. GEOBIA allows the discretization and attribution of the multiple spatial 

dimensions at which entities, patterns and processes can be observed and measured (Hay et al., 

2005).  

 
Figure 2.15 Object hierarchy. 

 

Once the segmentation has provided image objects that satisfy user requirements, these serve 

as information carriers and building blocks for further classification analysis (Baatz and Schape, 

1999; Hay and Castilla, 2008; Lang, 2008). 

What is unique with GEOBIA is that it allows for the description of a class not only in spectral 

space, but also taking into consideration the integral contextual and topological information of 

image segments, which are the main discriminators of visually perceptible objects in the image. 

It allows for delineation of readily usable objects from imagery while at the same time 

combining image processing and GIS functionalities in order to utilize spectral and contextual 

information in an integrative way (Blaschke, 2010). 

Adding to that, it also allows for soft classification which, instead of using 1 and 0 to declare 

whether an object belongs or not in a class respectively, uses values between 0 and 1 to assign a 

degree of membership of an object to a class. 

This way, the analyst can build a process tree with rules that exploit both the spectral and spatial 

information of the image, not necessarily in a unidirectional flow, but also including feedback 

loops and knowledge inputs at any stage of the process. 

Besides soft rule based classification, several other classifiers have been used within the GEOBIA 

framework such as LDA (Haest et al., 2010), SMM (Mücher et al., 2010; Nidamanuri and Zbell, 
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2011), data mining techniques (Formaggio, 2010), decision trees (Laliberte et al., 2007; 

Heumann, 2011b), and SVM (Heumann, 2011b). 

Among others, the Nearest Neighbor (NN) classifier is a typical choice as it is built in the most 

commonly used GEOBIA software, namely eCognition Developer (Gao and Mas, 2008; Chmiel 

and Fijałkowska, 2010; Mitri and Gitas,  2010; Rafieyan et al, 2010; Aguirre-Gutiérrez et al., 

2012). NN is a non-parametric classifier, widely used in the field of pattern recognition (Zammit 

et al., 2006), that labels an unclassified object according to its nearest neighboring training 

object in the feature space. 

Although, GEOBIA developed along with the increase of VHR imagery availability and problems 

associated with the high spatial resolution domain (Blaschke and  Hay, 2001; Hay et al., 2005; 

Laliberte et al., 2007; Wulde et al., 2008; Chmiel and Fijałkowska, 2010, Ke et al, 2010; 

Heumann, 2011b) it has also been employed in conjunction with medium resolution imagery. 

In the case of medium resolution imagery, not all of the aforementioned advantages can be 

exploited because the features of observation in this scale are completely different than the 

ones observable by VHR imagery. In this case, one deals with geographic or landscape features 

as opposed to ‘objects’, such as trees, buildings etc. However, the delineation and manipulation 

of landscape features as opposed to pixels in this scale has many advantages, mainly focused 

around the GIS functionalities. Several studies used medium resolution imagery, (Eckert and 

Kneubühler, 2004; Gao and Mas, 2008; Formaggio, 2010; Aguirre-Gutiérrez et al., 2012; 

Petropoulos et al., 2012). GEOBIA has also been used with Landsat TM and ETM+, in two 

national scale studies of landcover change with focus on deforestation (Duveiller et al., 2008; 

Liarikos et al., 2012) and also in the United States National Coastal Wetlands Inventory (NCWI) 

(Stein eta al., 2012). Blaschke (2010), argues that medium resolution imagery, such as Landsat, 

does not support multi-level segmentation; however Eckert and Kneubühler (2004), Mitri and 

Gitas (2010), Polychronaki and Gitas (2010) and Petropoulos et al. (2012), have incorporated it in 

their methodologies, to improve classification results. 

As an alternative to pixel based approaches, GEOBIA methodologies have also been evaluated in 

conjunction with hyperspectral imagery (Eckert and Kneubühler, 2004; Bunting and Lucas, 2006; 

Mücher et al., 2010; Petropoulos et al., 2012). However, the influence of high spectral 

dimensionality on the different GEOBIA components has not been yet evaluated and remains to 

be assessed how the segmentation algorithms manage this high dimensionality. 
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In GEOBIA, a comprehensive trial and error investigation of the numerous spectral bands 

provided by hyperspectral imagery does not appeal feasible. To account for this, spectral 

transformations such as vegetation indices have been used prior to rule based model 

development (Bunting and Lucas,  2006; Vanhuysse et al., 2010; Kamal and Phin, 2011), as well 

as the NN classifier in the original spectral space (Eckert and Kneubühler, 2004, Kamal and Phin, 

2011; Skoupý et al., 2012). Nidamanuri and Zbell (2011), used object information to train a SAM 

classifier. 

Aguirre-Gutiérrez et al. (2012), used NN and Landsat ETM+ to map forest changes due to illegal 

logging, in a combination of pixel and objet based classification system. Bunting and Lucas 

(2006), used CASI-2 data for tree crown delineation and classification. Duveiller et al. (2008), 

used GEOBIA to estimate deforestation rate in Central Africa with Landsat imagery, which is 

considered of high spatial resolution in the sub Continental scale of the study. Eckert and 

Kneubühler (2004), used Hyperion and GEOBIA and SAM to classify agricultural land and 

vegetation properties. Formaggio (2010), used Landsat with GEOBIA and data mining techniques 

to map sugarcane achieving OA of 94%. Gao and Mas (2008), compared pixel and object based 

classification (NN) on different resolution images (10 to 250m) and found that the advantages of 

GEOBIA are more evident in high spatial resolutions. 

In the case of forest species mapping few studies have been reported. Kamal and Phin (2011), 

used CASI-2 to compare pixel and object based approaches in differentiating three mangrove 

species and found that GEOBIA gave the most accurate results (76%), followed by SAM (69%) 

and LSU 56%). Feret et al. (2011), also compared pixel (LDA and RDA) and object based 

classification of 13 species using CAO-Alpha system. Ke et al. (2010), investigated several 

segmentation schemes and employed machine learning decision trees to map 5 forest species, 

using multispectral Quickbird imagery combined with LiDAR measurements. Rafieyan et al. 

(2010), mapped disturbed natural broadleaved and mixed forest in Iran, with NN in a GEOBIA 

and reported KIA between 0.61 and 0.79. Heumann (2011b), used Worldview-2  in a  GEOBIA  

classification,  which  combined  decision-trees with SVM, to  map  fringe  against  true  

mangrove  species and reported overall  accuracy  greater  than  94%.  

Concluding, GEOBIA methods are making considerable progress towards a spatially explicit 

information extraction workflow (Blaschke, 2010), such as is required for environmental 

research and management, as well as other spatial planning applications. This progress, which 

may be attributed to the documented limitations in the use of pixel based image approaches, 
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regarding relative scale, incorporation of spatial context, and fuzzy or smooth transitions 

(Blaschke and Strobl, 2001), motivates research for operational regional forest species mapping. 

2.3.9 Accuracy assessment 

Overall quality evaluation of the image analysis is usually conducted at the end of the process. 

Several statistical methods for accuracy assessment have been discussed in the remote sensing 

literature (Congalton, 1991; Foody, 2002; Smith et al., 2002, 2003a; Stehman et al., 2003).  

The standard method for validation of image output uses a confusion matrix (Congalton and 

Green, 1999). This cross-tabulates labels assigned to pixels by the classifier with labels assigned 

to the sampling points during field survey, using geographic location as the key to cross-

tabulation. The resulting matrix is analyzed with one or more measures of agreement, usually 

the Kappa Index of Agreement (KIA) (Cohen, 1960), overall (OA), user’s and producer’s accuracy 

(Story and Congalton, 1986). The OA is the percentage of cases that are correctly classified, 

calculated along the confusion matrix diagonal, while the KIA shows how each classification 

differs from a random classification of landcover types (equation 2.1). The producer’s accuracy 

refers to the probability that a certain land-cover of an area on the ground is classified as such, 

while the user’s accuracy refers to the probability that a pixel labeled as a certain land-cover 

class in the map is really this class. The user's accuracy details errors of commission resulting 

when a pixel is committed to an incorrect class, while the producer's accuracy details the errors 

of omission resulting when a pixel is incorrectly classified into another category and omitted 

from its correct class. The KIA statistic (equation 2.1) is a suitable measure of the accuracy in 

thematic classification procedures because it takes into account the entire error matrix instead 

of simply the diagonal elements, like the overall accuracy does.  

            � =  ∑ "##$%#&' ∑ �(#)∗")#�%#&'
+,$∑ �(#)∗")#�%#&'

 eq. 2.1 

xii is the number of combinations along the diagonal 

xi+ is the total observations in row i 
x+i is the total observations in column i 
N	is the total number of matrix cells 

r is the number of row in cross classification table 
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These statistics provide a measure of how well a classification performed with respect to 

ground-truth data (Michelson et al., 2000), thus spatially explicit reference data are regarded as 

an important aspect, especially when employing classification results for decision making 

(McIver and Friedl, 2001; Liu et al., 2004). A per se 100% OA would not imply that a map 

correctly describes the exact extent of the class examined, but would indicate that all the 

reference data were correctly classified. It then remains to the validity of the sampling 

methodology, which produced the reference data, to determine the value of the map. 

An absolute boundary of what is considered acceptable accuracy can not be set, as it is 

inextricably related to the nature of every study. However, Thomilnson et al. (1999) set a target 

of an overall accuracy of 85% with no class less than 70%, Foody (2002) also argues that a target 

of 85% OA should be considered, while Goodenough et al. (2003), suggest that discrimination 

accuracies of species over 80% correct would be considered operational and exceed that found 

in most forest inventory systems. Although this limit can be considered arbitrary, it provides a 

useful qualitative benchmark. 

In the case of GEOBIA, classical point-based sampling strategies using systematic, probabilistic or 

stratified probabilistic sampling may prove to be less appropriate as they do not rely on the 

concept of objects (Radoux et al., 2011). There is currently an open discussion on the accuracy 

assessment methodologies that best apply to GEOBIA (Albrecht et al., 2010; Lang et al., 2010; 

Hernando et al., 2012). 

2.4 CHAPTER CONCLUSIONS 

The key points discussed in this chapter are summarized below. 

� Although Mediterranean forests represent a small fraction of the world’s forest cover, 

they are of great importance mostly because of their high biodiversity and support of 

human population growth. They have been under the influence of men for more than 

10,000 years; however, modern anthropogenic pressures seem to threaten the dynamic 

equilibrium of the past. 

� Greek forest are of typical Mediterranean type and despite their great value, they face 

many threats, such as wildfires and encroachment, resulting from urban expansion and 

uncontrolled human activity. What is interesting and unfortunate is the lack of spatial 

data to support policy making and sustainable management. 
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� Remote sensing has been used successfully over the past decades in the collection of 

essential spatial information for the monitoring and management of the Mediterranean 

forests, and continues to offer grounds for novel applications. 

� Advances in hyperspectral technology, which is capable of resolving the spectrum in 

continuous narrow bands and allow detection of subtle spectral changes of various 

targets, provide means for in depth analysis of forest species level mapping, which was 

not successful until the emergence of hyperspectral technologies. 

� Conventional algorithms developed for multispectral data are usually unable to handle 

dimensionality of hyperspectral data and result in failure or unacceptable performance. 

This challenge is approached by attempts either to minimize data dimensionality or to 

consider novel data analysis techniques properly adjusted to the nature of hyperspectral 

data. 

� As data dimensionality reduction is often considered a practical necessity in 

hyperspectral data analysis, custom feature selection or extraction techniques have 

been investigated, along with traditional MNF and PCA transformations, for their 

performance in reducing it, while preserving useful information. 

� Several atmospheric correction algorithms have been used to retrieve surface 

reflectance from hyperspectral imaging data and create a more spatially and temporally 

extendable and comparable dataset, which maximizes the spectral distinctiveness of 

target features. 

� Classification of remote sensing imagery is the basis of many environmental 

applications, as it provides valuable thematic maps. It is controlled by factors such as the 

number of classes to be separated, the quality of training data, variability of the 

property under investigation, and image-processing and classification approaches. 

� SAM is a physically based classification algorithm traditionally used with hyperspectral 

imagery in a broad range of applications. It determines the spectral similarity between 

two spectra by calculating the angle between them, treating them as vectors in a space 

with dimensionality equal to the number of bands. 

� SVMs are derived from statistical learning theory, and are particularly appealing in the 

remote sensing community due to their ability to generalize well, even with limited 
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training samples; a common limitation for remote sensing applications. They are 

increasingly used over the past few years as they usually outperform other classifiers. 

� GEOBIA includes processes that transform image data from the remotely sensed physical 

reality to the human conceptualization of the geographic objects, through a 

segmentation stage. The classification of the objects can be implemented in a soft way, 

either by the development of a rule model or by using other classifiers such as NN. 

� Overall quality evaluation of the image analysis is usually conducted at the end of the 

process. The standard method for validation of image output uses a confusion matrix 

and cross-tabulation of labels assigned to pixels by the classifier with labels assigned to 

the sampling points during field survey, using geographic location as the key to cross-

tabulation. As suggested in the literature, overall accuracy of grater than 80% or 85% 

could be considered operational and exceed that found in most forest inventory 

systems. 

� In the case of mapping an ecological asset, such as forest, a complete methodology, 

which makes use of available data and processing techniques and has an associated 

estimation of accuracy, is necessary in order to deliver a useful product for 

understanding, planning and managing. 
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STUDY AREAS AND DATASET DESCRIPTION 

Chapter 2 discussed the importance of Mediterranean forest, forest mapping with the use of 

remote sensing and the value of hyperspectral data in species level mapping. This chapter 

describes the two study areas, which were chosen to examine the use of EO1 Hyperion satellite 

hyperspectral imagery in species level mapping. These two areas, namely Thassos and Taxiarchis, 

differ both in species composition and distribution pattern complexity, allowing for in depth 

investigation of the problem. In sections 3.1 and 3.2 their geomorphology, climate, landcover and 

management history is described. The data used in this study, coming from satellite and airborne 

sensors, as well as from thematic imagery photointerpretation and extensive field surveys, are 

also described in sections 3.3. 

3.1 THASSOS 

3.1.1 Phisiography 

The first study area is a part of the island of Thassos, Greece’s most northerly island that extends 

from 24o30’ to 24o48’ East and 40o33’ to 40o49’ North. The island’s surface is 400 km2, however, 

Hyperion imagery after the exclusion of the area heavily affected by clouds, covers 110km2 in 

the northern middle part of the island.  

From a geological point of view Thassos belongs to the crystalline schistose Rhodopi Massif and 

is formed by alternating marbles, gneisses and schists, with numerous minerals and dense 

accumulation of lead, zinc, iron and magnase (Moundrakis, 1985). Thassos is characterized by an 

abundance of natural mineral resources, which have been mined since ancient times. In 

particular the mining gallery located at Tzines is a unique testimony of what could possibly be 

the most ancient mining gallery in Europe. 
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The terrain of the island is diverse and in places very rough, forming streams with deep slopes 

and ridges with small to large gradients. Altitude ranges from sea level to 1204m, in the highest 

peak Ipsario. 

The soil depth varies widely depending on surface geology, relief and vegetation density 

(Spanos, 1992). Shallow soils (5-10 cm) prevail due to steep slopes, grazing and repeated forest 

fires. Shallow soils constitute almost the half of the islands soils, while deep soils constitute 35%, 

with the remaining 15% classified as bare soil (Nakos, 1995). As a result, the mean height of the 

forest stands in Thassos is lower than the average for this type of forest (Spanos, 1994). The soil 

is mostly clay. The small degree of soil genesis, due to unfavorable conditions, justifies its 

moderate mechanical composition and the presence of abundant inert material. The porous 

structure, the permeability, the consistency, the water storing capacity and the color of the 

ground material depends on the texture and the content of organic matter which varies across 

the island. 

 

Figure 3.1 Location map of the two study areas. 

 

Taxiarchis 

Thassos 
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Figure 3.2 shows the Bagnouls-Gaussen's index of aridity of the island, from observations 

between 1976 and 1999. 

Figure 3.2 Bagnouls-Gaussen's index of aridity of the island. 

 

3.1.2 Vegetation  

Thassos belongs to three of the Greek vegetation zones, as described by Dafis (1976), namely 

Quercetalia ilicis, Quercetalia pubescentis and Fagetalia: 

1. Quercetalia ilicis. It is found in altitudes ranging from sea level to 300m, close to the 

coastline of the island and is typical for the dry and warm climate of the island. The dominant 

forest species of this zone is Pinus brutia. It is represented by its both sub zones:   

- Oleo-Ceratonion, and in particular growth space Oleo-Lentiscetum is found in the 

southern part of the island. P. brutia stands belonging to this formation were burnt in 

the 1984 and 1985 forest fires. The representative maquis species are Pistacia lentiscus, 

Erica manipuliflora, Myrtus communis, Olea europea, Quercus coccifera, Lonicera 

etrusca, Rosa sempervirens, Phillyrea latifolia and Rubia peregrina; 

- Quercion ilicis, and in particular growth space Orno-Quercetum ilicis is found in the 

Northern part of the island. P. brutia stands that belong to this subzone were burnt in 

the 1989 forest fire. In Northern aspects where the soils are deeper, more fertile and 

moister Quercus ilex, Arbutus unedo, Phillyrea latifolea and Fraxinus ornus dominate the 

understorey, while in Southern aspects with low site quality Erica arborea and Erica 

manipuliflora are mostly found; 
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2. Quercetalia pubescentis. It is found in altitudes ranging from a 300 to 800m in both 

Southern and Northern parts of the island. It is represented by the sub zone Ostryo-

Carpinion, which is dominated again by P. brutia. There is a very dense understory that 

consists of Quercus coccifera which is very resistant to fire, grazing and other anthropogenic 

influence 

3. Fagetalia, is represented by the sub-zone Abietion cephalonicae and in particular growth 

space Abietum borisii regis. It is found in mountainous areas of the island and is dominated 

by P. nigra stands, while small Abies borisii regis and Quercus-Castanea stands can also be 

found at the highest altitudes. 

Although, fauna of the island lacks large mammals such as wolf, jackal, fox and boar, it exhibits 

populations of small mammals such as hares and ferrets, which occasionally show excessive 

growth, leading to ecological imbalances. The avifauna of the island is quite interesting (with 

endemic and migratory species) having partridges, quails, turtle dove, and eagles as main 

representatives. 

The two dominant forest species of the island are P. brutia and P. nigra, growing quite 

separately as also noted in the description of the vegetation zones above. Following the pine-

species functional classification of Keeley and Zedler (1998), P. brutia belongs to the ‘‘R’’ 

functional type of pines and presents traits such as seed serotiny, short juvenile period, short 

lifespan and enhanced wind seeddispersal ability that enables it to deal with ‘‘predictable 

standreplacing fires’’. On the other hand, P. nigra belongs to the ‘‘U’’ functional group, which 

contains species found in productive sites with ‘‘unpredictable stand-replacing fires’’. 

Figure 3.3 shows some typical landscapes of Thassos. 

In Thassos the existing Pinus brutia forest consists of 30% even-age stands and 40% uneven-age 

stands while the remaining 30% is a mosaic of even-age and uneven-age stands (Gitas et al., 

2000). The shrub understory of brutia pine forests of Thassos island varies from site to site and 

in many cases, it is floristically rich, comprising various evergreen sclerophyllous (maquis) 

species (e.g. Quercus coccifera, Phillyrea latifolia, Pistacia terebinthus, P. lentiscus, Arbutus 

unedo, A. andrachne, Myrtus communis) as well as phryganic subshrubs (e.g. Erica arborea, E. 
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manipuliflora, Cistus creticus, C. salviifolius, Paliurus spina-christi, Calicotome villosa) (Spanos et 

al., 2001). 

a b 

c d 

Figure 3.3 Typical landscapes of Thassos. (a) Open P. nigra stands close to the mountain top, (b) mix of 
P. brutia stands and olive orchards at the lowland, (c) young P. brutia trees mixed with maquis, (d) 
phrygana. 

 

P. nigra is found in the higher altidudes of Thassos at the middle part of the island. It forms both 

closed stands but also mixed in a variety of patterns with grasslands and bare rocks, mostly 

limestone pavements. In places, the pines are ancient and resemble the 'granny' pines of the 

Caledonian forests in the Scottish Highlands. 

Phrygana and maquis are widely distributed around the island and are currently  extending  their  

range  as  they  colonize  lowland  slopes  cleared  of conifers in the past devastating wildfires 

(Karteris et al., 1992). 
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Olea europaea, in olive groves, is the most abundant broadleaf tree, close to 21% of the island. 

Olive groves, widely distributed around the coast, are the main part of the local agriculture, but 

also support a rich variety of wildlife. Most of them are grazed to a greater or lesser extent. 

 

 

Figure 3.4 Overview map of the island according to data provided by Thassos forest service. Spatial 
distribution of forests dates prior to the devastating fires. 

 

3.1.3 History and Management regime 

Forest in Thassos is divided in Municipal authorities and State forest. Municipal owned forest is 

administrated and managed by Thassos Association of Municipalities and Communities while 

State forest, falls under the administration and management of the Greek State (Makedos, 

1987). Because of this division, each forest is managed based on a different Management Plan. 

The last plan for the municipal owned forest was conducted in 1997 while the last one for the 

State forest in 1986. 
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Thassos has very ‘rich ’fire history. The island is known as the island of thunder due to the large 

amount of fires caused by lightning. However, it is the anthropogenically caused fires that mostly 

affect the island, as the ones caused by lightning are of much lesser extent (Makedos 1987). In 

the last 30 years, four major fires (1984, 1985, 1989, 2000) occurred in Thassos (Figure 3.4). The 

wildfires of 1984, 1985 and 1989 have destroyed more than 80 % of the total forest area of 

Thassos (Spanos, 1992, 1994). However, most burned sites have been restored by post-fire 

natural regeneration, with a rich vegetation cover and high species abundance (Gitas et al., 

2000; Spanos et al 2001) 

Before the two fires of 1984, forest and forested lands covered 47.5% of the island  (Gitas,  

1999);  making  forests  the  dominant  landcover  type  at  the  time. After the fire of 1985, 

forest covered 38% of the island (Makedos, 1987) and nowadays the remaining forest is 11% of 

the island according to Thassos Forest Service. 

Since after these fires, the main effort of the administrative authorities is the protection of the 

remaining forest from fires as well as the rehabilitation of the degraded forest. Only limited 

production of technical timber and firewood is undertaken. The Forest Service has adopted a 

multiple-purpose forest management strategy including recreation, grazing, resin-collection and 

apiculture, together with silvicultural rotation of 100 years. 

3.2 TAXIARCHIS 

3.2.1 Phisiography 

The University Forest in Taxiarchis is located on the southern and southwestern slopes of mount 

Cholomontas in Chalkidiki, in Central Macedonia region.  It extends from 40° 23′ to 40° 28′ East 

and 23° 28′ to 23° 34′ North and covers an area of 58 km2. 

The terrain of the study area is diverse and very rough at places as a result of high difference in 

altitude, namely between 320 and 1200m. The dense river network in conjunction with the 

sudden and intense rainfall during the winter period has formed gullies and has a wide affect in 

the region. 

Geologically the study area belongs to the Perirodopiki zone, under Melissohoriou - Holomonta. 

However, the northeast part belongs to Serbomacedonian mass range Vertiskos. Hence the 

geological substrate is not uniform but varies. Rocks, mainly metamorphic, can be roughly 
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divided into: marbles, crystalline limestones, schists, gneisses, amphibolites, splintery, Arnaia 

type granites, chalazitikoi sandstone etc. 

Taxiarchis’s soil is derived from the weathering of rocks present in the area and belongs to acidic 

orfnon forest soils. In general, the soil of the area can be considered immature with prior intense 

erosion. According to soil depth, there are three classes found in the study area: 

1. shallow soil (0.15 – 0.30m): present in NE part of the area, at the mountain ridges 

2. medium depth soils (0.30 – 0.60m): present in pits and moderate slopes. 

3. deep soil (0.60 – 1.20m): present in the NW part of the study area. 

The existing litter decomposes each year to humus with depth that does not exceed 5cm. In 

general, the soil is considered adequate for the growth of two main forest species, namely 

Quercus frainetto and Fagus sylvatica. 

As a result of weathering of different kinds of rocks, a variety of land types is found in the area, 

which depending on their characteristics host different vegetation. 

There is a meteorological station which operates in this area since 1974 in altitude of 860m 

under the supervision of Aristotle University of Thessaloniki, School of Forestry and Natural 

Environment. All following data come from observations of this station between 1974 and 2006. 

The climate is terrestrial mediterranean with short periods of drought, hot summers and mild 

winters. Main characteristic of the climate is the large fluctuations of rainfall during summer as 

well as the double dry season (July and September) with limited duration and intensity. 

Figure 3.5 shows the Bagnouls-Gaussen's (1993) index of aridity of the area, from observations 

between 1974 and 2006for the 1976-1999 period. 

According to the Emberger (1995) taxonomic system, which has been used to set the bioclimatic 

floors for the Mediterranean climate, the bioclimate of the study area is classified as wet with 

harsh winters. 
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Figure 3.5 Bagnouls-Gaussen's index of aridity of the area. 

 

3.2.2 Vegetation 

Three out of the five Greek vegetation zones are present in the area of Taxiarchis, according to 

Dafis (1976).  

1. Quercetalia ilicis, and in particular subzone Quercion ilicis and growth space Orno-

Quercetum ilicis, is found in altitudes ranging from sea level to 600m in the Southern and 

South Eastern parts of the study area. It is dominated by Quercus frainetto. Other woody 

species found there are Quercus ilex, Fraxinus ornus, Arbutus unedo, Erica arborea, Phillyrea 

latifolia, Lonicera etrusca, and Pistacia terebinthus. In this subzone there are also large 

reforestation plantations of P. brutia (age between 50 and 65 years). 

2. Quercetalia pubescentis. It is found in altitudes ranging from 320 to 1000m. It is the 

zone that covers the largest part of the study area and it is represented by its both sub-zones, 

namely Ostryo -Carpinion orientalis and Quercion frainetto. 

- Ostryo - Carpinion orientalis, and in particular growth spaces Coccifero - Carpinetum and 

Cocciferetum. The main species that dominate these areas is Quercus coccifera. Other 

woody species found there are Juniperus oxycedrus, Phillyrea latifolia, Arbutus unedo, 

Arbutus andrachne, Quercus pubescens, Carpinus orientalis, Fraxinus ornus and Erica 

manipuliflora. 

- Quercion frainetto. It is represented by all three growth spaces, namely Quercetum 

frainetto, Quercetum montanum and Tilio-Castanetum. It covers areas with altitude 
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ranging from 400 to 1000m and it is dominated by Q. frainetto. Other species found in 

this subzone include Acer campestre, Carpinus orientalis, Cornus mas, Crataegus 

monogyna, Fraxinus ornus, Hedera helix, Juniperus oxycedrusQuercus coccifera, Rubus 

canescens and Ostrya carpinifolia. 

1. Fagetalia, and in particular sub-zone Fagion moesiacae (hellenicum) which is 

represented by the growth space Fagetum moesiacae (hellenicum), is found in altitudes 

ranging from 600 to 1165m. Although this area is dominated by Fagus sylvatica, there are 

also large areas of productive P. nigra forests, which resulted from reforestation (age 

between 50 and 65 years). 

a b 

 
c d 

Figure 3.6 Typical landscapes of Taxiarchis. (a) Q. frainetto stands, (b) maquis, (c) mixture of P. nigra and 
F. sylvatica in summer time, (d) mixture of P. nigra and F. sylvatica in winter time. 
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Taxiarchis flora consists of more than 1000 taxa, among these 63 are of great importance; 2 are 

endemic in Greece and 18 are endemic in Balkans. The vegetation of the study area consists 

mainly of deciduous forests and coniferous reforestation plantations, maquis and bare land. 

The forest is also home to rich fauna, including large populations of wild boars, roe deers, hares 

and partridges. In particular, Mount Cholomontas was granted protection under an EU order, 

mainly with regards to the predator birds living in the forest. 

a b 

Figure 3.7 Vegetation map of Taxiarchis from the Management Plan (a) and the Fire Management Plan 
(b). 

 

3.2.3 History and Management regime 

The University Forest in Taxiarchis is a publicly owned forest estate that has been granted to the 

Aristotle University of Thessaloniki for purposes of training, research and exemplary 

management, since 1934. The forest also bears rights for sheep and cattle grazing as well as 

logging to cover the needs of villagers for fuel wood and timber to construct stables. 



 3. STUDY AREAS AND DATA DESCRIPTION 

62 

 

The systematic and sustainable management of the forest over the last decades has encouraged 

local populations to continue to reside in their villages. The main forest products include oak, 

beech, pine firewood and charcoal. Since the forest is not mature enough, little timber is 

produced (wooden beams, planks, parquet elements, etc.). Agricultural fields of the area are 

mostly covered by fir trees that are traded as Christmas trees since 1969. There are more than 2 

million fir trees in the area, offering income opportunities to villagers, protecting the land and 

providing shelter to wildlife. The area is also of great apicultural interest. The main threats of the 

forest are illegal grazing, illegal logging and forest fires. 

Taxiarchis forest has a rich history of forest fires. Between 1977 and 2007 there have been 18 

documented fire events that burned 96 ha of mostly forest land. However, the percentage of 

infertile or bare land is insignificant due to the great effort made by the management of the 

forest for the rehabilitation and return to the production process of these surfaces. 

Since 1971, a 10 year Management Plan is formed and used for the forest management. 

Currently, the forest is divided into 6 forest systems and managed accordingly: 

1. maquis system - silvicultural rotation 30-35 years 

2. Quercus high forest passage system - silvicultural rotation 100-120 years 

3. Quercus coppice system 

4. Fagus high forest passage system- silvicultural rotation 100-120 years 

5. Pine forest after underplanted in Quercus stands system 

6. Pine forest after underplanted in maquis system 

3.3 DATASET DESCRIPTION 

The data used in this study come from satellite and airborne sensors, as well as from thematic 

imagery photointerpretation and extensive field surveys, and are further described in the 

following sections. 

3.3.1 Imagery 

Hyperion was designed as a technology demonstration to build and maintain a “science” grade 

instrument to validate pushbroom performance and support evaluation of hyperspectral 

technology applications on a global scale.  
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Hyperion is a high resolution hyperspectral pushbroom, imaging spectrometer capable of 

resolving 242 spectral bands (from 0.4 to 2.5 μm) with a 30-meter resolution and provides 

radiometrically calibrated spectral data. Since Hyperion is a pushbroom system, the entire 7.65 

km wide swath is obtained in a single frame.  It has a single telescope and two spectrometers, 

one visible/near infrared (VNIR) and one short-wave infrared (SWIR). 

Since 2001 USGS distributes Hyperion data in processing Level 1R, which have been processed 

for: smear and echo artifacts correction, background removal, radiometric calibration, DN 

rescale, bad pixel mask generation, VNIR/SWIR alignment and output data preparation. 

Hyperion data products are provided in 16-bit radiance values, in Hierarchical Data Format (HDF) 

version 4.1r5, and are delivered tarred and gzip-compressed. The data files are organized in 

band-interval-by-line (BIL) format, and the byte order is Network (IEEE) integer. Values represent 

absolute radiance values with a scaling factor of 40 for VNIR bands and80 for SWIR bands. Level 

1R product is radiometrically corrected with no geometric correction applied while the later 

Level 1Gst product is radiometrically corrected and resampled for geometric correction and 

registration to a geographic map projection. The data image is ortho-corrected using digital 

elevation models (DEM) to correct parallax error due to local topographic relief. The source of 

DEM used varies according to local availability of elevation information. 

Two images were acquired for this study. Their characteristics are shown in table 3.1. 

Table 3.1 Characteristics of the two Hyperion images used in this study. 

 
Thassos Taxiarxis 

scene name EO1H1830322003213110PZ.L1R EO1H1830322008287110PY_L1T 

date of acquisition 01-08-03 13-10-08 

spatial resolution 30 m  30 m  

spectral resolution 10 nm 10 nm 

VNIR calibrated bands 8-55 (426 - 895 nm ) 8-55 (426 - 895 nm ) 

SWIR calibrated bands 77-224 (912 - 2396 nm) 77-224 (912 - 2396 nm) 

NW Corner 41°01'49"N, 24°43'28"E 40°40'41"N, 23°33'18"E 

NE Corner 41°00'47"N, 24°48'47"E 40°39'42"N, 23°38'31"E 

SW Corner 40°15'17"N, 24°28'10"E 39°50'23"N, 23°17'14"E 

SE Corner 40°14'17"N, 24°33'26"E 39°49'25"N, 23°22'23"E 

Look Angle 3.8431 1.8361 

Sun Azimuth 131.153506 155.116086 

Sun Elevation 59.701685 38.561229 

Processing level  1R 1Gst 
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3.3.2 Field data 

The major components of a sampling strategy include sampling unit (pixels or polygons), 

sampling design, and sample size (Muller et al., 1998). 

A stratified random sampling scheme was chosen to assess the accuracy of the maps produced 

throughout this study. ENVI software was used to create 265 random points in the case of 

Thassos and 172 in the case of Taxiarchis, stratified according to preliminary classification result. 

The number of points was indicated by Fitzpatrick-Lins (1981) formula (euation 3.1), for Ζ=1.96, 

p= 85% and E= 5%. 

N = Z
1pq
E1  eq. 3.1 

 

where: 

p is the expected percent accuracy,  

q	=	100	–	p,  

E is the allowable error, and  

Z = 1.96 from the standard normal deviant for the 95% 2-sided confidence level. 

These points were visited and sampled by a team of 2 experienced foresters, with the use of a 

Garmin 550t GPS.  

The sampling coordinates were located on the ground. Taking into account the 30 meter 

resolution of the image and the locational accuracy of the GPS device, homogenous areas of 

90m by 90m were necessary to provide a valid sample unit. In the case of a sampling point not 

meeting this criterion, a homogeneous area at the nearest proximity of the indicated sampling 

point was sampled and assigned a label. The coordinates of the sampling point were readjusted 

when processing. 

Thassos is a typical case of Mediterranean landscape where maquis, phrygana, olive trees, bare 

land and pines mix in various patterns and scales. In Hyperion’s 30 meter pixel or 900 square 

meters on the surface, it is apparent that more than one of these covers coexists resulting in 

mixed spectra reaching the satellite sensor. 
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Key features of the ground truth sampling are listed below: 

• Each sampling point was assigned a class label. 

• Sampling units with over 30% forest tree cover were considered forest and a species 

label was assigned. 

• To bridge the time gap between imagery acquisition and field survey, expert knowledge 

of the processes of the ecosystem and local history were combined and evaluated 

before assigning the label. 

• While most of the points were visited, there were some clearly viewed from other 

locations, and assigned a label remotely. Some of the points were impossible to 

approach and they were assigned a label by photo interpretation.  

Tables 3.2and 3.3 show the number of sampling points per landcover class, after processing, for 

Thassos and Taxiarchis. Figure3.8 shows the geographic location of sample points collected in 

the study areas. 

   Table 3.2 Sampling points in Thassos 

Thassos 

landcover 

classes 

number of points 

sampled in the field  

Pinus brutia  62  

Pinus nigra  61  

broadleaved  14  

agricultural land  25  

maquis 28  

phrygana 42  

bare land  33  

TOTAL  265  
 

  Table 3.3 Sampling points in Taxiarchis 

Taxiarchis 

landcover classes 

number of points 

sampled in the field 

Querqus frainetto  62  

Fagus sylvatica  10  

Pinus nigra 20  

Pinus brutia  21  

agricultural land  12  

maquis 31  

bare land  16  

TOTAL  172  
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a 

 
 
 

b 

Figure 3.8 Sampling locations in (a) Thassos ans (b) Taxiarchis. 

 

3.3.3 Reference data 

Several reference datasets were used in the course of this study such as digital land use/cover 

maps, digital aerial ortho-photographs, digital elevation models and orthorectified Landsat 5TM 

imagery. 

Datasets used in the preliminary phase as reference data: 

In the case of Thassos: 

1. Digital map of the local Forest Service based on the digitizing of aerial ortho-

photographs of 1975 and field visits (MMU = forest stand, 2 ha). It was used to locate 

the conifer species found in the island. It is safe to assume that where major disturbance 

has not occurred (file, logging) mature forest inhabits the same locations.  

2. Digital map of the fires that occurred in the study area in 1985 (size: 8.130 ha) and 1989 

(size: 8.540 ha). There was no reference of the areas affected by fire prior to the field 

visit. 
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3. Digital landcover map based on digitizing on ortho-photographs of 1986. The general 

shapes of the main landcover types were used as guidance in the training and evaluation 

exercise. 

4. Digital landcover map of the island produced by OPEKEPE. In this map there was no 

information regarding forest species. All forest species were grouped in the class 

“forest”. It was used to give insights for the rest of the classes as well as the general 

distribution pattern. 

5. Cadastre map server with aerial ortho-photographs of 2009 (spatial resolution 1m). 

Knowledge of the study area in such spatial detail was valuable in several cases, even 

though the time gap between datasets acquisition dates and the lack in information on 

forest species. 

6.    Digital Elevation Model (DEM) of the area with 30m spatial resolution. 

In the case of Taxiarchis: 

1. Digital landcover map based on the digitizing of aerial ortho-photographs of 2006. This 

map depicting landcover information at species level was produced within a Fire 

Management Plan framework. 

2. Digital landcover map based on the digitizing of aerial ortho-photographs of 2000. This 

map also depicts landcover information at species level and was produced as a 

component of the Forest service Management Plan. It is interesting to note that 

although the production method and date of this and the above mentioned dataset are 

very similar these maps show substantial differences. This is a typical shortcoming of 

manual digitizing as it heavily depends on analyst’s personal interpretation. 

3. Cadastre map server with aerial ortho-photographs of 2009 (spatial resolution 1m). 

Imagery of the study area, though highly unusual for this product, was of winter time so 

deciduous species were captured without foliage making them indistinguishable.  

3.3.4 Computing environment 

All data used in this study, besides the field collected data, were acquired in digital form. Their 

analysis was done in a Windows 2007 environment, using commercial remote sensing and GIS 

software, such as ENVI, Definience, ERDAS, and ArcMap. Also, a Graphical  User  Interface  (GUI)  
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which  uses  the  LIBSVM  software  (Chang  and  Lin,  2011)  was  developed  in  MATLAB, for a 

function that was not available commercially. 

3.4 CHAPTER CONCLUSIONS 

The key points discussed in this chapter are summarized below. 

� Both study areas are typical landscapes of the Mediterranean region.  

� Thassos study area forms a simple pattern of forest landscape with two pine species, 

namely P. brutia and P. nigra, growing in quite separate zones. Other landcover, 

phrygana, maquis, agricultural and bare land are also key components of the landscape.  

� Taxiarchis study area forms a more complex mosaic. Q. frainetto dominates the largest 

part of the forest; while fewer stands of F. sylvatica as well as reforestation plantations 

of P. brutia and P. nigra are also present together with an extended maquis area. 

� Mapping four forest species is under investigation. Two of them, namely P. brutia and P. 

nigra are present in both study areas. They belong to the same genus; fact that gives 

them plethora of common characteristic and spectral responses with subtle differences. 

The other two species Q. frainetto and F. sylvatica are deciduous species often found in 

adjacent stands. 

� Two summer Hyperion images were used for this investigation. Their 30 meter spatial 

resolution is assumed to provide maps in scale 1:60,000 or less, with minimum mapping 

unit of approximately 1ha. 

� Field data were collected using a stratified random sampling scheme. 265 and 172 points 

were sampled in Thassos and Taxiarchis respectively in order to be used for the accuracy 

assessment of the produced maps. 
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DATA PREPROCESSING 

Chapter 3 described the geomorphology, climate, landcover and management history of the two 

study areas, as well as the various data used in this study. This chapter outlines the importance 

of preprocessing Hyperion imagery and thoroughly describes the techniques used to enhance the 

images prior to subsequent image analysis. 

 
Imagery preprocessing is a key component of hyperspectral analysis, particularly with images 

from an experimental satellite sensor such as EO1 Hyperion and especially in studies where the 

outcome is potentially a product to be used for resource management. Most remotely sensed 

data are processed through a set of preprocessing or clean-up routines that remove or correct 

unwanted artifacts (both geometric and radiometric) (Chavez, 1988).  

Since Hyperion operates from a space platform with consequently modest surface signal levels 

between 50 and 150 des (Pearlman et al., 2003) and full-column atmospheric effects, its data 

demand careful processing to manage sensor and processing noise (Datt et al., 2003). As found 

during this study, failure to address any of the various integral artifacts, leads to 

characteristically flawed results. Hyperion has a low signal to noise ratio in comparison to 

airborne hyperspectral sensors, the result of signal lost to atmospheric absorption and the 

reduced energy available from surface reflectance at orbital altitude. In addition, detector arrays 

used in the Hyperion sensor were “spares” originally designed for another purpose, which 

further decreases the signal to noise ratio (Jupp and Datt, 2004). As a result, Hyperion data 

require preprocessing to address problems of miscalibration and noise before use (Goodenough 

et al., 2002; Han et al., 2002; Datt et al., 2003). 

Hyperion imagery has many shortcomings that need to be addressed before it gets into analysis. 

The two images were obtained in different processing level by the provider, so the 

preprocessing steps varied accordingly (Figures 3 and 4). Many have proposed custom 

algorithms and techniques to correct and process Hyperion data (Staenz et al., 2002; 
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Goodenough et al., 2003; Liang, 2004; Khurshid et al., 2006). however this is out of the scope of 

this study. Tools and techniques readily available in commercial software packages are used 

throughout this study so that any useful result can be straightforwardly replicated. 

 

Figure 4.1 Preprocessing steps of this study. 

4.1 Import 

Hyperion Tools plug-in of ENVI v5 suite was used to convert the .LR1 and 1Gst files to ENVI 

compatible format, which contains wavelength, FWHM and bad band information. The new file 

format is fully functional and allows for accurate manipulation of data. This import function also 
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provided the scale factors necessary to the FLAASH model, which was used for the atmospheric 

correction as discussed in section 4.3. 

4.2 Smile 

Spectral Smile is an identified effect of the Hyperion imaging spectrometer (Neville at al., 2003) 

and there has been an effort for prelaunch smile estimates. However, Hyperion prelaunch smile 

estimates are inapplicable, as the smile appearance varies from scene to scene (Neville at al., 

2008). Smile is a cross track wavelength shift between 2.5 – 4.2 nm in the VNIR bands, caused by 

the change of dispersion angle with target position (Goodenough et al., 2003). Some suggest 

that the smile effect should be considered an inherent part of the data, thus they do not include 

its correction in the preprocessing steps (Vyas et al., 2011; Petropoulos et al., 2012). However, 

during this study it was noted that smile led to inadequate atmospheric correction, noisy 

reflectance product and low thematic accuracy, thus correction was considered necessary. No 

standard correction method is available (Dadon et al., 2010; San and Süzen, 2011). Kennedy et 

al., (1997), suggested that an intelligent use of empirical models for a description of the 

bidirectional reflectance from vegetated surfaces can be used for the correction of brightness 

gradients in airborne line scanner imagery. Such an approach is implemented by the Cross Track 

Illumination Correction module (CTIC) in ENVI software, which is the only commercially available 

tool for this purpose. 

 
Figure 4.2 Plot of row average DNs and the fitted polynomials 
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In the case of Thassos, where the image was acquired in processing level 1R, CTIC was used to 

minimize this effect (Figure 4.3). 

The routine calculates the overall row average digital numbers (DNs) within an image and then 

fits a polynomial to the averages, for each band, to remove variation and potentially correct the 

reflectance data in the cross-track direction.  

Although smile is not observable in spectral space, it becomes obvious once the data are 

transformed to MNF space. Figure 4.2a shows the Smile effect in 1st MNF component and Figure 

4.2b shows the same component after the CTIC. CTIC was implemented on a masked image, 

where sea and clouds were removed in order for the column means used during the correction 

to be more representative of the area under investigation. 

(a)  (b)  

Figure 4.3 Smile effect, apparent in 1st MNF component prior to the CTIC (a), and minimized after 

CTIC (b) 

 

In the case of Taxiarchis, where the image was acquired in processing level 1Gst, this module 

could not be used; smile was not corrected and was carried into subsequent analysis. 
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4.3 Atmospheric correction 

FLAASH is a model-based atmospheric correction tool that corrects wavelengths in the visible 

through near-infrared and shortwave infrared regions, up to 3 μm (RSI, 2001). Unlike many other 

atmospheric correction programs that interpolate radiation transfer properties from a pre-

calculated database of modeling results, FLAASH incorporates the MODTRAN4 radiation transfer 

code (Berk et al., 1998). FLAASH derives atmospheric properties such as surface pressure, water 

vapor column, aerosol and cloud overburdens, and incorporates them into a correction matrix to 

finally invert ‘radiance-at-detector’ measurements into ‘reflectance-at-surface’ values. It also 

offers an additional option of correcting light scattered from adjacent pixels.  Spatially averaged 

reflectance is used to account for the “adjacency effect’’ - radiance contributions that, because 

of atmospheric scattering, originate from parts of the surface not in the direct line of sight of the 

sensor (AdlerGolden et al., 1999; Mathew et al., 2000). 

FLAASH starts from a standard equation for spectral radiance at a sensor pixel, L, that applies to 

the solar wavelength range (thermal emission is neglected) and flat, Lambertian materials or 

their equivalents. The equation is as follows (equation 4.1): 

6 = 7 Aρ
1 − ρ:S< + 7

Bρ:
1 − ρ:S< + 6>  eq. 4.1 

 

where:  

ρ is the pixel surface reflectance 

ρe is an average surface reflectance for the pixel and the surrounding region 

S is the spherical albedo of the atmosphere 

La is the radiance back scattered by the atmosphere 

A and B are coefficients that depend on atmospheric and geometric conditions but not on the 

surface. 

FLAASH allows several parameters to be set by the analyst (Figure 4.4). It also incorporates 

options such: 

• water retrieval 

In order to solve the radiative transfer equations, FLAASH includes a method for retrieving the 

water amount for each pixel instead of using a constant water amount for the entire scene. This 
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way produces a more accurate correction than in the first case. This option was used in the 

study. 

• spectral polishing 

Polishing is a term used by Boardman (1998) for a linear renormalization method that reduces 

spectral artifacts in hyperspectral data using only the data itself. This option was used in the 

study. 

• wavelength recalibration 

An accurate wavelength calibration is critical for atmospherically correcting hyperspectral data. 

Even slight errors in the locations of the band center wavelengths can introduce significant 

errors into the water retrieval process, and reduce the overall accuracy of the modeled surface 

reflectance results. To minimize such errors, FLAASH includes a method for identifying and 

correcting wavelength miscalibrations. It was found that this option provided no further 

improvements in the atmospheric correction, thus it was not used in this study. 

Examination of vegetation spectral signatures in the output reflectance image showed that they 

follow the typical vegetation spectral curve (Figure 4.6.b). 

 
 

Figure 4.4 Parameters used in the atmospheric correction of Thassos image. 
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4.4 Further enhancement 

After the atmospheric correction, some of the Hyperion bands recorded no data or were too 

noisy, so they were removed from the image cube, resulting in a 141 band image in the case of 

Thassos and 131 in the case of Taxiarchis. The selection complied with the band selection 

principles presented by Datt et al. (2003), who proposed a 155-band ‘stable’ subset to further 

avoid residual atmospheric noise for the application of agricultural indexes. Tsai et al. (2007) on 

the same basis retained 95 bands and, Pengra et al. (2007) 147. 

In the case of Thassos it was also observed that some of the pixels of the 141 band image had 

reflectance values beyond the point of what is physically acceptable. After visual inspection it 

was noted that those pixels depicted parts of the marble quarries and that these unacceptable 

values were due to sensor saturation. These values were removed and replaced with 

neighboring ‘quarry’ pixel values. 

Masks were also created to exclude cloud, cloud-shadow and sea pixels from analysis. 

4.5 Geometric correction 

Geometric correction is aimed to avoid image geometric distortions, typically contained in digital 

images collected from airborne or spaceborne sensors. Some of these distortions can be 

corrected by matching image coordinates of physical features recorded by the image to the 

geographic coordinates of the same features collected from a map or global positioning system 

(GPS). This is referred to as ground control point (GCP) registration. 

Jensen (2005) described geometric correction as a four step process which includes: 

•  Identification of Ground Control Points (GCPs) in the original imagery and the reference map 

• mathematical modeling of the geometric distortion, by fitting the GCPs into a  polynomial 

equation using least-square criteria 

• relocation of every pixel in the original input image (x’, y’) to its proper position in the rectified 

output image (x, y) 

• extraction of the brightness value for every pixel from its (x’, y’) location in the  original image 

and its relocation to the appropriate (x, y) coordinate location in  the rectified output image 

(image resampling). 
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The fitness of the mathematical model, which is built using the GCPs, is calculated by the Root 

Mean Square Error (RMSE) between the predicted and known image location (equation 4.2). 

RMSE is generally reported in units of image pixels and according to Luque (2000) it should be 0 

≥RMSE≤ 0.6. 

?@A = BCDEFGH − DIJKLJM1 + C�EFGH − �IJKLJM1 (eq 4.2)

 

The images were geometrically corrected using Landsat 5TM orthorectified images in UTM 

(zone35 for Thassos, zone34 for Taxiarchis) coordinate system. Ground control points pairs (19 

for Thassos, 17 for Taxiarchis) evenly distributed in the whole extend of the image were located 

and 1st order polynomial models and a nearest neighbor resampling method were chosen. RMSE 

was 0.481 in the case of Thassos and 0.387 in the case of Taxiarchis. 

4.6 Topographic correction 

Imagery from mountainous regions often contains a radiometric distortion known as 

topographic effect. Topographic effect results from the differences in illumination due to the 

angle of the sun and the angle of the terrain. This results in pixels which although represent the 

same landcover, have particularly different reflectance values because of the different 

orientation to the sun's position. Several studies have shown the advantages of correcting the 

topographic effect (Tokola et al., 2001; Gitas and Devereux, 2006). 

Satellite images are often normalized according to the cosine of the effective illumination angle 

(Smith et al., 1980) assuming Lambertian reflectance characteristics. The cosine correction is a 

statistic-empirical method described by equation 4.3, where: 

6 = 7 Aρ
1 − ρ:S< + 7

Bρ:
1 − ρ:S< + 6>  

 

(eq 4.3)

 

LH   is the radiance observed for horizontal surface;   

LT  is the radiance observed over sloped terrain;   

sz   is the  sun's zenith angle;   

i   is the  sun's incidence angle in relation to the normal on a pixel.   
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In the case of Thassos a Digital elevation model (DEM) was used as well as solar elevation and 

azimuth at time of image acquisition, to topographically correct the image, using ERDAS Imagine 

2011 (Figure 4.5). In the case of Taxiarchis an adequate DEM was not available, thus topographic 

correction was not applied. 

 
 (a) 

 
(b) 

Figure 4.5 P. nigra stands with different orientation, prior (a) and post (b) topographic correction. 

4.7 MNF transformation 

The MNF transformation has been used in a number of studies with aerial imagery (Aspinall, 

2002; Zhang and Xie, 2013) and Hyperion imagery (Goodenough et al. 2003; Galvao et al., 2005; 

Mundt et al., 2005; Pengra et al., 2007; Pignatti et al., 2009) for data dimensionality reduction. 

The MNF transformation determines the inherent dimensionality of image data, segregates 

noise in the data, and reduces the computational requirements for subsequent processing 

(Boardman and Kruse, 1994). The MNF transformation as modified from Green et al. (1988) is 

essentially two cascaded Principal Component’s transformations. The first transformation, based 

on an estimated noise covariance matrix, decorrelates and rescales the noise in the data, 

resulting in transformed data in which the noise has unit variance and no band-to-band 

correlations. The second step is a standard Principal Components transformation of the noise-

whitened data. Chen (2000), studied the performance of Princilpal Components Analysis (PCA), 

an alternative commercially available dimensionality reduction method, and MNF in AVIRIS data 

and reaffirmed the findings of Lee et al. (1990) and Green et al. (1998), that the MNF 

transformation is more reliable that PCA when the image quality is the primary concern. 
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Moreover, Mundt et al. (2005) compared PCA and MNF preprocessing in a classification exercise 

and reported better results with the MNF transformed data. 

(a1) (a2) 

(b1) (b2) 

(c1) (c2) 

 

P. brutia 
P. nigra 
deciduous 
agricultural  
maquis 
phrygana 
bare land 

 

Q. frainetto 
F. sylvatica 
P. nigra  
P. brutia 
maquis 
bare land 

Figure 4.6 Spectral signatures of the classes of the classifiacation schemes of the two study areas (1 - 
Thassos, 2 – Taxiarchis) in (a) radiance space (prior to atmospheric correction), (b) reflectance space 
(after atmospheric correction) and, (c) MNF space. 

 



 4. DATA PREPEOCESSING 

79 

 

Datt et al. (2003) showed that handling the VNIR and SWIR data separately provides greater 

capacity to manage the noise in Hyperion images, due to its different structure in the two arrays. 

Additionally, Tsai et al. (2007) developed a spectrally segmented PCA based on the established 

knowledge that biological factors of plant leaves affect the spectral reflectance of vegetation 

over different ranges of wavelength (Chelle et al., 1998; Bell and Baranoski, 2004) and improved 

classification results compared to the ones obtained with the use of traditional PCA. Miao et al. 

(2011) also used a spectrally segmented MNF approach.  

Based on the above mentioned research findings, the MNF transformation was used in this 

study. The data cube was divided in two parts, namely VIS (436.9 to 905.0nm) and SWIR (915.2 

to 2355.2nm) before taken into the MNF transformation. 

After the spectral segmentation, MNF was applied independently to each spectral part. The 

statistics of the data noise content are often calculated from a homogenous subset of the image 

assuming that noise is the same for the whole image. This approach was adopted in this study. 

Based on the eigen analysis and visual inspection, the first few MNF bands of each segmented 

group were collected and stacked to form a new MNF component image to be taken into the 

classification exercise (Figure 4.6c).  

4.8 CHAPTER CONCLUSIONS 

The key points discussed in this chapter are summarized below. 

� Tools and techniques readily available in commercial software packages are used 

throughout this study so that any useful result can be straightforwardly replicated. 

� Hyperion Tools plug-in within the ENVI v5 suite was used to convert the .LR1 and 1Gst 

files to ENVI compatible format that allows for accurate manipulation of data. 

� The CTIC tool was used to correct smile, an integral cross track wavelength shift present 

in Hyperion imagery. This correction was only possible for the case of Thassos, as in the 

case of Taxiarchis the 1Gst level of acquisition prohibited its use. 

� The FLAASH model was use to convert at sensor radiance of the raw images to apparent 

surface reflectance and minimize the influence of the atmosphere as well as 

accommodate for the ‘adjacency effect’. 
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� Hyperion bands which after the atmospheric correction recorded no data or were too 

noisy, were removed from the image cube. 

� Geometric correction using GCPs, 1st polynomial models and the nearest neighbor 

resampling method was implemented for both images, to obtain images registered to 

maps. After this registration the images could be used in conjunction with other 

available data, also registered to the same coordinate system. 

� Topographic correction was implemented on the Thassos image, where a DEM was 

available, in order to account for the differences illumination of areas due to the angle 

of the sun and the angle of the terrain. 

� The MNF transformation was used to determine the inherent dimensionality of data, 

segregate noise, and reduce the computational requirements for subsequent processing. 

The VNIR and WSIR bands of the image were treated separately and the statistics used 

to parameterize the transformation were calculated from a homogenous subset of the 

image rather than the whole image. 
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5  

SPECTRAL ANGLE MAPPER IN MEDITERRANEAN FOREST SPECIES 
MAPPING 

Chapter 4 discussed the preprocessing methodology that was followed, in order to enhance the 

images to be carried into further image analysis. Chapter 5 describes the investigation of the 

methodology developed employing the SAM classifier. Along with the presentation of the 

methodology and the acquired results, this chapter also discusses the various aspects that 

influence the efficiency of the methodology, and the value of the produced maps. 

 

5.1 METHODOLOGY 

5.1.1 Classification schemes 

Guided by: 

� the spectral and spatial resolution of the images,  

� the landscape of the study areas, and  

� the aim of this study 

the classification schemes shown in table 5.1 were designed. 

Table 5.1 Classification schemes of the two study areas. 

Thassos Taxiarchis 

1. Pinus brutia 1. Quercus frainetto 

2. Pinus nigra  2. Fagus sylvatica 

3. Deciduous species (Platanus sp., Quercus sp., Ficus sp.) 3. Pinus nigra 

4. Agricultural land (vast majority Olea sp.) 4. Pinus brutia 

5. Maquis 5. Maquis 

6. Phrygana 6. Bare land 

7. Bare land 
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It was decided to approach the classification of the area as a landcover mapping exercise, in the 

sense that the entire image would be classified, as opposed to only the forest species. However, 

in both study areas, all efforts were directed to the forest species mapping, treating the rest of 

the classes as of complementary importance. 

The nomenclatures formed for this study are the following: 

� Pinus brutia class includes Pinus brutia forest stands of trees over 15 years old, with 

various understory and estimated cover over 30%.  

� Pinus nigra class includes Pinus nigra forest stands of trees over 15 years old, with 

various understory and estimated cover over 30%. 

� Broadleaves class includes various broadleaved trees, mostly Platanus sp., Quercus sp., 

Castanea sp., Ficus sp. and other riverain vegetation. 

� Agricultural land class includes mostly orchards of Olea sp. and other fruit trees. 

� Maquis class includes maquis as well as shrublands with scattered trees. This class may 

include areas with mix of maquis and Pinus sp. under 15 years old or forest cover lower 

than 30%.  

� Phrygana class includes typical phryganic vegetation or other scattered or herbaceous 

vegetation with high degree of soil exposure. 

� Bare land class includes residential areas, quarries and other non vegetated areas. 

� Quercus frainetto includes Quercus frainetto coppice or high stands of all ages, with 

estimated cover over 30%. 

� Fagus sylvatica includes Fagus sylvatica high stands of all ages, with estimated cover 

over 30%. 

5.1.2 Training samples 

SAM is a supervised classification method, which requires from the analyst to provide 

description of the classes to be distinguished, by providing typical representatives as training 

samples for each class. SAM compares the angle between the training spectra vectors of each 
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class to the candidate pixel vector of unknown class, in n-dimensional space. It assigns to each 

candidate the label of the class of which the angle between the candidate and training sample is 

the smallest. 

Table 5.2. Training point used per class in Thassos and Taxiarchis 

class number of training points 

Thassos  

1. Pinus brutia 48 

2. Pinus nigra  41 

3. Deciduous (Platanus sp., Quercus sp., Ficus sp.) 18 

4. Agricultural land (mostly Olive orchards) 23 

5. Maquis 16 

6. Phrygana 20 

7. Bare land 56 

Taxiarchis  

1. Querqus frainetto 210+100 

2. Fagus sylvatica 30 

3. Pinus nigra 30 

4. Pinus brutia 30 

5. Maquis 50+30 

6. Bare land 60 

 

Spectra from spectral libraries (collected either in the field or in the laboratory) or image spectra 

may be used to train the classifier. In this study, image spectra were used. Several studies that 

used field collected spectra reported low compatibility when used to classify remote sensed 

images Lee et al. (2007) found that canopy-level spectral characteristics of forest stands did not 

quite correspond with the leaf-level reflectance spectra. Rao (2006) used two sets of reference 

spectra, the first one from in situ measurements and the second one derived from the Hyperion 

image itself. A higher OA accuracy (88.8%) was obtained at the second case.  

Cingolani et al. (2004), identified the selection representative training sites as one between the 

major problems when employing medium spatial resolution imagery. However, selection of 

training samples must consider the spatial resolution of the remote-sensing data being used, 

availability of ground reference data, and the complexity of landscapes in the study area (Lu and 

Weng, 2007). 
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An arbitrary number of image pixels, intentionally kept to the minimum, were chosen from what 

was considered typical pixel of each class, referencing knowledge of the region, use of available 

thematic maps and visual interpretation of VHR images of the scenes. These pixels were used to 

train the SAM classifier (table 5.2). 

5.1.3 SAM Parameters 

As implemented by ENVI, SAM allows the choice of a maximum angle threshold per class, for the 

assignment of a class label to a pixel. The maximum allowed value 1 was used for all classes, as 

lowering this threshold several pixels remained unclassified.  

5.2 RESULTS 

5.2.1 Thassos 

The implementation of SAM on the Hyperion image of Thassos as described above resulted in 

the map shown in Figure 5.1. However, as the objective of the study is to map the two forest 

species, the rest of the cover classes were grouped to one other class, namely ‘other’. Figure 5.2 

is the map of the resulting three classes, namely ‘P. brutia’, ‘P. nigra’ and ‘other’, excluding the 

area covered by clouds and their shadow. According to these maps 1,700 ha of the study area 

are covered by P. brutia, and 1,740 ha are covered by P. nigra.  

To estimate the accuracy of the map and refer the value of the product, reference data collected 

during field surveys were used.  

A confusion matrix (table 5.3) was populated by labels assigned to pixels by the classifier, and 

labels assigned to the respective reference data; cross-tabulated, using geographic location as 

key. 

The matrix was analyzed with four measures of agreement, namely KIA, OA, user’s and 

producer’s accuracy (Cohen, 1960; Story and Congalton, 1986). 
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Table 5.3 Confusion matrix of the implementation of SVM in Thassos. 
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P. brutia 55 0 0 1 1 0 0  88.7 96.5 

P. nigra 0 59 0 0 0 4 1  96.7 92.2 

deciduous 2 0 14 0 1 0 0  100 82.4 

agricultural land 0 0 0 22 2 2 0  88.0 84.6 

maquis 4 1 0 2 17 0 1  60.7 68.0 

phrygana 0 1 0 0 3 36 0  85.7 90.0 

bare land 1 0 0 0 4 0 31  93.9 86.1 

TOTAL 62 61 14 25 28 42 33  
  

 

The OA of the complete classification scheme map was 88.4%, and the KIA was 0.859. However, 

as the objective of the study is to map the two forest species, the rest of the cover classes were 

grouped to one other class, namely ‘other’. In this case, the OA of the map was 94%, and the KIA 

was 0.9, respectively. 

 

Figure 5.1 Thassos map of the seven landcover classes produced by SAM. 
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Figure 5.2 Thassos species map produced by SAM (other classes grouped). 
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5.2.2 Taxiarchis 

The implementation of SAM on the Hyperion image of Taxiarchis as described above resulted in 

the map shown in Figure 5.3, excluding the area covered by clouds and their shadow. As in 

Thassos, the secondary landcover was grouped into a new class, namely ‘other’. Figure 5.4 is the 

map of the resulting five classes, namely ‘Q. frainetto’, ‘F. sylvatica’, ‘P. nigra’, ‘P. brutia’ and 

‘other’. 

The confusion matrix is shown in table 5.4, together with the user’s and producer’s accuracy. 

The OA of the complete classification scheme map was 80%, and the KIA was 0.751. When the 

rest of the cover classes are grouped to one ‘other’ class the OA of the map does not change as 

there is no confusion between maquis and bare land. 

According to this map, 1,690 ha of the study area are covered Q. frainetto, 480 ha are covered F. 

sylvatica, 600 ha are covered by P. nigra and 780 ha are covered by P. brutia. 

Table 5.4 Confusion matrix of the implementation of SAM in Taxiarchis. 
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Q. frainneto 45 6 0 1 1 1  73.7 83.3 

F. sylvatica 6 5 1 0 1 0  45.4 38.5 

P. nigra 1 0 18 0 1 0  90.0 90.0 

P. brutia 1 0 0 19 4 0  90.5 79.2 

maquis 8 0 0 1 24 0  77.4 72.7 

bare land 0 0 1 0 0 27  96.4 96.4 

TOTAL 61 11 20 21 31 28    
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Figure 5.3 Taxiarchis map of all the landcover classes produced by SAM. 
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Figure 5.4 Taxiarchis species map produced by SAM (other classes grouped). 
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5.3 DISCUSSION 

A methodology based on SAM was designed to map Mediterranean forest species in two typical 

Greek forests, with varying species and distribution pattern complexity. This methodology was 

the first one to be implemented, as SAM is the most straightforward between the techniques 

investigated. 

The classification schemes were designed based on the spatial resolution of the images, the 

landscape of the study areas, and the aim of the study. The exercise was approached as a 

landcover mapping, to investigate the detection of the forest species both against each other, 

and against other landcover that coexist in the landscape. 

The 30 by 30 meter spatial resolution introduces mixture in two fashions. First, there is a 

landcover mixture in the arbitrary imposed pixel grid; particularly prominent in the versatile 

Mediterranean region. Further, there is spectral mixture between adjacent pixels, due to the 

scattering of light from neighbors into the target pixel. This ‘adjacency effect’ is documented for 

satellite sensors and it is allegedly accounted for by the atmospheric correction performed 

during preprocessing. 

The firm description of the classes is vital for a classification exercise, thus solid class 

nomenclatures were formed to denote the measurement of landcover that is anticipated. 

The training of the classifier was implemented in an iterative manner. Single samples, 

considered ‘pure’, were chosen for each class; however, this did not prove efficient as the 

resulted map barely depicted the study areas. With the intention to keep them to minimum, 

more training samples were added, up to the point that the accuracy of the maps increased to a 

sill. 

The training samples were chosen based on available thematic maps and VHR imagery, but were 

later adjusted based on observations made during the field surveys. 

Individual angle thresholding of classes was considered, however did not added any value to the 

maps, thus a single threshold was chosen. 

Most of the misclassification occurred due to landcover mixture in the image pixels. This was 

evident as the misclassification was minimal in large areas with the same cover, while it was 

increased in transition zones and areas where forest was of lower density; where trees, shrubs 

and bare land are in a continuous mix. 
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5.3.1 Thassos 

Thassos study area was the first to be investigated because of image availability. However, this 

was ideal, as the examination of a simple species distribution pattern was a rational choice for 

the study launch. 

In the case of Thassos, the two species under investigation belong to the same genus; fact that 

gives them plethora of common characteristic and spectral responses with subtle differences, 

making their mapping a very challenging task. It is interesting to note that P. brutia stands tend 

to be denser, with often impenetrable understory. On the other hand, P. nigra often forms open 

stands, with less understory and more obvious bare land. 

Preparatory investigation showed that preprocessing of the image allowed for superior 

classification results, with dimensionality reduction playing the decisive role. 

A visual comparison between the maps produced using the 10 MNF component image (Figure 

5.1.a) and the 141 spectral bands (Figure 5.1.b), is enough to illustrate the critical role of 

dimensionality reduction. It is apparent that in the second case, the distribution pattern of the 

species is nonexistent. 

 
a 

 
b 

Figure 5.5 (a) Thassos map of the seven landcover classes produced by SAM and MNF component 
image, (b) the respective map, produced by SVM and original spectral bands. 
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Field reference data, collected in 265 locations, were used to assess the accuracy of the map and 

the efficacy of the methodology. SAM proved to be very efficient in mapping the two Pinus 

species, achieving OA of 94% and KIA equal to 0.9. This level of accuracy is considered 

operational according to literature. 

A closer look of the confusion matrix reveals that there was no confusion between the two 

species. However, visual examination regarding knowledge of the area and available reference 

data indicated that there was some limited confusion in a North East mountainous area. Despite 

that, the identification of the two forest species was very successful. 

P. brutia was mostly confused with maquis, which can be mostly attributed to their proximity as 

they both extend in the lowland vegetation zone. The user's accuracy was higher than the 

producer's, 96.5 % and 88.7% respectively, which implies that it was overestimated rather than 

underestimated. 

P. nigra was mostly confused with phrygana and bare land, the two landcover with the less 

vegetation cover. This can be attributed to the lower density stands that this species form, 

condition that increases the contribution of soil spectra in the canopy spectra of these stands. In 

this case the producer’s accuracy (96.7%) was higher than the user’s (92.2%) indicating that 

there were more errors of commission the errors of omission (figure 5.6). 

 

Figure 5.6 Producer’s and user’s accuracy of SAM classification map for the two Pinus species of 
Thassos. 
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As indicated by the class statistics (see Figure 5.6), P. nigra was more accurately mapped than P. 

brutia. 

In any case, overestimation of bare land over what would be considered bare by a 

photointerpreter is given. This is because although small areas of bare land within a forested 

area would be considered insignificant by the photointerpreter and would be contained in a 

forest stand polygon, this is not the case in image classification, which only takes spectral 

attributes into consideration, and label these areas as bare land. 

5.3.2 Taxiarchis 

Taxiarchis study area forms a more complex mosaic. Q. frainetto dominates the largest part of 

the forest; while fewer stands of F. sylvatica as well as reforestation plantations of P. brutia and 

P. nigra are also present together with an extended maquis area. 

It should be noted that in the case of Taxiarchis, although agricultural land is present as 

described in section 3.2.2, fields were either with no vegetation cover at the time of the image 

acquisition, or covered with fir trees. In the first case they were regarded as bare land. In the 

second case, fields with fir trees were ignored because of their relative size to the spatial 

resolution of the image, which rendered them ‘undetectable’. 

The increased difficulty of mapping this more complex area was evident from the beginning of 

the exercise, as training the classifier was more challenging. Shadows due to the rough terrain 

were identified as the main obstacle, as the Taxiarchis image was not corrected for topography 

effects. In order to overcome this problem, training samples were separately collected for 

shadowed and non-shadowed areas of the same landcover classes. These classes were later 

merged during a post classification phase. 

Beside the shadow effect, another constraining factor was the small extend of F. sylvatica and P. 

nigra, which made it difficult to locate adequate training samples. It is interesting to note that 

narrow stands of these species mix in the North West of the area, which combined with the 

rugged terrain made this area the most problematic. 

Field reference data, collected in 172 locations, were used to assess the accuracy of the map and 

the efficacy of the methodology. SAM proved to be efficient in mapping the four forest species, 

achieving OA of 80% and KIA equal to 0.751. This level of accuracy is very close to be considered 

operational according to literature. 
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The lower producer’s accuracy (73%) indicates that Q. frainetto class was underestimated 

against maquis and F. sylvatica classes, also losing some areas to P. nigra and P. brutia classes. 

The user’s accuracy was higher (83%), indicating that fewer areas were erroneously assigned the 

Q. frainetto label, with F. sylvatica the most common between them. 

At the same time, F. Sylvatica class was mapped with unacceptable user’s and producer’s 

accuracy, 45% and 38% respectively. It was somewhat confused with Q. frainetto as mentioned 

above, with both commission and omission errors between these two classes. This result could 

be attributed to several reasons. First, the small extent of the F. sylvatica did not allow for 

optimal training sample collection. Adding to that, the spatial distribution pattern of narrow 

stands mixing with Q. frainetto and P. nigra gives this class lengthy borders, which as explained 

above are more prone to misclassification errors. In order to account for this weakness it would 

be rational to examine the phenology of the two deciduous species, to find whether imagery of 

different season allows for better discrimination between them. 

Another source of error was the confusion between P. brutia and maquis, which had already 

been noticed in the case of Thassos. Maquis were erroneously mapped as P. brutia, rather than 

P. brutia being erroneously mapped as maquis. Besides the aforementioned reasons, this could 

also be attributed to the fact that P. brutia and maquis often form mixed stands to which is 

difficult to draw a crisp nomenclature line and assign a single label. 

As apparent in Figure 5.7, SAM more accurately classified P. nigra, with P. brutia, Q. frainetto, 

and F. sylvatica following in the mentioned order. It was notable that the two pines were again 

mapped with very high accuracies between 79% and 90%, as in the case of Thassos, while F. 

sylvatica classification was unacceptable. However, the 90% producer’s accuracy of P. nigra is 

somehow misleading as the P. nigra label has also been assigned to several pixels that are 

covered with small fields with fir trees. As already discussed, it was decided to overpass Abies sp. 

classification because of the small extent relatively to the spatial resolution of the imagery. 

As explained in section 5.3.1 bare land overestimation is given, affecting the overall appearance 

of the map. 
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Figure 5.7 Producer’s and user’s accuracy of SAM classification map for the species of Taxiarchis. 

5.4 CHAPTER CONCLUSIONS 

The key points discussed in this chapter are summarized below. 

� SAM is the straightest forward of the techniques that were investigated in his study, and 

as such, it was the first one to be implemented. Thassos Island, where the spatial 

distribution of the forest species is simpler, was the first study area to be analyzed, while 

image analysis of the more complex Taxiarchis study area followed. 

� For both study areas, the classification schemes were designed based on the spatial 

resolution of the images, the landscape, and the aim of the study. The exercise was 

approached as a landcover mapping, in order to investigate the detection of the forest 

species both against each other, and against other landcover that coexist in the 

landscape. 

� Solid nomenclatures were formed to denote the measurement of landcover that is 

anticipated, and facilitate the robust implementation of the classification. 

� Image spectra, as opposed to library spectra, were used to train the classifier and effort 

was put to keep their number to the minimum. 

� In the case of Thassos the OA achieved was 94% and the respective KIA was 0.9. Both 

species, namely P. brutia and P. nigra, were mapped with very high user’s and 
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producer’s accuracy (>88%) and no confusion was noted between them. This was almost 

certainly facilitated by the simple distribution pattern of the two species. This conclusion 

is drawn, as it was revealed that most misclassification occurs in mixed pixels, where 

landcover meets within the boundaries of the 30 by 30 meters pixel boundaries. In this 

sense, the fact that in Thassos landscape the two Pinus species meet in limited areas 

allowed for very accurate mapping. 

� In the case of Taxiarchis the resulting map was of lower OA (80%) and KIA (0.751). This 

could be attributed to several factors. The first factor is that Taxiarchis image was not 

corrected for the spectral smile or the topographic effect, and thus it was of poorer 

quality at the point of getting into the main image analysis. Another reason is that more 

species were under investigation which multiplies the importance of misclassification. 

Also, the mix of the stands was continuous, lengthening the susceptible to 

misclassification borders between classes. 

� The investigation of SAM in two study areas revealed that the proposed methodology is 

efficient in mapping forest species in a regional level; however there is ground for 

improvement, especially for the more accurate classification of the two deciduous 

species, namely Q. frainetto and F. sylvatica. 

� It is interesting to note, that although Taxiarchis forest is a well spatially documented 

forest area , in the case of Thassos available maps date back to the 80’s, thus the map 

produced in this study is of increased value. 
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6  

SUPPORT VECTOR MASCHINES IN MEDITERRANEAN FOREST 
SPECIES MAPPING 

Chapter 5 discussed the investigation of a SAM based methodology to map Mediterranean forest 

species. Chapter 6 describes the investigation of the methodology developed employing SVM for 

the species level classification of the study areas. Along with the presentation of the 

methodology and the acquired results, this chapter also discusses the various aspects that 

influence the efficiency of the methodology, and the value of the produced maps. 

 

6.1 METHODOLOGY 

6.1.1 Classification scheme 

The classification schemes developed for the investigation of SAM were also used in this 

investigation (see section 5.1.1). 

6.1.2 Training samples 

As SVM is a supervised classification technique, a training set of vectors, each with a label class 

that attaches meaning to the vector, needs to be chosen in order to train SVM to provide correct 

class labels to the testing set of feature vectors with unknown labels. 

Due to reasons discussed in the section 5.1.2, image spectra were used for training the SVM 

classifier. The training samples collected for the investigation of SAM did not prove efficient for 

this classification technique, so new training samples were collected as shown in table 6.1. 
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Table 6.1. Training point used per class in Thassos 

class number of training points 

Thassos  

1. Pinus brutia 100 

2. Pinus nigra  100 

3. Deciduouss (Platanus sp., Quercus sp., Ficus sp.) 60 

4. Agricultural land (mostly Olive orchards) 60 

5. Maquis 100 

6. Phrygana 100 

7. Bare land 100 

Taxiarchis  

1. Querqus frainetto 300+140 

2. Fagus sylvatica 60 

3. Pinus nigra 60 

4. Pinus brutia 120 

5. Maquis 90+80 

6. Bare land 100 

 

6.1.3 Binary to multiclass SVM 

As discussed in section 2.3.7, SVM is essentially a binary classification technique, which needs to 

be modified in order to handle the multiclass problems which are very common in remote 

sensing applications. 

In this study, a ‘one against one’ (OAO) approach (Knerr et al. 1990) was used, in which all 

possible two-class classifiers are evaluated from the training set of n classes, each classifier being 

trained on only two out of the n classes, giving a total of n(n-1)/2 classifiers. Applying each 

classifier to the test data vectors gives one vote to the winning class. The pixel is given the label 

of the class with most votes. 

6.1.4 SVM and Kernel Parameters 

Again as discussed in section 2.3.7, SVMs use kernel functions to project the data from input 

space to a higher dimensional feature space, where it is easier to find a linear optimal 

hyperplane to separate training data. The RBF Kernel (equation 6.1) was used in this study, as it 

has been demonstrated that it produces higher classification accuracies in remote sensing 

applications (Vyas et al., 2011; Pal and Mather, 2004; Nidamanuri and Zbell, 2011). 
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(RBF): K(xi,xj) = exp(-g||xi - xj||2), g > 0 eq.6.1 

Along with margin parameter C, RBF kernel makes use of parameter γ. C is a penalty value for 

misclassification errors and γ is a parameter controlling the width of the Gaussian kernel. It is not 

known beforehand which C and γ are optimal for a given problem; consequently some kind of 

model selection (parameter search) must be done to identify optimal C and γ so that the 

classifier can accurately predict unknown data.  

In order to test the performance of classifiers with different pairs of C and γ, a common strategy 

is to separate the data set into two parts, of which one is considered unknown. N-cross-

validation is a procedure in which the training set is divided into n subsets of equal size and 

sequentially assess the accuracy of each classified subset using the classifier trained on the 

remaining n − 1 subsets.  

Cross-validation for the selection of optimal kernel parameters is not available in any of the 

leading commercial remote sensing software. To overcome this absence, a Graphical User 

Interface (GUI) which uses the LIBSVM software (Chang and Lin, 2011) was developed in 

MATLAB, to implement a 5-fold cross validation. In this application, exponentially growing 

sequences of C and γ values are tested in a “grid-search” and the pair with the best cross-

validation accuracy is considered for optimal for kernel parameterization. 

This custom cross-validation tool operates on polygon shapefile data, thus the raster format 

training samples were imported into a geographic information system (GIS), where they were 

converted to separate polygons, each of them having its MNF components values attached. 

The necessary normalization of data is an integral part of the ENVI implementation of SVM and 

thus was not performed separately. 

6.2 RESULTS 

6.2.1 Thassos 

The implementation of the cross-validation routine indicated that the best parameter pair was 

C=8 and γ=2; thus these values were used to parameterize SVM.  

The implementation of SVM on the Hyperion image of Thassos, excluding the area covered by 

clouds and their shadow, resulted in the map shown in Figure 6.1. However, as the objective of 
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the study is to map the two forest species, the rest of the cover classes were grouped to one 

other class, namely ‘other’. Figure 6.2 is the map of the resulting three classes, namely ‘P. 

brutia’, ‘P. nigra’ and ‘other’. According to these maps 1,890ha of the study area is covered by P. 

brutia, and 1,690 ha is covered by P. nigra.  

A confusion matrix (table 6.2) was populated by labels assigned to pixels by the classifier, and 

labels assigned to the respective reference data; cross-tabulated, using geographic location as 

key, and was analyzed with four measures of agreement, namely KIA, OA, user’s and producer’s 

accuracy. 

The OA of the complete classification scheme map was 80%, and the KIA was 0.762. However, as 

the objective of the study is to map the two forest species, the rest of the cover classes were 

grouped to one other class, namely ‘other’. In this case the OA of the map was 89%, and the KIA 

was 0.821, respectively. 

Table 6.2 Confusion matrix of the implementation of SVM in Thassos. 
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P. brutia 52  1  2  2  1  0  0   83.9  89.7  

P. nigra 0  58  0  0  0  8  3   95.1  84.1  

deciduous 0  0  12  0  0  0  0   85.7  100  

agricultural land 3  0  0  22  1  0  1   88.0  81.5  

maquis 6  0  0  0  14  2  3   50.0  56.0  

phrygana 1  2  0  1  10  32  3   76.2  65.3  

bare land 0  0  0  0  2  0  23   69.7  92.0  

TOTAL 62  61  14  25  28  42  33   
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Figure 6.1 Thassos map of the seven landcover classes produced by SVM. 
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Figure 6.2 Thassos species map produced by SVM (other classes grouped). 
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6.2.2 Taxiarchis 

The implementation of the cross-validation routine indicated that the best parameter pair was 

C=32 and γ=8; thus these values were used to parameterize SVM. 

The implementation of SVM on the Hyperion image of Taxiarchis as described above resulted in 

the map shown in Figure 6.3, excluding the area covered by clouds and their shadow. As in 

Thassos, the secondary landcover was grouped into a new class, namely ‘other’. Figure 6.4 is the 

map of the resulting five classes, namely Q. frainetto, F. sylvatica, ‘P. nigra’, ‘P. brutia’ and 

‘other’. 

The confusion matrix is shown in table 6.3, together with the user’s and producer’s accuracy of 

each class. The OA of the complete classification scheme map was 81%, and the KIA was 0.750. 

When the rest of the cover classes are grouped to one ‘other’ class the OA of the map increased 

to 82.6% and KIA to 0.757. 

According to this map, 1,590 ha of the study area are covered Q. frainetto, 600 ha are covered F. 

sylvatica, 700 ha are covered by P. nigra and 600 ha are covered by P. brutia. 

Table 6.3 Confusion matrix of the implementation of SVM in Taxiarchis. 
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Q. frainneto 49 2 0 1 2 3  80.3 86.0 

F. sylvatica 5 8 0 0 0 0  72.7 61.5 

P. nigra 0 1 19 0 1 0  95.0 90.5 

P. brutia 1 0 0 18 5 0  85.7 75.0 

maquis 6 0 1 2 23 3  74.2 65.7 

bare land 0 0 0 0 0 22  78.6 100 

TOTAL 61 11 20 21 31 28    
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Figure 6.3 Taxiarchis map of all the landcover classes produced by SVM. 
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Figure 6.4 Taxiarchis species map produced by SVM (other classes grouped). 
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6.3 DISCUSSION 

A methodology based on SVM was developed to map Mediterranean forest species in two 

typical Greek forests, with varying species and distribution pattern complexity. This 

methodology followed the investigation of a SAM based methodology, to examine whether the 

use of a novel technique allows for advanced mapping results. 

The classification scheme as described in section 5.1.1 was also used in this methodology, in 

order to investigate the detection of the forest species both against each other, and against 

other landcover that coexist in the landscape. 

At first the training samples already collected for the SAM classifier were used for cross-

validation and classification. However, the maps produced were of very low accuracy, thus new 

training samples were collected following the rational described in 5.3. Although SVM has the 

advantage of generalizing well even with limited training samples, this was not the case in this 

study. More training samples were used in order to achieve accurate maps. This could be the 

case because landcover is a continuous mixture of numerous components in various scales, 

rendering difficult to locate marginal samples on which SVM is based to separate classes. 

An OAO approach was used to address the multiclass scheme, and an RBF kernel was chosen to 

project the data from input space to a higher dimensional feature space. A custom 5-fold cross-

validation application was used to indicate the optimal combination of margin parameter C and 

kernel parameter γ, after training samples were converted to vector (as opposed to raster) 

format. However, other values resulted from experimentation provided more accurate maps 

and were therefore used. 

Published studies have reported that SVM usually outperforms SAM (Piscini et al. 2001; Vyas et 

al., 2011), which is not the case for both study areas of this study. This could be attributed to the 

way SVM is implemented by remote sensing software. The ENVI software used in this study does 

not allow for interference at various steps of the classification progress and fine-tuning the 

system with the aid of analytical and visual tools, as software for numerical computation and 

programming (i.e. MATLAB) allow. This lack of in depth manipulation possibly decreases the 

performance of this otherwise sophisticated technique. However, the more complex problem of 

Taxiarchis was better addressed by SVM than SAM. 
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6.3.1 Thassos 

Thassos study area was again the first to be investigated because of the simple species 

distribution pattern that presents; setting however the challenge of mapping species that belong 

to the same genus. 

As in the case of SAM, in preparatory analysis, SVM was applied to the original 141 spectral 

bands as well as the 10 MNF components. Contrary to SAM, in the first case the distribution 

pattern of the forest species was preserved, however the accuracy was considerably lower that 

when the MNF components were used, demonstrating again the value of data dimensionality 

reduction. This is in agreement with studies that tested the performance of SVM in datasets with 

varying dimensionality and showed that the accuracy of the classification is in fact affected by 

the increasing number of features (bands) used as input (72%) (Figure 6.5).  

 

 
a 

 

 
b 

Figure 6.5 (a) Map of the seven landcover classes produced by SVM and MNF component image, (b) the 
respective map, produced by SVM and original spectral bands. 

 

Field reference data, collected in 265 locations, were used to assess the accuracy of the map and 

the efficacy of the methodology. SVM proved to be very efficient in mapping the two Pinus 

species, achieving OA of 89% and KIA equal to 0.821. This level of accuracy is considered 

operational according to literature. 
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A closer look of the confusion matrix reveals that between the 123 reference points belonging to 

the two forest species classes, only one P. nigra point was erroneously classified as P. brutia. 

This shows that SVM is very efficient in distinguishing between the two forest species. The lower 

OA of the map was caused by misclassifications between forest species and other landcover. 

In particular, P. brutia was rather underestimated, as omission errors were more than 

commission errors. As in the case of SAM the landcover that was more often confused with P. 

brutia was the maquis. As explained in section 5.3.1 this is probably because of to their 

neighboring as they both extend in the lowland vegetation zone. For the P. brutia class the 

producer’s accuracy was 83.9% while the user’s accuracy was 89.7%. 

In the case of P. nigra, commission errors were much higher than omission errors. The majority 

of erroneously classified as P. nigra reference points were identified as phrygana in the field. As 

discussed in section 5.3.1 this could be attributed to the fact that the contribution of soil spectra 

in both these classes is increased due to the denser cover. For the P. nigra class the producer’s 

accuracy was 95.1% while the user’s accuracy was 84.1%. 

As explained in section 5.3.1 bare land overestimation is given, affecting the overall appearance 

of the map. 

As indicated by the class statistics, P. nigra was more accurately mapped by P. brutia (Figure 6.6). 

 

Figure 6.6 Producer’s and user’s accuracy of SVM classification map for the two Pinus species of 
Thassos. 
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It is interesting to note that although the SVM methodology was more laborious than the SAM 

methodology, the resulted maps were of comparable but lower accuracy. 

6.3.2 Taxiarchis 

The influence of the complexity of the landscape in the case of Taxiarchis is already discussed in 

sections 5.3 and 5.3.2 and is not repeated in this section. 

Field reference data, collected in 172 locations, were used to assess the accuracy of the map and 

the efficacy of the methodology. SVM proved to be efficient in mapping the four forest species, 

achieving OA of 81% and KIA equal to 0.757. This level of accuracy is very close to what is 

considered operational according to literature. 

The lower producer’s accuracy (80.3%) indicates that Q. frainetto class was underestimated, 

specifically against maquis and F. sylvatica classes. The user’s accuracy was higher (86%), 

indicating that fewer areas were erroneously assigned the Q. frainetto label, with bare land 

being the most common between them. 

SVM mapped F. sylvatica with low accuracy, however considerably higher than in the case of 

SAM classification. Producer’s accuracy (72.7%) was higher than user’s (61.5%) indicating that 

this class was overestimated rather than underestimated. The confusion was between F. 

sylvatica and Q. frainetto, the two deciduous species of the study area. As discussed in section 

5.3.2, the low accuracy of classifying F. sylvatica can be attributed to the small extent and 

lengthy boarders with other landcover and especially Q. frainetto. 

P. nigra was again very accurately mapped with both user’s and producer’s accuracy higher than 

90%, and minimal confusion with maquis and F. sylvatica. As already discussed, the 

overestimation of P. nigra is evident as the P. nigra label has also been assigned to several pixels 

that are covered with small fields with fir trees, for which a separate class was not included in 

the classification scheme. 

P. brutia was rather overestimated as reference data indicated that some maquis pixels were 

erroneously assigned the P. brutia label. 
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Figure 6.7 Producer’s and user’s accuracy of SVM classification map for the species of Taxiarchis. 

 

As apparent in Figure 6.7, SVM more accurately classified P. nigra, with Q. frainetto, P brutia and 

F. sylvatica following in the mentioned order (Figure 6.7). 

As explained in section 5.3.1 bare land overestimation is given, affecting the overall appearance 

of the map. 

It is interesting to note that in the case of the more complex classification problem of Taxiarchis, 

SVM out performed SAM, especially in the case of the F. sylvatica class, which in the case of SAM 

was classified with accuracy less than 50% while with SVM achieved accuracies were between 60 

and 70%. 

6.4 CHAPTER CONCLUSIONS 

The following points summarize the key points discussed in chapter 6: 

� SVM is an advanced classification technique that has been recently introduced with 

success in the remote sensing community. It was investigated in this study following the 

investigation of a SAM based methodology, to examine whether the use of a novel 

technique allows for advanced results in Mediterranean forest species mapping. Thassos 

Island, where the spatial distribution of the forest species is simpler, was the first study 
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area to be analyzed, while image analysis of the more complex Taxiarchis study area 

followed. 

� The classification schemes developed for the investigation of SAM and related 

nomenclatures were also used in this investigation. 

� Image spectra, as opposed to library spectra, were used to train the classifier. As training 

samples collected for SAM were not adequate to train SVM, more spectra were 

collected to form a larger training set. 

� An OAO approach was used to address the multiclass scheme, and an RBF kernel was 

chosen to project the data to a higher dimensional feature space. A custom 5-fold cross-

validation application was used to indicate the optimal combination of margin 

parameter C and kernel parameter γ. 

� In the case of Thassos, the achieved OA was 89% and the respective KIA was 0.821. Both 

species, namely P. brutia and P. nigra, were mapped with very high user’s and 

producer’s accuracy (>88%) and minimal confusion was noted between them. This was 

almost certainly facilitated by the simple distribution pattern of the two species. 

� In the case of Taxiarchis, the resulting map was of lower OA (82.6%) and KIA (0.765) than 

in the Thassos study area. The lower accuracy compared to Thassos could be attributed 

to the higher complexity of the problem (more species, complex pattern) and the fewer 

preprocessing steps applied on the image.  

� The investigation of SVM in two study areas revealed that the proposed methodology is 

efficient to map forest species in a regional level. The implementation of the 

methodology was considerable more laborious than the SAM based methodology, both 

in training and parameterizing context. Although it provided no improvement over the 

Thassos map produced with SAM, it increased the accuracy of the more complex 

Taxiarchis map. Notable is the substantial increase in the classification accuracy of F. 

sylvatica, which was not possible with SAM. 
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7. GEOGRAPHIC OBJECT BASED IMAGE ANALYSIS IN MEDITERRANEAN FOREST SPECIES 
MAPPING 

7  

GEOGRAPHIC OBJECT BASED IMAGE APPROACH IN 
MEDITERRANEAN FOREST SPECIES MAPPING 

Chapter 5 and 6 investigated the use of a traditional and an advanced pixel based technique, and 

demonstrated their efficiency and limitations in mapping Mediterranean forest species. This 

chapter discusses describes the investigation of the GEOBIA methodology developed for the 

species level classification of the study areas. Along with the presentation of the methodology 

and the acquired results, this chapter also discusses the various aspects that influence the 

efficiency of the methodology, and the value of the produced maps. 

7.1 METHODOLOGY 

As discussed in detail in section 2.3.8, GEOBIA is technically and theoretically different to pixel 

based image processing approach, and includes processes which transform image data from the 

remotely sensed physical reality to the human conceptualization of the geographic objects. 

Driven by the concept that important information necessary to interpret an image is not 

represented in single pixels, but in meaningful image objects and their mutual relationships, 

GEOBIA classifies image objects which are extracted in a previous image segmentation step. 

In order to guide the segmentation process to create meaningful objects, visual interpretation of 

the segmentation results is fundamental. In this sense it is not rational to use the MNF 

components image, as it is not comprehensible by the analyst for visual interpretation. Adding to 

that, because MNF transformation is solely depended on the image in hand, it deprives the 

possibility for model transferability, one of GEOBIA’s advantages. Because of these, it was 

decided that the original spectral bands would be used as input data in this investigation. 

Two different classification models were developed to map the forest species of the two study 

areas. Although the two methodologies differ, they both use the same segmentation algorithm 

and make use of the Nearest Neighbor classifier. Sections 7.1.1 and 7.1.2, describe these two 
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model components, while sections 7.1.3 and 7.1.4 describe the two classification models, further 

describing the uncommon parts. 

7.1.1 Segmentation 

The development of the classification model starts with the segmentation of the image into 

image objects. The multiresolution segmentation algorithm (Baatz and Schape, 2000) was used 

in this study. The multiresolution segmentation algorithm is a bottom-up segmentation 

algorithm, based on a pairwise region merging technique; consecutively merges pixels or existing 

image objects.  The segmentation procedure starts with single image objects of one pixel and 

repeatedly merges them in several loops in pairs to larger units, as long as an upper threshold of 

homogeneity is not exceeded locally. This homogeneity criterion is defined as a combination of 

spectral and shape homogeneity and is controlled by the scale parameter.  

Setting the scale parameter and finding a useful segmentation level is a trial and error procedure 

(Blaschke and Hay, 2001) that represents one of the main limitations of GEOBIA (Hay et al., 

2003) and decidedly affect the subsequent analysis. 

In order to determine the size of the objects, which should be as large as possible and as fine as 

necessary, during segmentation several parameters need to be defined. 

� Layer weights. Layer weights determine the degree to which information provided by 

each layer is used during the process of the object generation. Their values range from 0 

to 1.  

� Scale parameter. The scale parameter is a unitless abstract term that determines the 

maximum allowed heterogeneity for the resulting image objects throughout the 

segmentation process. It defines the maximum standard deviation of the homogeneity 

criteria in regard to the weighted image layers for resulting image objects. Thus, the 

higher the value of the scale parameter is, the larger the resulting objects. Its values 

range from 1 to infinity. Eventually a large scale factor will prevent multiple objects to be 

generated. 

� Homogeneity is composed by 4 criteria, which define the total relative homogeneity 

attributes of the resulting image objects to be minimized as a result of a segmentation 

run.  

o Color refers to the digital value (reflectance) of the resulting image object. 
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o Shape refers to the textural homogeneity of the resulting object. 

o Smoothness refers to the smoothness of borders between the resulting objects. 

o Compactness refers to the overall compactness of the resulting object. 

The relations of these criteria as shown in Figure 7.1 are: 

o color + shape = 1 

o smoothness + compactness = 1 

 

Figure 7.1 Homogeneity with its 4 criteria and the relationships between them. 

 

7.1.2 Nearest Neighbor 

The Nearest Neighbor is a non-parametric rule, thus operates without a priori assumptions 

about the distributions from which the training examples are drawn. It involves a training set of 

both positive and negative cases. A new sample is classified by calculating the distance to the 

nearest training case; the label of that point then determines the classification of the sample 

(Figure 7.1). 

NN classifies objects based on given sample objects within a defined feature space. Feature 

space may comprise of a variety of class describing features such as spectral values, shape, 

texture and class related features, between other. These features can be combined in an 

arbitrary manner to span the feature space for nearest neighbor classifier. A Feature Space 

Optimization (FSO) tool is available to determine the most descriptive features for each class, 

which may vary between classes. 

NN classifier has a fuzzy logic basis. Fuzzy classification delivers not only the assignment of one 

class to an image object, but the degree of assignment to all considered classes. This degree of 

assignment or membership function may be perceived as indicating mixture of landcover classes 
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or as probability of the class assignment accuracy. In both contexts, this information gives useful 

insights for the model development and the value of the map. 

An optimal NN training routine starts with one training object per class and adds objects until 

the classification result is regarded adequate. This routine was followed in this investigation, but 

as the number of objects was increasing it was considered rational to use the training samples 

collected in the SAM based methodology. 

 

  

 

 

 

 

d    is the distance between the training object s and the 

          test object o 

vf
(s)  is the value of feature f of the training object 

vf
o    is the value of feature f of the test object 

σf     is the standard deviation of the values of feature f 

Figure 7.2 The principle of NN and the formula ogf the distance measurment between training and test 
object. 

 

Training pixels and image objects were imported in a GIS to implement their spatial matching. 

The center coordinates of the training pixels were used to create a point vector layer with the 

class label assigned, which was then spatially joint to the image object vector layer. The objects 

that acquired a class label were exported and converted to a test and training mask (TTA mask) 

to be used to train the NN classifier. Care was taken to identify the occasions where more than 

one training samples fell within the same object and verify the absence of any conflict. This 

routine essentially extrapolates the class information of a point based measurement in a 

polygon object; however this assumption was regarded appropriate implying confidence on the 

segmentation result. 

7.1.3 Thassos classification model 

A single level classification model was developed, because a second level was not required in the 

sense that there is no land caver or function that operates in a different scale (i.e. lakes). This is 
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also in agreement with Blaschke (2010), who argues that medium resolution imagery does not 

support multi-level segmentation. 

For the creation of this level the segmentation parameters have been chosen through an 

imperative process, which was finalized when the generated objects best delineated the 

landscape features, as confirmed by visual inspection (figure 7.3). 

 

Figure 7.3 Segmentation parameters of Thassos segmentation. 

 

Since, in this study there was no prior band selection or evaluation technique applied, all 

spectral bands were weighted equally.  

While color is usually given full importance, in this study the shape factor was given a factor of 

0.3 to acknowledge the fact that certain shape compactness applies to the concept of spatial 

objects. 

Three secondary landcover classes were considered and described using means of spectral 

bands. 

� bare land: meanB5 > 863 

� deciduous species: meanB5 ≤ 863 AND meanB25 ≤ 864 AND meanB40 > 3,275   

� non forest vegetation: mean B5 ≤ 863 AND meanB25 ≥  863 

In the case of the two Pinus species, feature evaluation did not make it possible to create 

discriminating membership functions that could accurately classify them. This is because of the 

scale parameter : 27 

shape : 0.3  

compactness :  0.5 

THASSOS 

9,367 image objects 

band weight : all bands, 1 
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common spectral characteristics of the two species, which are not distinct in a limited, 

manageable by the analyst feature space. To overcome this, the feature space was increased, 

and NN classifier was used, on the unclassified objects, to manage this multidimensional space 

and provide complex class descriptions of the two Pinus classes. 

Training objects were selected as described in section 7.1.2. The FSO was used based on these 

training samples, to demonstrate the most valuable features for the separation of the two 

classes. The features used for evaluation comprised of 141 mean band values and the respective 

141 mean ration values. FSO indicated that the best separation distance (1.627) was achieved 

using 70 features, the majority of which were ratio features (Figure 7.3, table 7.1). 

 

Figure 7.4 Graph showing the increase of separation distance with the increase of features used 
(Thassos). 

Table 7.1 Features that comprise the optimal feature space for implementation of NN in Thassos. 

Mean B39 Ratio B11 Ratio B15 Ratio B67 Ratio B87 

Mean B47 Ratio B110 Ratio B2 Ratio B68 Ratio B88 

Mean B48 Ratio B111 Ratio B27 Ratio B69 Ratio B89 

Mean B57 Ratio B112 Ratio B28 Ratio B7 Ratio B9 

Mean B58 Ratio B113 Ratio B29 Ratio B70 Ratio B90 

Mean B60 Ratio B114 Ratio B39 Ratio B71 Ratio B91 

Mean B61 Ratio B115 Ratio B47 Ratio B72 Ratio B92 

Mean B62 Ratio B12 Ratio B48 Ratio B74 Ratio B93 

Ratio B10 Ratio B13 Ratio B49 Ratio B75 Ratio B94 

Ratio B100 Ratio B137 Ratio B5 Ratio B78 Ratio B95 

Ratio B101 Ratio B138 Ratio B61 Ratio B79 Ratio B96 

Ratio B102 Ratio B14 Ratio B62 Ratio B8 Ratio B97 

Ratio B108 Ratio B140 Ratio B63 Ratio B80 Ratio B98 

Ratio B109 Ratio B141 Ratio B66 Ratio B81 Ratio B99 
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Once the classification of the complete image was finished, there were obvious 

misclassifications; mostly overestimating P. nigra. These could be addressed, as GEOBIA allows 

for knowledge based post-classification manipulation. 

The classification model was extended to further refine the classification result. Misclassified 

objects were identified using class related and topological features, and assigned new class 

labels. The rules developed were: 

� P. nigra enclosed by P. brutia � P. brutia 

� P. nigra with border to P. nigra = 0 � low vegetation 

� P. nigra with Rel. border to brutia 1 ≥ 0.3 AND Rel. border to P. brutia ≤ 0.66  � P. brutia 

� P. brutia  with Rel. border to low vegetation = 1  �  low vegetation 

7.1.4 Taxiarchis classification model 

As in the case of Thassos, a single level classification model was developed, because a second 

level was not required, in the sense that there is no land caver or function that operates in a 

different scale (i.e. lakes). 

For the creation of this level the segmentation parameters have been chosen through an 

imperative process, which was finalized when the generated objects best delineated the 

landscape features, as confirmed by visual inspection. 

Again, in this study there was no prior band selection or evaluation technique applied, 

consequently all spectral bands were weighted equally.  

While color is usually given full importance, in this study the shape factor was given a factor of 

0.3 to acknowledge the fact that certain shape compactness applies to the concept of spatial 

objects. 
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Figure 7.5 Segmentation parameters of Taxiarchis segmentation. 

 

As demonstrated by previous investigations of this study, Taxiarchis forest classification is very 

challenging. Adding to that, almost all of the landcover classes are classes of forest species, 

which in the case of Thassos were identified with the use of NN classifier.  Because of these, the 

NN classifier was used in this classification and no class was described using membership 

functions. 

Training objects were selected as described in section 7.1.2. The FSO was used based on these 

training samples, to demonstrate the most valuable features for the separation of the two 

classes. The features used for evaluation comprised of 131 mean band values and the respective 

131 mean ration values. FSO indicated that 209 features were necessary to achieve the 

maximum separating distance, which was 1.595. However, even this combination did not 

provide adequate mapping, so the MNF component image was considered for classification. Five 

MNF components selected by the FSO achieved separating distance 2.05 and thus were used for 

classification. 

The classification model was extended to further refine the classification result. Misclassified 

objects were identified using class related and topological features, and assigned new class 

labels. The rules developed were: 

� P. brutia with Rel. border to 3 P. nigra > 0.3  � P. nigra 

� F. sylvatica enclosed by Q. frainetto � Q. frainetto 

� P. nigra enclosed by P. brutia � P. brutia 

TAXIARCHIS 

12,422 image objects 

scale parameter : 12 

shape : 0.3  

compactness :  0.5 

band weight : all bands, 
1 
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� P. brutia with Border to P. brutia = 0 pixel �  Q. frainetto 

 

 

Figure 7.6 Graph showing the increase of separation distance with the increase of features used 
(Taxiarchis). 

 

Table 7.2 Features that comprise the optimal feature space for implementation of NN in Taxiarchis. 

Ratio B19 Ratio B75 Mean B63 Ratio B61 Mean B85 Mean B91 

Mean B42 Ratio B23 Mean B77 Mean B37 Mean B82 Mean B88 

Ratio B40 Mean B52 Mean B28 Mean B5 Ratio B83 Mean B94 

Ratio B78 Mean B2 Mean B45 Mean B30 Ratio B118 Mean B104 

Mean B20 Ratio B25 Ratio B31 Ratio B73 Ratio B7 Mean B9 

Ratio B77 Ratio B66 Mean B115 Ratio B35 Mean B103 Mean B95 

Ratio B20 Mean B56 Ratio B27 Mean B68 Mean B7 Ratio B80 

Mean B39 Mean B3 Mean B59 Ratio B51 Ratio B105 Ratio B34 

Ratio B18 Mean B24 Mean B27 Mean B29 Mean B120 Mean B79 

Ratio B64 Mean B73 Ratio B58 Mean B64 Mean B93 Ratio B84 

Ratio B39 Ratio B26 Mean B70 Mean B83 Ratio B43 Mean B122 

Mean B44 Ratio B71 Ratio B52 Ratio B69 Mean B90 Ratio B122 

Ratio B57 Ratio B56 Ratio B74 Mean B65 Mean B97 Ratio B82 

Mean B19 Mean B22 Ratio B79 Ratio B37 Mean B81 Mean B121 

Ratio B21 Mean B53 Ratio B53 Mean B35 Ratio B8 Mean B101 

Mean B43 Mean B114 Mean B47 Ratio B17 Mean B87 Ratio B50 

Mean B41 Mean B46 Mean B34 Mean B32 Ratio B60 Mean B109 

Ratio B76 Ratio B4 Mean B54 Mean B105 Ratio B32 Ratio B121 

Mean B55 Ratio B30 Mean B58 Ratio B116 Ratio B120 Ratio B11 

Ratio B59 Mean B76 Mean B36 Ratio B72 Ratio B47 Ratio B42 

Ratio B63 Max. diff. Mean B75 Mean B118 Mean B86 Mean B11 

Ratio B1 Ratio B29 Mean B74 Mean B62 Mean B100 Mean B98 

Ratio B24 Mean B51 Mean B26 Ratio B85 Mean B89 Mean B113 
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Mean B50 Mean B18 Ratio B68 Mean B17 Mean B92 Ratio B49 

Mean B40 Ratio B28 Ratio B38 Ratio B45 Mean B102 Mean B119 

Ratio B22 Mean B23 Mean B67 Ratio B6 Ratio B89 Mean B99 

Ratio B3 Ratio B62 Mean B60 Mean B31 Mean B123 Mean B10 

Ratio B67 Ratio B55 Mean B61 Mean B80 Ratio B48 Ratio B10 

Mean B57 Mean B66 Mean B48 Ratio B70 Mean B8 Ratio B117 

Mean B1 Mean B38 Mean B71 Ratio B46 Ratio B44 Ratio B109 

Mean B21 Mean B78 Ratio B65 Mean B116 Mean B84 Ratio B87 

Ratio B2 Mean B4 Ratio B5 Mean B6 Ratio B123 Mean B108 

Ratio B36 Ratio B115 Mean B33 Ratio B33 Ratio B9 Mean B112 

Mean B49 Mean B25 Mean B69 Brightness Mean  B96 Ratio B81 

Ratio B114 Ratio B54 Mean B72 Ratio B41 Mean B117 
 

7.2 RESULTS 

7.2.1 Thassos 

The GEOBIA classification model for the Hyperion image of Thassos as described above resulted 

in the map shown in Figure 7.7, excluding the area covered by clouds and their shadow. On this 

investigation the secondary landcover was grouped in three classes, namely ‘agricultural land’, 

‘low vegetation’ and ‘bare land’, with the intention to separate them from the forest species 

classes, but not necessarily between them; thus, they are all mapped as “other’. 

According to these maps 2,222 ha of the study area are covered by P. brutia, and 1,270 ha are 

covered by P. nigra.  

To estimate the accuracy of the map and refer the value of the product, reference data collected 

during field surveys were used. Reference data which were collected and stored in vector point 

format were conveyed to image polygons using the routine described in section 7.1.2. 

Because secondary landcover was grouped differently than the way it was recorded during field 

survey, there was no correspondence between the landcover classes and the field collected 

references. In order to report the accuracy of the resulted map they were grouped into the class 

‘other’. 

A confusion matrix (table 7.3) was populated by labels assigned to objects by the classification 

model, and labels assigned to the respective reference data; cross-tabulated, using geographic 
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location as key. The matrix was analyzed with four measures of agreement, namely KIA, OA, 

user’s and producer’s accuracy. The OA of the map was 85.3%, and the KIA was 0.765.  

According to these maps 2,220 ha of the study area are covered by P. brutia, and 1,270 ha are 

covered by P. nigra. 

 

Figure 7.7 Thassos species map produced by GEOBIA (other classes grouped). 
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Table 7.3 Confusion matrix of the implementation of GEOBIA in Thassos. 
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P. brutia 2164 163 204  86.4 85.5 

P. nigra 100 1139 81  69.2 86.3 

other 240 345 3270  92.0 84.8 

TOTAL 2504 1647 3555    

 

7.2.2 Taxiarchis 

The GEOBIA classification model for the Hyperion image of Taxiarchis as described above 

resulted in the map shown in Figure 7.8, excluding the area covered by clouds and their shadow. 

On this investigation the secondary landcover, namely ‘maquis’, ‘agricultural land’ and ‘bare 

land’, were grouped into a new class, namely ‘other’. According to this map, 1,840 ha of the 

study area are covered Q. frainetto, 290 ha are covered F. sylvatica, 360 ha are covered by P. 

nigra and 520 ha are covered by P. brutia. 

To estimate the accuracy of the map and refer the value of the product, reference data collected 

during field surveys were used. Reference data which were collected and stored in vector point 

format were conveyed to image polygons using the routine described in section 7.1.2. 

The confusion matrix is shown in table 6.3, together with the user’s and producer’s accuracy of 

each class. The OA of the complete classification scheme map was 72.8%, and the KIA was 0.658. 

When the rest of the cover classes are grouped into one ‘other’ class, the OA of the map 

increased to 74.1% and KIA to 0.662. 

According to this map, 1,840 ha of the study area are covered Q. frainetto, 290 ha are covered F. 

sylvatica, 360 ha are covered by P. nigra and 520 ha are covered by P. brutia. 
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Table 7.4 Confusion matrix of the implementation of GEOBIA in Taxiarchis. 

            Reference 
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Q. frainneto 1452 97 23 0 45 17  77.3 88.9 

F. sylvatica 171 265 124 0 0 25  70.5 45.3 

P. nigra 0 0 524 79 82 28  71.7 73.5 

P. brutia 72 0 0 621 134 0  62.6 75.1 

maquis 162 14 0 292 873 72  77.0 61.8 

bare land 21 0 60 0 0 339  70.5 80.7 

TOTAL 1878 376 731 992 1134 481    

 

 

Figure 7.8 Taxiarchis species map produced by GEOBIA (other classes grouped). 
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7.3 DISCUSSION 

Issues related to the influence of high spectral dimensionality on the different GEOBIA 

components remain to be investigated. Properly planned case studies can facilitate an 

appropriate statistical design and hypothesis testing. Such endeavor was out of the scopes of 

this study.  

Fuzzy concepts make it possible for objects to belong to several classes but with different 

degrees of membership. Although, the main aim of each classification is to define classes as 

unambiguously as possible, these ambiguity measures were used at a later phase to provide 

further refinement of the classification. 

7.3.1 Thassos 

As with previous investigations, Thassos study area was the first to be examined because of the 

simpler distribution pattern of the forest species. 

Because of the visual interpretation that is needed in order to guide the segmentation process 

and the lack of model transferability that the MNF transformation introduces (see section 7.1) 

the original spectral bands were used as input in this analysis. 

The multiresolution segmentation algorithm was used to create one level of image objects, and 

segmentation parameters were chosen so that image objects best delineated the landscape 

features. Since in this study there was no prior band selection or evaluation technique applied, 

all spectral bands were weighted equally. While color is usually given full importance, in this 

study the shape factor was given a value of 0.3 to acknowledge the fact that certain shape 

compactness applies to the concept of spatial objects. 

To classify the secondary landcover classes, the classification model was developed using 

membership functions and bands with centers in 0.477μm, 0.681 μm and 0.833 μm, in the blue, 

red and near infrared region of the electromagnetic spectrum respectively. 

However, a feature space of higher dimensionality was necessary to separate P. nigra and P. 

brutia, thus the NN classifier was used. In order to increase feature space, a broad range of 

features was computed for each object. Among several features that were evaluated for their 

usefulness to discriminate between these species, band ratios showed most prominence. It was 

interesting that although the use of original spectral bands proved unsatisfactory in mapping the 
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species and preserving their spatial pattern, the use of band ratios dramatically increased the 

classification accuracy. A 70 dimensional feature space was indicated by FSO tool for the NN. 

Once the classification of the complete image was finished, there were obvious 

misclassifications; mostly overestimating P. nigra. These could be addressed, as GEOBIA allows 

for knowledge based post-classification manipulation. Misclassified objects were identified using 

class related and topological features, and assigned new class labels. 

The OA classification of the produced map was 85.3% and the KIA was 0.765, a level of accuracy 

considered operational according to literature. 

A closer look of the confusion matrix reveals that the majority of misclassifications were 

between the forest species and the rest of the landcover, as opposed to misclassification 

between the two forest species, which was also the case in the previous investigations. 

In particular, P. brutia was classified with equal user’s and producer’s accuracy (86%), while In 

the case of P. nigra there were more omission than commission errors leading to 

underestimation of this class. As indicated by the class statistics, P. brutia was more accurately 

mapped by P. nigra (Figure 7.9). 

 

Figure 7.9 Producer’s and user’s accuracy of GEOBIA classification map for the two Pinus species of 
Thassos. 
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The lower performance of this methodology, compared to the performance of the SAM and SVM 

methodologies may be attributed to several issues. The main consideration is that in a difficult 

problem when the objects or features that need to be distinguished have very similar spectral 

properties, which is the case with species mapping, grouping spectral responses may be a 

drawback. Adding to that, it is still not clear which is the most adequate way of assessing the 

accuracy of a map delivered by an object based methodology, thus variation in accuracy may be 

the result of the accuracy assessment method. Further, especially in the case of medium spatial 

resolution imagery, there is the issue of mixture and how this is addressed in image objects. 

On the other hand, the GIS functionalities that GEOBIA provides are a very significant advantage 

that adds value to the map. More specifically, when the scale of a study is regional and data 

management is a key issue, organizing data in vector format and allowing for topological 

relations is a critical factor that may lead to successful applications. 

7.3.2 Taxiarchis 

Mapping forest species in Taxiarchis has already been demonstrated that is a challenging task, 

both because of the presence of more species and because of their complex distribution pattern. 

Although using the original spectral bands was initially planned, the low accuracy map provided 

led to the decision to incorporate the MNF component band in the analysis. 

The multiresolution segmentation algorithm was used to create one level of image objects, and 

segmentation parameters were chosen so that image objects best delineated the landscape 

features. All spectral bands were weighted equally and shape factor was given a value of 0.3 to 

acknowledge the fact that certain shape compactness applies to the concept of spatial objects. 

The NN classifier was used in a feature space of five MNF components identified by the FSO tool 

to classify the entire scene and no class was described using membership functions. 

After the NN classification, the classification model was extended to further refine the 

classification result. Misclassified objects were identified using class related and topological 

features, and assigned new class labels. 

The OA classification of the produced map was 74.1% and the KIA was 0.662, a level of accuracy 

not considered operational according to literature. 
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In particular, P. brutia and P. nigra were adequately mapped there with limited omission and 

commission errors. As indicated by the class statistics, P. brutia was more accurately mapped by 

P. nigra. 

The lower producer’s accuracy (77.3%) indicates that Q. frainetto class was underestimated, 

specifically against F. sylvatica class. The user’s accuracy was higher (88.9%), indicating that 

fewer areas were erroneously assigned the Q. frainetto label, with maquis and  F. sylvatica being 

the most common between them. 

In the case of F. sylvatica the classification model achieved very low user’s (45.3%) but higher 

producer’s (70.5%) accuracy. The confusion was between F. sylvatica and Q. frainetto, the two 

deciduous species of the study area and between F. sylvatica and P. nigra that grow in the same 

region and share lengthy borders. As discussed in section 5.3.2, the low accuracy of classifying F. 

sylvatica can be attributed to the small extent of this class that increased the difficulty in 

classifier training. 

P. nigra was mapped with user’s and producer’s accuracy 73.5% and 71.7% respectively. 

Although the achieved accuracy was considerably lower than what was achieved by the other 

methodologies, in this case it was possible to correct the misclassifications that resulted from 

the presence of agricultural fields of Abies species, as it was possible to identify them by means 

of relationship to neighbor objects. 

P. brutia was mapped with user’s and producer’s accuracy 75.1% and 62.6% respectively being 

once more confused mainly with maquis (Figure 7.10). 

As pointed out in section 7.3.1, the lower performance of this methodology may be attributed to 

the grouping of spectral responses. Although in theory image objects provide a significantly 

increased signal-to-noise ratio compared to single pixels as to the attributes to be used for 

classification, in the case of attributes with subtle spectral differences this may not be beneficial. 

On the other hand, the GIS functionalities that GEOBIA provides are a very significant advantage 

that adds value to the map. Especially, when the scale of a study is regional and data 

management is a key issue, organizing data in vector format and allowing for topological 

relations is a critical factor that may lead to successful applications. 
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Figure 7.10 Producer’s and user’s accuracy of GEOBIA classification map for the species of Taxiarchis. 
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The key points discussed in this chapter are summarized below. 

� The multiresolution segmentation algorithm (Baatz and Schape, 2000) was used in this 

study. The multiresolution segmentation algorithm is a bottom-up segmentation 

algorithm, based on a pairwise region merging technique; consecutively merges pixels or 

existing image objects.   

� A single level classification model was developed for both study areas, because a second 

level was not required in the sense that there is no landcover or function that operates 

in a different scale. Segmentation parameters have been chosen through an imperative 

process, which was finalized when the generated objects best delineated the landscape 

features, as confirmed by visual inspection. 

� In the case of Thassos the classification model included membership functions to map 

bare land, deciduous species and non forest vegetation, while the NN classifier was used 

to map the two Pinus species. The later was chosen because a feature space of higher 

dimensionality was necessary in order for the two species to be separated. The FSO tool 
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further extended to refine the classification result, using topological and class related 

features. 

� The OA classification of the produced map for Thassos was 85.3% and the KIA was 0.765, 

a level of accuracy considered operational according to literature. As indicated by the 

class statistics, P. brutia was more accurately mapped than P. nigra. 

� In the case of Taxiarchis, the NN classifier was used to map all classes (the majority of 

which were forest species classes), as it was already demonstrated that classification of 

this study area was very challenging. The MNF component image was used as the use of 

the original spectral image did not provide sufficient results. The classification model 

was further extended to refine the classification result, using topological and class 

related features. 

� The OA classification of the produced map for Taxiarchis was 74.1% and the KIA was 

0.662, a level of accuracy not considered operational according to literature. However, 

in this case it was possible to address the overestimation of P. nigra that resulted from 

the presence of agricultural fields of Abies species, as it was possible to identify them by 

means of relationship to neighbor objects. 

� Issues related to the influence of high spectral dimensionality on the different GEOBIA 

components remain to be investigated. Properly planned case studies can facilitate an 

appropriate statistical design and hypothesis testing. Such endeavor was out of the 

scopes of this study. 
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8  

CONCLUSIONS AND SUGGESTIONS FOR FURTHER RESEARCH 

8.1 CONCLUSIONS 

This study aimed to investigate the potential of employing EO1 Hyperion satellite 

hyperspectral imagery in Mediterranean forest species mapping, in two typical Greek forests.  

It was demonstrated that accurate forest species mapping is feasible, as the proposed 

methodologies produced maps that described the species distribution of the study areas with 

accuracies, which in most cases may be considered equivalent of that found in most forest 

inventory systems. Attained maps could provide valuable information for regional and national 

planning and policy making, as well as serve as an intermediate tier in obtaining essential 

biomass and carbon sequestration estimates, for national reporting obligations towards national 

and international policies. They would also provide valuable basemaps for a broad range of 

applications, which could gainfully use this information, although producing it would be out of 

their scopes.  

The conclusions of this study, in relation to each of the three specific objectives, are the 

following: 

I. The first objective was to investigate the performance of Spectral Angle Mapper (SAM), 

a traditional remote sensing classification technique used with hyperspectral data, in 

Mediterranean forest species mapping and, assess the accuracy of the produced maps 

with field survey data. 

The investigation of the SAM based methodology showed that this straightforward technique is 

adequate for accurate mapping of forest species, in both study areas. In the case of Thassos both 

species, namely P. brutia and P. nigra, were mapped with very high user’s and producer’s 

accuracy (>88%). It is noteworthy that no confusion was observed between the forest species, 

and all misclassifications occurred between forest and other landcover. This may be attributed 
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to the inevitable landcover mix in pixels, particularly prominent in imagery of the versatile 

Mediterranean region. In the case of Taxiarchis, species mapping was also successful, however 

achieving lower accuracies (overall accuracy = 80%). The complex distribution pattern of forest 

species was very influential, both in locating adequate training samples and in the increased 

proportion of mixed pixels, leading in the case of F. sylvatica in unacceptable accuracies (>50%). 

II. The second objective was to investigate the performance of Support Vector Machines 

(SVM), an advanced supervised learning technique, in Mediterranean forest species 

mapping and, assess the accuracy of the produced maps with field survey data. 

SVM is an auspicious advanced technique, recently adopted by the remote sensing community. 

The implementation of this technique was considerable more laborious, both in training and 

parameterizing context, and required tools that are not available in commercial remote sensing 

software. The proposed methodology resulted in maps with overall accuracies higher than 82%. 

Although the SVM based methodology provided no improvement over the Thassos species map 

produced with SAM, it increased the accuracy of the more complex Taxiarchis map. Noteworthy 

was the substantial increase in the classification accuracy of F. sylvatica, which was unacceptable 

in the case of SAM. 

III. The third objective was to investigate the potential of a geographic object based image 

approach (GEOBIA), which considers geographic object as a unit of analysis, in 

Mediterranean forest species mapping and, assess the accuracy of the produced maps 

with field survey data. 

GEOBIA is technically and theoretically different to pixel based image processing approach, and 

includes processes which transform image data from the remotely sensed physical reality to the 

human conceptualization of the geographic objects. This methodology achieved lower overall 

accuracies, 85.3% and 74.1% for Thassos and Taxiarchis respectively. This could be possibly 

attributed to the fact that when the geographic features under mapping have subtle spectral 

differences and get grouped in objects, some part of the variability is lost, impeding accurate 

classification. Regardless, user’s and producer’s accuracies of the forest species exhibited the 

same patterns, with F. sylvatica being gain the most problematic species for mapping. On the 

other hand, the GIS functionalities that GEOBIA provides are a very significant advantage that 

adds value to the map. More specifically, when the scale of a study is regional and data 
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management is a key issue, organizing data in vector format and allowing for topological 

relations is a critical factor that may lead to successful applications. 

A key observation of this study was that preprocessing of Hyperion imagery was very laborious 

but also a decisive factor for the success of the proposed methodologies. Poorer preprocessing 

of the Taxiarchis image may be responsible for lower accuracies achieved in this study area, 

compared to Thassos study area of which the image was further preprocessed for the removal of 

spectral smile and topographic effect. 

Another finding was that confusion and misclassification mostly occurred as a result of landcover 

mix, within the boundaries of the 30 by 30 meters pixel. This was evident in both study areas, 

but most prominently in the case of Taxiarchis where the complex distribution pattern creates 

lengthy boarders between forest species or other landcover, increasing the number of mixed 

misclassified pixels. This was an anticipated challenge in mapping the diverse, disturbed and 

fragmented Mediterranean forest. 

It was also noted that detection and mapping of conifer species was superior to that of 

deciduous, across study areas and methodologies. P. nigra was mapped with higher accuracy in 

all cases, while F. sylvatica was systematically the most problematic, possibly because it was the 

species with the lesser extent. These findings show that species mapping is species specific, and 

are accordant to other aforementioned published studies. 

8.2 SUGGESTIONS FOR FURTHER RESEARCH 

The overall conclusion of this study is that EO1 Hyperion satellite hyperspectral imagery is 

valuable for Mediterranean forest species mapping, therefore further research should explore 

additional available techniques and data, and develop robust methodologies, in anticipation of 

forest species mapping being considered a mainstream remote sensing task. 

In particular, if this study was to continue, it would more thoroughly address the phase of image 

preprocessing, examining novel proposed techniques for radiometric effect removal as well as 

data dimensionality reduction. 

Further study would also examine the parallel use of other remote sensing data, such as high 

spatial resolution imagery, radar or LiDAR, to provide more spatially explicit or structural 

information for identifying and handling the aforementioned transitional zones. The forthcoming 
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satellite hyperspectral sensors (EnMAP, HERO) will also provide further opportunities. In this 

sense, GEOBIA provides an excellent framework for multisensor approach implementation. 

To address this difficulty of deciduous species mapping, multitemporal analysis or image 

acquisition guided by species phenology would be considered in future investigation.  The use of 

other classification techniques may also prove advantageous. 

It has been demonstrated throughout this study that forest species mapping is significantly 

important, as it provides means for understanding and managing forest ecosystems. Satellite 

hyperspectral technology, which appears to be the only candidate to address regional forest 

species mapping in a viable, cost effective and repetitive manner, was found to be of great 

value. 
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