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ABSTRACT
This study aims to quantify the landscape spatio-temporal dynamics 
including Land Use/Land Cover (LULC) changes occurred in a typical 
Mediterranean ecosystem of high ecological and cultural significance in 
central Greece covering a period of 9 years (2001–2009). Herein, we examined 
the synergistic operation among Hyperion hyperspectral satellite imagery 
with Support Vector Machines, the FRAGSTATS® landscape spatial analysis 
programme and Principal Component Analysis (PCA) for this purpose. The 
change analysis showed that notable changes reported in the experimental 
region during the studied period, particularly for certain LULC classes. The 
analysis of accuracy indices suggested that all the three classification 
techniques are performing satisfactorily with overall accuracy of 86.62, 91.67 
and 89.26% in years 2001, 2004 and 2009, respectively. Results evidenced the 
requirement for taking measures to conserve this forest-dominated natural 
ecosystem from human-induced pressures and/or natural hazards occurred 
in the area. To our knowledge, this is the first study of its kind, demonstrating 
the Hyperion capability in quantifying LULC changes with landscape metrics 
using FRAGSTATS® programme and PCA for understanding the land surface 
fragmentation characteristics and their changes. The suggested approach is 
robust and flexible enough to be expanded further to other regions. Findings 
of this research can be of special importance in the context of the launch of 
spaceborne hyperspectral sensors that are already planned to be placed in 
orbit as the NASA’s HyspIRI sensor and EnMAP.

1.  Introduction

The fast development of human societies particularly since the start of industrial revolution has inten-
sified various anthropogenic activities which has led to a continuous and crucial influence on Land 
Use/Land Cover (LULC) (Zhang and Huang 2010; Szilassi et al. 2006; Petropoulos et al. 2013). As 
natural and semi-natural habitats are exposed to a growing and continuous pressure due to diver-
sified anthropogenic activities, conservation of sustainable land use and quantifying LULC changes 
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has turned out as a priority (Bissonette 2008; Petropoulos et al. 2011). These changes in land cover 
dynamics are observed as the single most important variable for changes affecting global ecological 
systems (Srivastava et al. 2012). In the Mediterranean for example, both inland and coastal wetland 
environments are exposed to numerous problems. Major causes of concern include desertification, land 
degradation, land fragmentation, the development of agriculture, livestock and fishing, decline in river 
discharge due to climatic and anthropogenic origins, large drainage activities, rural exodus, pollution 
and urbanization (Pengra et al. 2007). These processes can result in morphological changes that can 
directly impact the flora and fauna as the immediate environment of the inhabitants of such areas.

Earth Observation (EO) has been an attractive pathway in the determination of land cover spatial 
distribution, providing valuable information for delineating the extent of land cover classes, as well as 
for performing temporal land cover change analysis at various scales in a quantitative way (Kamusoko 
& Aniya 2007; Yuan and Niu 2007; Srivastava et al. 2014; Petropoulos et al. 2015). The rapid develop-
ment in space borne sensors had made it increasingly more feasible to derive land cover information 
accurately at different observational scales (Saumitra et al. 2007). The progress in EO technology over 
the recent years has led also to the launch of hyperspectral EO sensors. These hyperspectral systems 
acquire information on spectral characteristics of the land surface by registering the reflected energy 
from the surfaces and representing them in numerous narrow continuous spectral bands from visible 
to the shortwave infrared parts of the electromagnetic spectrum (Bazi & Melgani 2006). This gives 
them an extensive range of applications requiring high details discrimination between ground objects. 
Nowadays, the use of hyperspectral remote sensing imagery is indeed thus justifiably regarded as one 
of most significant EO data sources and is being used for various applications including land cover 
classification (Li & Liu 2010).

Land cover mapping is one of the primary and widely investigated applications of remote sensing 
(Otukei & Blaschke 2010). Producing thematic maps using spaceborn data is commonly performed 
by making classification and advanced digital image analysis (Borak 1999; Mathur & Foody 2008). 
Over the last few decades, effort has been directed towards developing sophisticated techniques aiming 
to increase the accuracy with which land cover information can be extracted from satellite imagery 
(Luo et al. 2012). EO data are also combined nowadays more and more with Geographic Information 
Systems (GIS). This integration provides an excellent framework for data capture, storage, combined 
measurements for analysing and extracting spatial information to support decision-making in more 
reliable and consistent approach. Many studies have already demonstrated that integration of EO 
technology with landscape change metrics computed in a GIS environment has enormous potential 
for analysing, monitoring and conserving the natural resources (Sawaya et al. 2003). The landscape 
change concept contemplates vegetation cover as mosaic of patches with their unique landform, species 
composition, disturbance gradient (Bissonette 2008). It also focuses on the parameters such as patch 
sizes, patch shapes, patch isolation, fragmentation and patchiness. (Turner 1989; Bonan et al. 2002; 
Waldhardt et al. 2004; Singh et al. 2016). Anthropogenic activities or natural hazards can disrupt the 
overall structure of landscapes, hence landscape and class-level metric analysis are very reliable to 
assess the land cover fragmentation and changes. Spatial metrics algorithms quantify landscape pat-
tern representing the spatial arrangement of land cover patches over a geographic area (Herold et al. 
2003). FRAGSTATS@ software has a great advantage on the way of its implementation and estimation. 
It is applied within a GIS environment and thus can be used potentially with several satellite images 
to conduct a LULC change detection studies (Raines 2002; Elkie et al. 1999; Lu et al. 2003; McGarigal 
et al. 2012; Singh et al. 2016).

Hyperion EO-1 is a satellite hyperspectral sensor onboard the Earth Observer-1 (EO-1) platform, 
launched under NASA’s New Millennium Programme end of 2000. This instrument delivers hyperspec-
tral images at 30 m spatial resolution and in 242 spectral bands (70 in the visible/near infrared and 172 
in the short-wave infrared). The availability of data from this sensor has created unique opportunities 
for remote sensing studies to be conducted exploiting such data in studies related to LULC thematic 
mapping and change detection. Its use for this purpose has so far been investigated with a number of 
classification techniques at different levels of sophistication (Bazi & Melgani 2006; Li et al. 2004; Lu 
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& Weng 2007; USGS 2003; Petropoulos, Arvanitis, et al., 2012, Petropoulos, Kalaitzidis, et al. 2012, 
Petropoulos et al. 2015). However, to our knowledge, the combined use of Hyperion classification 
particularly of advanced classifiers such as Support Vector Machines (SVMs) synergistically with spatial 
metrics derived from software packages like FRAGSATS® and Principal Component Analysis (PCA) 
have not been investigated as yet in the context of a hyperspectral EO LULC change detection related 
studies. This despite the requirement today of evaluating specifically the capability of new generation, 
sophisticated EO sensors combined with contemporary techniques with respect to LULC dynamics 
mapping and its current high demand and decisive importance (Petropoulos et al. 2010, Petropoulos, 
Arvanitis, et al., 2012). Understandably, such a study would also be of key importance and interest 
to be performed in a Mediterranean region, given the pressures on LULC change dynamics in those 
regions from other physical phenomena such as land degradation and desertification (Karamesouti et 
al. 2016). Indeed, in such case study, results may provide a paramount contribution to understand the 
capability of the landscape and patch metrics using hyperspectral EO data, improving potentially our 
understanding of Mediterranean land cover change dynamics. This may as well provide an effective 
tool in policy decision-making and successful landscape management.

In preview of the above, the objectives of this study were to: (i) explore the use of Hyperion imagery 
synergistically with SVMs to map LULC change dynamics over a 9-year period (2001–2009) in a typical 
Mediterranean ecosystem, and, (ii) to investigate the relationships between LULC changes to landscape 
fragmentation characteristics computed from appropriate metrics using FRAGSTATS® and PCA.

2.  Study site

The study site is located in central Greece, approximately 50 km north-east to the capital Athens. It 
covers an area of approximately 200 km2 and extending from 23°44′ to 23°65′ east to 38°20′ to 38°45′ 
north (Figure 1). The site has a typical Mediterranean land cover, with landscape varying from north 
to south. The mountainous parts are covered mainly by forests and scherophyllous vegetation, whereas 
flat areas are mostly agricultural and sparsely vegetated areas. The study region is also known by its 
biodiversity richness, it includes Mt. Parnitha Mountains within a National Park (NP) and part of 
the area has been included in the European network of protected areas NATURA 2000. The area 
has also been subject of previous research conducted by the authors. Thus, part of the data required 
for this research was already available from other relevant previous works conducted in that region 
(Petropoulos et al. 2011, Petropoulos, Arvanitis, et al., 2012; Karamesouti et al. 2016).

3.  Datasets

3.1.  Hyperion EO-1 time series images

Three Hyperion EO-1 images were used to classify the LU/LC as those were these scenes were the only 
Hyperion cloud-free scenes available over the study area covering the longest possible time-period 
we could possibly cover. The obtained hyperspectral images were acquired at no cost from the United 
Stated Geological Survey (USGS) archive (http://glovis.usgs.gov/) specifically with acquisition dates 
on 17-JUL-2001, 20-SEP-2004 and 27-AUG-2009. These images were all received as level 1 (L1GST) 
processing and in GeoTIFF format, as band-interleaved-by-line (BIL) files stored in 16-bit signed 
integer radiance values. L1GST products have their initial radiometric and geometric corrections, also 
they are resampled and projected to a predefined and specific projection (USGS 2006). In addition 
to the Hyperion images, the co-orbital images from Advanced Land Imager (ALI) sensor were also 
acquired, ALI sensor is also in EO-1 platform and it acquires data in 10 spectral bands, one panchro-
matic with a spatial resolution of 10 m and nine other bands covering a wavelength ranges from the 
visible to shortwave infrared and at spatial resolution of 30 m. The CORINE2000 Land Cover (CLC) 
map (JRC-EEA 2005) at a spatial resolution of 100 m for the test region was obtained as well at no 
cost (from http://reports.eea.europa.eu/COR0-landcover/en).

http://glovis.usgs.gov/
http://reports.eea.europa.eu/COR0-landcover/en
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4.  Methodology

A comprehensive description for all the steps followed to address the study objectives are summarized 
in Figure 2 and a short description is made available in following paragraphs.

4.1.  Data pre-processing

In ENVI image processing software (ITT Visual Information Solutions Ver. 5.1), six pre-processing 
steps were implemented to each of the acquired Hyperion images. Initially, each image was converted 
from level 1 Hierarchical Data Format (HDF) to ENVI format that contains 242 bands with wavelength. 
Secondly, non-calibrated bands were removed (namely bands 1-7 58-76 225-242, also bands 56-57 
and 77-8 were removed because of the overlapping between visible (VNIR) and shortwave bands 
(SWIR) and the low Signal-to-Noise Ratio (SNR) values. Subsequently, bands with vertical stripping 
identified by visual inspection were removed. The at-sensor radiance was then estimated from the 
Digital Number (DN) values of VNIR and SWIR bands (Beck 2003; USGS 2003). Empirical line nor-
malization was then applied to all three Hyperion images to relatively match the atmospheric effects 
using as a base the 2001 Hyperion image (ENVI 2008).This method provides the easiest technique to 
correct for radiance/reflectance variations caused by solar illumination condition, phenology types 
and performance degradation (Latifovic et al. 2005). Finally, the Minimum Noise Fraction (MNF) was 
implemented to each imagery to separate noise from data and to minimize the influence of systematic 
sensor noise during image analysis (Galvão et al. 2005; Pengra et al. 2007; Pignatti et al. 2009). Hyperion 

Figure 1. Location of the study area in central Greece.
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final data-set consisted of 132, 135 and 136 bands for 2001, 2004 and 2009, respectively. After this 
last pre-processing step, the resulting images were reduced to a common subset of the studied region. 
This final layer product was used for the classification implementation using the SVMs classifier and 
FRAGSTATS® spatial pattern analysis (Figure 2).

Figure 2. Flowchart summarizing the different steps of the work implementation.
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4.2.  Hyperion classification with SVMs

LULC mapping was performed in ENVI using SVMs (Vapnik 1998). In several recent studies, it has 
been reported that SVMs is one of the best classifiers for hyperspectral EO data (Bazi & Melgani 2006; 
Elatawneh et al. 2014; Petropoulos, Kalaitzidis, et al. 2012; Volpi et al. 2013). Herein, we intended to 
avoid the detailed background of the SVMs algorithm, since the latter can be found easily in the liter-
ature (Burges 1998; Foody & Mathur 2004). Briefly, SVMs is a supervised machine learning method 
that is able to classify the data based on a very sophisticated statistical spatial analysis. The separation 
between the classes is made by fitting an optimal separating hyperplane to a set of training data and 
then maximizing the separation between the classes. Thus, everything is based the decision surface 
of the hyperplane where the class separation will be made. SVMs compute an optimal hyperplane 
characterized by a vector that provides the best separation between the two classes (Bazi & Melgani 
2006; Volpi et al. 2013).

The same classification key used to a previous study in the area (Petropoulos, Arvanitis, et al., 2012, 
Petropoulos et al. 2014) was adopted for consistency. This included 10 classes namely: ‘Sea’, ‘Conifer 
forests’, ‘Broadleaved forests’, ‘Sclerophyllous Vegetation’, ‘Transitional Woodland/Scrubland’, ‘Sparsely 
Vegetated Areas’, ‘Heterogeneous Agricultural Areas’, ‘Urban Areas’, ‘Bare Rocks’ and ‘Burnt Areas’, 
the latter was used only for 2009 image because the fire occurred after 2007 (Table 1). Training sites 
representative of the adopted classes were selected separately from the three Hyperion images following 
a stratified random sampling strategy. Approximately 50 pixels of each class included in our classifi-
cation scheme (a total of approximately 520 pixels) were identified as training data. The training sites 
were carefully determined and were restricted to regions where land-cover changes is consistent, and 
to land-cover with slight phenological changes. This was further guided by the experience from field 
visits to the area conducted previously by some of the authors (Petropoulos, Arvanitis, et al. 2012; 
Lamine & Petropoulos 2013; Petropoulos et al. 2013).

Then, SVMs classifier was parameterized and implemented to each of the final pre-processed 
Hyperion images. Herein, SVMs was applied on each Hyperion imagery. Briefly, a multiclass SVMs 
pair-wise classification strategy was implemented at the original Hyperion resolution of 30 m using 
the Radial Basis Function (RBF). The input parameters that needed to be set included the ‘gamma (γ)’ 
and penalty, the sum of pyramid levels included and the expected classification threshold. Generally, 
insufficient information exists in the literature about the criteria to be adopted in choosing specific 
kernel parameters (Li & Liu 2010). In our study, RBF kernel parameterization was based on operating 
a number of trials of parameters combinations, considering the classification accuracy as a scale of 
quality. This is a widely used approach adopted previously in analogous studies (Fauvel et al. 2006; 
Pal & Mather 2006; Kuemmerle et al. 2009; Elatawneh et al. 2014; Petropoulos, Arvanitis, et al., 2012; 
Volpi et al. 2013). In addition, suggestions provided from the ENVI User’s Guide (ENVI 2008) were 
also taken into account in the selection of our kernel parameterization. As a result, the γ parameter 
was appointed to a value that was equal to the inverse of the number of the Hyperion spectral bands 

Table 1. Land use/cover classes used in the present study.

*This class was used only for 2009 scene because the fire occurred during the summer of 2007.

Class Name ID Class description
Sea 01 Sea water
Conifer forests 02 Land covered principally by conifers forest species
Broadleaved forests 03 Land covered principally by different broadleaved forest species
Sclerophyllous vegetation 04 Scrubland and/or herbaceous vegetation and mixed of both.
Transitional woodland/scrubland 05 Areas in which forests and low vegetation co-exist
Sparsely vegetated areas 06 Open areas with little or no vegetation of low height
Heterogeneous agricultural areas 07 Cultivated fields of varied plantations, land principally agriculture
Urban areas 08 Urban fabric, discontinuous urban areas
Bare rocks 09 Area of rocks mainly found at high altitude
Burnt areas* 10 Land surface areas (bare soil or vegetation) previously burnt
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(i.e. 0.006), because the penalty parameter was obstinate in to its maximum value (i.e. 100), driving all 
pixels of the training data to concentrate to a class. The pyramid criterion was appointed to a value of 
zero, favouring the Hyperion imagery to be processed at complete resolution and entire image pixels 
were enforced to be assigned within one class by selecting the expected classification threshold of zero.

4.3.  Classification accuracy assessment

The outcome of the classification using SVMs algorithm was evaluated based on the computation 
of four statistical parameters including Overall Accuracy (OA) Equation (1), User’s Accuracy (UA) 
Equation (2), Producer’s Accuracy (PA) Equation (3) and the Kappa statistics (Kc) Equation (4) 
(Congalton & Green 1998). OA is an estimate of the overall classification accuracy; it shows the per-
centage (%) of the probability that a pixel is classified correctly within the output map. Kc measures 
the present agreement between reference data and the classifier selected to perform the classification 
versus the chance of agreement among the reference data and a random classifier. Despite the crit-
icism, Kappa indices are still considered important measures for the accuracy assessment of maps 
(Congalton & Green 1998), and are commonly provided as a measure of classification accuracy because 
of simplicity, easy to use and implement. PA for a certain class expresses what percentage of a category 
on the ground is correctly classified by the analyst, and can define a measure of pixels omitted from 
its reference class (omission error). Likewise, UA demonstrates the percentage of pixels of a specific 
category that is ‘truly’ out of the reference class, but those pixels are devoted to other ground truth 
classes (commission error). Mathematically, these parameters can be written as follows (Congalton 
& Green 1998; Lu & Weng 2007):
 

 

 

 

where nii is the number of pixels correctly classified in a category; N is the total number of pixels in 
the confusion matrix; r is the number of rows; and nicol and nirow are the column (reference data) and 
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4.4.  Change detection

In our study, change detection was implemented using the ENVI EX software platform. The pro-
cess involved the insertion of temporally distant classification pairs for each subset included in the 
classification scheme classes. The output consisted of three new thematic image maps (2001–2004, 
2004–2009 and 2001–2009) including combinations of class transitions along with the non-changed 
classes. Change detection maps were visually inspected to determine the areas of changes with the 
most significant land cover changes. Maps depicting the changes between the different time periods 
above were visually inspected. LULC changes were subsequently quantified through statistical tables 
including changes in terms of area and percentage measures.

4.5.  FRAGSTATS analysis

To quantify the LULC changes occurred during the 9-year period covered by the three hyperspectral 
images, we implemented the FRAGSTATS analysis which was followed also by a Multivariate Statistical 
Analysis.

Fragmentation analysis was implemented using the Spatial Pattern Analysis (SPA) software plat-
form FRAGSTATS® (v3.3). This software platform offers a comprehensive choice of landscape and 
class-level metrics and its use for quantifying landscape and class-level structure has been previously 
demonstrated widely (Ricketts 2001; Çakir et al. 2007; MacLean & Congalton 2015; Singh et al. 2016). 
One of the most important advantages of FRAGSTATS® is its full integration within ArcMap (Elkie et 
al. 1999; McGarigal et al. 2002; Raines 2002; Lu et al. 2003; Lu & Weng 2007).

In our study, FRAGSTATS® was used to compute a series of statistical metrics to identify and quantify 
the changes in LULC in our experimental site. A total of six indices computed from FRAGSTATS® have 
been taken into account for the landscape level analysis, namely area, perimeter, core area, shape and 
fragmentation metrics at patch and class level. Area provided information to explore the proportion 
of LULC categories and perimeter indices helped to understand the role of the edges. The longer the 
edge of a patch to a given area, the more complex is the shape which means patch stability can be 
judged from ecological perspective. The choice of these metrics was based on the scale of analysis, as 

Table 2. Description of the landscape metrics applied in this study.

Landscape metric (abbreviation, unit) Calculation Desription
Patch area (PA, ha)  Area = aij

(

1

10,000

)

Total area of a given LULC class; aij = area (m2) of patch ij. 
The area of each patch comprising a landscape mosaic 
is perhaps the single most important and useful piece 
of information contained in the landscape

Number of patches (NP)  NP = ni ni: total number of patches of class i; 
Patch density (PD, number per 100 ha)  PD =

ni

A
(10, 000)(100) Patch density is expressed as the ratio of the number of 

patches of a LULC class i and the total area (A; m2); its 
value is converted to number per 100 hectares. PD is a 
simple measure of fragmentation

Largest patch index (LPI, %)
 LPI =

max
j=1

aij

A
(100)

Largest Patch Index is expressed as the proportion of the 
largest patch of a given LULC class(aij: area, m2) and the 
total area (A, m2). It is a simple measure of dominance

Euclidean nearest neighbour (ENN, m)  ENN_MN =
∑n

i=1 hi

n

ENN is the shortest edge to edge distance between 
the patches of a given LULC type; on class level it is 
expressed as the mean of the shortest paths. It is a 
measure of patch isolation

Effective mesh size (MESH, ha)  MESH =

∑n
i=1 a

2

ij

A

�

1

10,000

� MESH is the ratio of square of summed patch areas (aij: 
area of patch ij, m2) and the total area, (A, m2). As a sub-
division index it expresses the information of Division 
Index in area unit. Division Index provides the proba-
bility of 2 randomly placed animals to find each other 
in the landscape. MESH expresses the fragmentation 
independent of the extent of the studied landscape
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well as the knowledge of the study area (Turner 1989; Singh et al. 2016). The grid attributes mainly 
the cell size was 30 m and patch neighbours were based on 8 Cell Rule. Edge depth was also consid-
ered with a buffer zone of 100 m, to calculate the inner undisturbed area and core area of the patches. 
Furthermore, distance between the patches belonging to the same LULC class and the fragmentation 
was determined too. Characteristics of the applied landscape metrics is summarized in Table 2 (see 
McGarigal & Ene 2012; McGarigal et al. 2002).

4.6.  Multivariate statistical analysis

The magnitude and the trend of the changes were quantified using a multivariate statistical method; 
in particular the PCA was performed using the AREA, Largest Patch Index (LPI), Number of Patches 
(NP), Patch Density (PD), Euclidean Nearest Neighbour (ENN), Effective Mesh Size (MESH) landscape 
metrics. This approach allowed plotting the values as an ordination and as a result to reduce the number 
of variables. Standardized PCA was used considering correlations between the variables combined 
with Varimax rotation to obtain uncorrelated principal components (PC). Numbers of PCs were 
determined by the Kaiser’s rule retaining those ones whose eigenvalue was less than 1 (Jolliffe 1986). 
Quality was assessed with the RMSR (Root Mean Square Residual, off-diagonal) and GFI (Goodness-
of-Fit Index) (Basto & Pereira 2012).The values using the component scores and distinguished both 
the dates and the land cover types were subsequently plotted and calculations were computed using 
SPSS 22 statistical analysis software platform.

5.  Results & discussion

5.1.  Classification results

From the SVMs classification implementation, three classified images were obtained showing a clear 
spatial heterogeneity among the different classes. The following 10 classes were extracted after the image 
classification Sea, Heterogeneous Agricultural Areas, Broadleaved forests, Bare rocks, Urban Areas, 
Sparsely Vegetated Areas, Burnt areas, Conifer forests, Sclerophyllous Vegetation and Transitional 
Woodland/Scrubland. A very high OA was reported for all three classification images (OA: 86.62% 
in 2001, 91.67% in 2004 and 89.26% for 2009). Kappa statistic was high in all images, with values of 
0.848, 0.905 and 0.880 for 2001, 2004 and 2009, respectively (Table 3, Figure 3). Some lower accuracy 
in 2001 classified can be related to the acquisition dates of the images. Coniferous forest/Broadleaved 
forest can show different behaviour for example, dropping of leaves and spectral changes in leaf colour 
is rather related to the climate than the calendar date. For most of the classes, the PA of > 85% was 
obtained except for sparsely vegetated areas, heterogeneous agricultural areas and bare rocks which 
suggested that the collected validation samples also belonged to the same class more frequently. No 
burnt areas are detected in 2001 and 2004 images. Similarly, UA is found in the range of 80–100% for 
most of the classes indicated that all of the points classified by the SVMs could be expected to be the 
same area when a field survey is performed. The classification of the bare rocks and vegetated areas 
in different categories indicated a lower PA and UA most of the time than the other classes can be 
attributed to misclassification errors because of closed similarity of vegetation classes with each other.

These statistics are highly sufficient for making a robust analysis of the study area because they 
exceed the minimum 85% OA stipulated by the USGS classification scheme (Anderson et al. 1976) 
for satellite-derived LULC maps and also as was adopted in recent research studies (Deng et al. 2009; 
Singh et al. 2013a, 2013b, 2015; Srivastava et al. 2014). It can be observed that the upper parts of the 
Hyperion images were mostly covered by Heterogeneous Agricultural Areas and Urban Areas on 
the top north. The middle parts were dominated by three LULC classes including Conifer forests, 
Sclerophyllous Vegetation and Transitional Woodland/Scrubland. On the other hand, the parts towards 
the south were mainly covered by Urban Areas. The class ‘Burnt Areas’ was spotted only in the centre 
of 2009 image because the fire occurred after 2007 (Petropoulos, Arvanitis, et al., 2012). However, the 
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class ‘Bare Rocks’ was found close to the urban areas in the south of the study region and also in the 
centre of 2009 image after fire occurrence. Similar kind of LULC trends could be observed visually 
by analysing either the Hyperion imagery or observing a Google Earth imagery of the site within the 
same or near image acquisition period.

5.2.  Quantifying land cover change

Different trends of change were found during the nine-year period covered by the three Hyperion 
images. In 2001, the computed area of each LULC class showed that Conifer forests, Sclerophyllous 
Vegetation and Transitional Woodland/Scrubland occupied the largest areas by 31.94, 24.48 and 20.63 

Figure 3. Land use/cover classification results from Hyperion time-series images 2001, 2004 and 2009 using the SVMs pixel-based 
classifier.

Table 3. Classification accuracy of the three Hyperion scenes 2001, 2004 and 2009.

Class name

2001 2004 2009

Prod. Acc (%) User. Acc (%) Prod. Acc (%) User. Acc (%) Prod. Acc (%) User. Acc (%)
Sea 100.00 100.00 100.00 100.00 100.00 100.00
Conifer forests 100.00 94.74 100.00 95.24 100.00 92.59
Broadleaved forests 87.50 93.33 100.00 100.00 100.00 100.00
Sclerophyllous 

vegetation
86.36 82.61 100.00 75.00 60.00 100.00

Transitional wood-
land/scrubland

92.86 92.86 90.91 100.00 90.48 67.86

Sparsely vegetated 
areas

81.25 72.22 77.78 77.78 80.00 87.50

Heterogeneous 
agricultural areas

78.95 93.75 81.25 100.00 100.00 89.47

Urban areas 100.00 73.91 83.33 93.75 100.00 100.00
Bare rocks 25.00 100.00 75.00 75.00 53.33 100.00
Burnt areas* – – – – 100.00 78.13
Overall accuracy 86.62% 91.67% 89.26%
Kappa coefficient 0.848 0.905 0.880
*This class was used only for 2009 scene because the fire occurred during the summer of 2007.
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Km2, respectively, while Sparsely Vegetated Areas and Heterogeneous Agricultural Areas arrived in 
the second rank by 16.02 and 18.39 Km2, respectively, in the third rank we found Broadleaved forests 
by 5.48 Km2 and Urban Areas by 9.51 Km2, and finally the class Bare Rocks with only 0.87 Km2. In 
2004, the intra-changes of LULC statistics were close to 2001 somehow and following the same trend 
of changes. Comparing to 2001, a decrease in LULC surface was registered for five classes including 
Conifer forests, Broadleaved forests, Sclerophyllous Vegetation, Sparsely Vegetated Areas and Urban 
Areas. On the other side, a big increase of LULC surface was registered for Heterogeneous Agricultural 
Areas and Bare Rocks, for Transitional Woodland/Scrubland almost the same area was registered. 
In 2009, comparing to 2004 some LULC classes continued their decrease, which was the case for 
Conifer forests, Transitional Woodland/Scrubland and Heterogeneous Agricultural Areas, whereas 

Figure 4. Land cover type proportions for each of the three dates; 2001, 2004 and 2009.

Figure 5. Scatterplot of ordination results gained with landscape metrics ( : 2001; ●: 2004; : 2009; —: change trajectories of land 
cover types; C: coniferous forest; H: heterogeneous agricultural areas; Ba: bare rocks; Br: broadleaved forests; U: urban areas; Sc: 
sclerophyllous vegetation; T: transitional woodland/scrubland).
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some of them showed a recovery and an increase was registered for Broadleaved forests, Sclerophyllous 
Vegetation, Sparsely Vegetated Areas, Urban Areas and Bare Rocks, a new class was created in 2009 
image represented by Burnt Areas which was found in the centre of the study region after the fire of 
2007 (Table 4, Figure 4).

Results also suggested a high rate of deforestation in the centre of the region as well as a high rate 
of urbanization in northern and southern parts (Table 5); possibly due to large demand of natural 
resources for different industrial activities. Furthermore, the fast increase in Bare Rocks LULC class 
in the middle part of the region was resulted from the land clearing following the fire of 2007. Apart 
from disaster like forest fire, the other reasons for land use/land cover changes are unprecedented rise 
in human population and non-judicious utilization of vegetated area by local people for resources like 
fuel wood, timber, non-timber forest products and fodder.

5.3.  Landscape metrics using FRAGSTATS®

LULC analysis results showed that Sclerophyllous Veg. is a dominant land cover type in 2009. The 
landscape class level metrics results are shown in Table 6. The maximum Percentage of Landscape 
(PLAND) in 2001 shown by conifer forests (9.74%) and minimum by bare rocks (0.26%), in 2004 
again conifer forests have maximum PLAND (8.57) and minimum broad leaved forests (1.14), whereas 
in 2009 maximum PLAND was reported for heterogeneous agricultural areas (8.26) and minimum 
(0.16) for conifer forests (Table 6). The result of PLAND shows that the Conifer forests are dominant 
in the region and overall trend showed it is decreasing; in year 2009 as dominant cover type was 
sparsely vegetated areas. The NP was highest for the sparsely vegetated areas (1346) and minimum 
for broad leaved forests (212) in 2001, this suggests that the sparsely vegetated areas are more frag-
mented towards disturbances across a landscape whereas broad leaved forests are more resistant to 
disturbances. In 2004, again the sparsely vegetated areas have maximum NP (1533) and minimum 

Table 4. Total amount of each land cover class in the site (Km2).

Land cover type 2001 2004 2009
Sea 20.24 20.23 20.22
Conifer forests 31.94 28.09 18.46
Broadleaved forests 5.48 3.75 4.47
Sclerophyllous Veg. 24.48 23.18 27.1
Trans. wood/scrub 20.63 20.64 18.09
Spars. veg. areas 16.02 15.79 21.13
Hetero. agri. areas 18.39 23.03 18.72
Urban areas 9.51 9.19 10.98
Bare rocks 0.87 3.81 5.56
Burnt areas 0 0 3.09

Table 5. Land Use/Cover changes from 2001 to 2009 (Km2) according to the SVMs classifier implementation to the Hyperion images.

Land cover type

Land cover area (Km2)

2001–2004 2004–2009 2001–2009
Sea −0.17 −0.11 −0.28
Conifer forests −3.85 −9.63 −13.48
B.leaved forests −1.73 0.71 −1.01
Sclerophyllous veg. −1.3 3.92 2.62
Trans. wood/scrub 0.01 −2.55 −2.54
Spars. veg. areas −0.23 5.34 5.11
Hetero. agri. areas 4.64 −4.31 0.33
Urban areas −0.32 1.79 1.47
Bare rocks 2.94 1.74 4.69
Burnt areas 0 0 3.09
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was reported for broad leaved forests. In 2009, the highest NP (1533) was obtained for transitional 
woodland/scrubland and minimum NP (25) was for conifer forests. It means that the conifer forests 
are very less resistant towards disturbances like forest fire. The changes in the patch density (PD) or 
mean patch size (MPS) at landscape level is defined by PD/MPS revealed that the sparsely vegetated 
areas get the highest patch density (4.11 Nber/100 ha), whereas broadleaf forests has lowest PD (0.65 
Nber/100 ha) in 2001. The PD was highest for sparsely vegetated areas (4.68 Nber/100 ha) whereas the 
broad leaf forests demonstrate the lowest PD (0.77 Nber/100 ha) in 2004. PD was the highest for the 
transitional woodland/scrubland (4.68 Nber/100 ha) and was the lowest in the case of conifer forests 
(0.08 Nber/100 ha). It suggested that the conifer forest was more fragmented in 2009 as correlated to 
previous years. The largest patch index at the class level computes the percentage of total landscape 
area involved inside the largest patch. Independently, it is a straightforward estimate for dominance. 
The maximum of LPI was obtained for the conifer forests (8.01%) and the minimum of (0.02%) for 
bare rocks in 2001. In 2004, the maximum LPI was observed for heterogeneous agricultural areas 
(3.13%) and minimum (0.25%) for bare rocks, whereas in 2009, the maximum LPI was observed for 
heterogeneous agricultural areas (4.17%) and minimum for burnt areas (0.4%). It has been suggested 
that the heterogeneous agricultural areas are getting dominated in the region over the period.

5.4.  Trend of fragmentation by LU/LC classes

The multivariate analysis (i.e. the PCA) provided a possibility to analyse the data-set considering 
several landscape metrics parallel (Huang et al. 2008; Szabó et al. 2015). This approach made possible 
to identify trends in the changes from the aspect of landscape fragmentation. The involved landscape 
metrics resulted in a good fit according to the RMSR and GFI (0.06 and 0.99, respectively). PCA 
explained 89.1% of the total variance (Table 7). PC1 accounted for the 45.6% of the variance correlating 

Table 6.  FRAGSTATS® metrics of LU/LC classes during 2001, 2004 and 2009 (Area/density/edge metrics) of class and landscape 
metrics (_MN: arithmetic mean of patch level data).

Year Class ID TYPE PLAND NP PD LPI AREA_MN ENN_MN MESH
2001 2 Con. forests 9.7456 409 1.25 8.01 7.81 104.21 210.81
2001 3 Br. lv. forests 1.6725 212 0.65 0.52 2.59 176.2 1.56
2001 4 Sch. vegetation 7.4713 996 3.04 1.47 2.46 84.09 14.83
2001 5 Trans. wood l/s 6.2948 888 2.71 1.3 2.32 89.09 8.35
2001 6 Spars. veg. areas 4.8884 1346 4.11 0.67 1.19 80.49 2.02
2001 7 Hetero. agr.l areas 5.611 838 2.56 0.98 2.19 99.32 7.69
2001 8 Urban areas 2.9007 311 0.95 2.35 3.06 155.56 18.06
2001 9 Bare Rocks 0.2645 265 0.81 0.02 0.33 141.22 0
Total 38.8488 5265 16.08 15.32 21.95 930.18 263.32
2004 2 Con. forests 8.571 531 1.62 2.8 5.29 105.43 49.36
2004 3 Br. lv. forests 1.1458 252 0.77 0.33 1.49 165.28 0.55
2004 4 Sch. vegetation 7.0739 1421 4.34 3.1 1.63 86.17 32.3
2004 5 Trans. wood l/s 6.2989 910 2.78 0.98 2.27 95.63 9.65
2004 6 Spars. veg. areas 4.8173 1533 4.68 0.58 1.03 90.03 1.71
2004 7 Hetero. agr.l areas 7.0278 826 2.52 3.13 2.79 96.59 34.33
2004 8 Urban areas 2.8037 370 1.13 2.07 2.48 133.49 14.11
2004 9 Bare Rocks 1.1628 627 1.91 0.25 0.61 130.07 0.24
 Total  38.9012 6470 19.75 13.24 17.59 902.69 142.25
2009 2 Con. forests 0.1681 25 0.08 0.1 2.2 392.16 0.04
2009 3 Br. lv. forests 5.6327 643 1.96 1.33 2.87 105.89 9.06
2009 4 Sch. vegetation 5.5212 1044 3.19 1.96 1.73 100.56 19.26
2009 5 Trans. wood l/s 6.4464 1533 4.68 0.77 1.38 89.74 3.76
2009 6 Spars. veg. areas 1.3635 354 1.08 0.51 1.26 139.9 1
2009 7 Hetero. agr.l areas 8.2694 1198 3.66 4.17 2.26 85.41 61.08
2009 8 Urban areas 3.3488 521 1.59 2.35 2.11 123.61 18.34
2009 9 Bare Rocks 5.7131 1029 3.14 4.14 1.82 100.45 56.35
2009 10 Burntareas 0.9428 210 0.64 0.4 1.47 183.6 0.6
 Total  37.406 6557 20.02 15.73 17.1 1321.32 169.49
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with the MESH, LPI and AREA (as area-related metrics), while PC2 accounted for the 43.5% of the 
variance in high correlation with the NP, PD and ENN (as patch density and distance related metrics).

Changes were revealed based on PC1 and PC2 variables (Figure 5). Largest changes occurred in 
case of conifer forests as the trajectory of the dates can be considered large on both axis: magnitude 
of the changes was the largest decrease among all land cover types regarding both PCs. Changes of 
urban areas were the smallest. Trends were distinguished as monotonously decreasing (conifer forest) 
monotonously increasing (heterogeneous agricultural areas, bare rocks), transitional ones (changes 
were different along the two axis: broadleaved forests, urban areas, transitional woodland/scrubland) 
and when there was no trend (sclerophyllous vegetation).

Conifer forests have a decreasing trend. The effective mesh size (MESH), which is an indicator 
of subdivision characteristic of a landscape (Jaeger 2000), Largest Patch Index (LPI) and the mean 
area (AREA) decreased in the investigated period, number of patches (NP), patch density (PD) also 
decreased. Consequently, the mean distance of the nearest neighbouring patch (ENN) increased. This 
process indicates a fast fragmentation process that can be considered as the most detrimental process 
in the area as these forests play an important role in the sustaining of the biodiversity. Moreover, other 
natural habitats (sclerophyllous forests and sparsely vegetated areas) are also endangered by the head-
way of bare rocks and agricultural lands. The slow increase in urban area patch sizes also indicates that 
the region will face the sprawl of the increasing rate of built-up areas enhancing the anthropogenic 
influence on the valuable species (Fahrig 1997).

6.  Conclusions

This study aimed at exploring the use of Hyperion imagery synergistically with SVMs to map LULC 
change dynamics over a 9-year period (2001–2009) in a typical Mediterranean ecosystem and sub-
sequently the relationships between LULC changes in landscape fragmentation characteristics. To 
our knowledge, this study is the first of its kind, in terms of providing the first demonstration of the 
Hyperion EO-1 capability combined with FRAGSTATS® in monitoring LULC changes and under-
standing land surface fragmentation characteristics and their changes over time.

Our findings unveil the degree of land use change, diversity and fragmentation patterns occurred, 
indicating that notable changes have taken place in the studied area during the 9 years. Landscape 
metric and landscape transformation analysis showed that over the time spatial configuration and 
composition of the landscape has significantly changed as a result of both natural hazards and anthro-
pogenic activities pressures, resulting to a reduction in the forest area. These results overall suggested 
the requirement for using the most convenient approaches to conserve this precious ecologically 
natural ecosystem of the region.

Our study findings provide an important input to the understanding of the landscape metrics of 
complex and highly dynamic ecosystems in the Mediterranean region. More importantly, provide 
further supporting evidence of the suitability of synergistic use of EO with GIS in monitoring the 
variations within landscape dynamics in a cost-effective, semi-automatic and rapid manner. Notably, 
the approach implemented here in particular is robust and adjustable enough to be expanded further 
or to be implemented to other regions as well after necessary adjustments are made. The latter is of 

Table 7. Rotated component matrix of the selected landscape metrics.

FRAGSTATS® metrics PC1 PC2
Effective mesh size (MESH) 0.971 0.040
Largest patch index (LPI) 0.948 0.172
Patch area (AREA) 0.912 −0.197
Number of patches (NP) −0.100 0.970
Patch density (PD) −0.100 0.970
Euclidean nearest neighbour distance (ENN) −0.217 −0.814
Variance (%) 45.6 43.5
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considerable importance given the booming access to freely distributed EO data globally and par-
ticularly the forthcoming launch of new satellite-based hyperspectral sensors just as that of NASA’s 
HyspIRI and EnMAP, the German hyperspectral satellite mission to be launched in 2018.
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