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imagery; due to the fact the samples were not satisfactory in number and 
distribution, to give a representative spectral signature. 

The parameters for tree distribution in relation to the terrain of Taxiarchis forest 
(elevation and slope), as presented in table 11, were entered for each individual 
class on a fuzzy logic basis in order to improve classification. A process of trial and 
error, based on the classification and the overall accuracy per class, the K index (or 
KIA6), as well as user7 and producer8 accuracies, assisted in deciding upon the fuzzy 
area of distribution for each tree species. As in previous classification processes, a 
nearest neighbour feature space was created with some additional parameters taken 
into account, namely brightness for the Landsat imagery and Standard Deviation for 
the mean value of particular bands of the MNF transformed Hyperion and CASI 
imagery. 

The limits, left and right of the function are based on the range of the vector data as 
extrapolated from the GDEM in relation to the ground sampling (see table 10). 
Depending on producer and user accuracies, the range was restricted or loosened 
and several classification trials were carried out, as too reduce conflict between 
classes during classification at a minimum. This process gave rise to a best possible 
classification result, presented in the following sections. 

Figure 57, below shows an example of the form of membership function entered for 
the elevation range of a class (in this case, beech) for fuzzy analysis based 
classification for the Landsat imagery. 

 

                                                             
6 Reflects the difference between actual agreement and the agreement expected by chance. Kappa of 
0.85 means there is 85% better agreement than by chance alone (Congalton, 1991). 
 
7 User’s accuracy corresponds to error of commission (inclusion). Calculated as: Number correctly 
identified in a given map class / Number claimed to be in that map class (Congalton, 1991). 
 
8 Producer’s accuracy corresponds to error of omission (exclusion). Calculated as: Number correctly 
identified in ref. plots of a given class / Number actually in that reference class  (Congalton, 1991). 
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Figure 57: Membership function example for fuzzy analysis based classification for the elevation (m) range of 
beech. 

 

As in figure 57, figure 58, depicts the range for the degree of slope for beech, as an 
example of the form of fuzzy analysis based classification.  
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Figure 58: Membership function example for fuzzy analysis based classification for the degree of slope (%) 
range of beech. 

 

For this part of the study we restricted our training in areas in those provided by 
group B categories. This is due to the high accuracy of classification they exhibited, 
as well as the straightforwardness in determining a spectral signature per species. 
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3.5.1 Landsat Imagery Object Based Image Analysis (OBIA) with Fuzzy 
Analysis Based on Physiographic Parameters 

 

The Landsat image was segmented with multi-resolution segmentation. The level 
used for classification was created with scale factor 20, colour factor 0.8 and 
compactness 0.5, as before. 

Figure 59, below, illustrate the classification result (class distribution based on 
spectral signatures, as well as restrictions based on the physiographic parameters of 
table 11, employing fuzzy logic). 

For all classification results illustrated below, one should refer to the colour key of 
figure 21. 

 

 

Figure 59: Classification result for Landsat image after fuzzy analysis-based classification. 
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The accuracy results which were achieved after a process of trial-and-error in 
deciding upon the fuzzy range attributed to each physiographic parameter is 
presented in table 12, below. It should be noted that the Pinus sylvestris and Pinus 
pinea classes do not affect the overall accuracy and KIA score, as their distribution is 
limited in the area and thus sample size was not satisfactory to give rise to 
meaningful results for the spatial resolution of the Landsat imagery. 

 

Class Maquis Castanea Beech 
Pinus 
Brutia 

Pinus 
Sylvest. 

Pinus 
Maritime 

Pinus 
Nigra 

Pinus 
Pinea 

Oak 

Producer 0.82 0.17 0.14 0.29 0.00 0.30 0.27 0.00 0.94 
User 0.65 0.20 0.79 0.86 0.00 0.09 0.71 - 0.78 

KIA Per 
Class 

0.73 0.17 0.13 0.25 0.00 0.28 0.27 0.00 0.85 

Overall 
Accuracy 

0.73 

KIA 0.56 
 

Table 12: Fuzzy analysis-based classification accuracy assessment for the Landsat image. 

 

Upon comparison with the classification accuracy results listed in appendix V (see 
results for Group B classes); we observe a slight drop in the KIA accuracy, as well as 
for the classes Pinus brutia and Beech. However, other classes, such as Castanea (not 
present in the classification based on spectral signatures alone) were present in this 
classification (mainly due to the additional samples taken), while Pinus maritime 
showed great improvement, as a class. Thus, even though the overall result for 
accuracy is worst, more classes are present and due to the limited number of 
samples available the accuracy drops, as a result of insufficient training areas to 
create a spectral signature for certain species, which are known to be present from 
field studies.  

Two additional indices have been employed for the classification evaluation, 
Classification Stability and Best Classification Result. The Classification Stability 
concerns a statistic type used for accuracy assessment and is depicted in figure 60, 
while the values for each class are listed in table 13. It is a measure for conflict 
between classes during the classification process. The difference between the best 
and the second best class assignment is calculated as a percentage. The statistical 
output displays basic statistical operations (number of image objects, mean, 
standard deviation, minimum value and maximum value) performed on the best-to-
second values per class (eCognition Definiens Developer 7 Userguide, 2007). 
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Figure 60: Classification Stability for the Landsat image after entering a fuzzy range for physiographic 
parameters. Red shows areas with high conflict between classes, followed by yellow and green for more stable 
classification results successively. 

 
From the mapped Classification Stability, illustrated in figure 60, we conclude that 
the classification stability is low. Classes with a wide distribution, such as Maquis, 
Pinus brutia and Oak vary in stability, with Maquis representing a particularly 
unstable class (see SD in table 13).  
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Class Objects Mean SD Minimum Maximum 

Maquis 35104.00 0.27 0.28 0.00 0.94 
Castanea 1405.00 0.03 0.03 0.00 0.21 

Beech 19084.00 0.06 0.06 0.00 0.95 
PinusBrutia 25426.00 0.06 0.06 0.00 0.35 

PinusSylvestris 2823.00 0.02 0.02 0.00 0.14 
PinusMaritime 1739.00 0.04 0.03 0.00 0.10 

PinusNigra 1752.00 0.02 0.03 0.00 0.23 
PinusPinea 0.00 

    
Oak 28424.00 0.05 0.07 0.00 0.76 

 

Table 13: Classification Stability per class for the Landsat imagery after fuzzy analysis-based classification. 

The Best Classification Result is another form of statistical analysis for evaluating 
classification accuracy (see figure 61) and displays a statistic type used for accuracy 
assessment. It addresses the issue of whether a particular segment has been 
assigned to a class well suited to the spectral signature of each tree category and the 
respective parameters. The statistical output for the best classification result is 
evaluated per class. Basic statistical operations are performed on the best 
classification result of the image objects assigned to a class (number of image 
objects, mean, standard deviation, minimum value and maximum value) (eCognition 
Definiens Developer 7 Userguide, 2007). 
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Figure 61: Best classification result for the Landsat image after entering a fuzzy range for physiographic 
parameters. Red shows areas with high conflict between classes, followed by yellow and green for more stable 
classification results successively. 

 

Figure 61, representing a map for the Best Classification Result statistic shows that 
most segments have been attributed to a satisfactory degree to each class. Again 
Maquis, constitutes a class, which despite its wide distribution may be of high 
conflict with other classes and is followed by Pinus maritime, which is not surprising, 
considering the likelihood of conflict between Pinus species with a restricted 
distribution in the area. All other classes, which are present in this classification have 
scored relatively well. 
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Class Objects Mean SD Minimum Maximum 

Maquis 35104.00 0.73 0.26 0.10 1.00 
Castanea 1405.00 0.93 0.07 0.47 0.99 

Beech 19084.00 0.81 0.22 0.10 1.00 
PinusBrutia 25426.00 0.81 0.19 0.10 1.00 

PinusSylvestris 2823.00 0.93 0.07 0.26 1.00 
PinusMaritime 1739.00 0.75 0.21 0.12 0.99 

PinusNigra 1752.00 0.92 0.10 0.11 1.00 
PinusPinea 0.00 

    
Oak 28424.00 0.92 0.13 0.10 1.00 

 

Table 14: Best Classification result per class for the MNF transformed CASI image after fuzzy analysis-based 
classification. 
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3.5.2 MNF Transformed Hyperion Object Based Image Analysis (OBIA) with 
Fuzzy Analysis Based on Physiographic Parameters 

 
The parameters for distribution in relation to the terrain of Taxiarchis forest 
(elevation and slope), as presented in table 11, were entered for each individual 
class in order to improve classification. As before, a process of trial and error, based 
on the classification the overall accuracy per class, the K index, as well as user and 
producer accuracies, assisted in deciding upon the fuzzy area of distribution for each 
tree species. As in previous classification processes, a nearest neighbour feature 
space was created with some additional parameters taken into account, namely 
brightness and Standard Deviation for Layers 4-11. SD for layers 1-3 was not taken 
into account due to high noise observed visually. 

The MNF transformed Hyperion image was segmented with multi-resolution 
segmentation. The level used for classification was created with scale factor 10, 
colour factor 0.8, compactness 0.5. 

Figure 62, below, illustrates the classification result (class distribution based on 
spectral signatures, as well as restrictions based on the physiographic parameters of 
table 11, employing fuzzy logic). 

For all classification results illustrated below, one should refer to the colour key of 
figure 21. 
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Figure 62: Classification result for MNF transformed Hyperion image after fuzzy analysis-based classification. 

 

The accuracy results which were achieved after a process of trial-and-error in 
deciding upon the fuzzy range attributed to each physiographic parameter is 
presented in table 15, below. It should be noted that the Pinus sylvestris class does 
not affect the overall accuracy and KIA score, as its distribution is limited in the area 
and thus sample size was not satisfactory to give rise to meaningful results for the 
spatial resolution of the Landsat imagery. 

Class 
Pinus 

Sylves. 
Maquis Castanea Beech 

Pinus 
Brutia 

Pinus 
Maritime 

Pinus 
Nigra 

Pinus 
Pinea 

Oak 

Producer 0.00 0.81 0.88 0.39 0.58 0.93 0.69 1.00 0.58 
User - 0.64 0.08 0.66 0.68 0.15 0.16 0.02 0.85 

KIA Per 
Class 

0.00 0.71 0.88 0.36 0.52 0.92 0.66 1.00 0.37 

Overall 
Accuracy 

0.63 

KIA 0.49 
 

Table 15: Fuzzy analysis-based classification accuracy assessment for the MNF transformed Hyperion image. 
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Upon comparison with the classification accuracy results listed in appendix V (see 
results for Group B classes, MNF results), we observe a significant, but not large drop 
in both the overall accuracy and the K index (KIA). However, the current 
classification, with the exception of the Pinus sylvestris class, includes many more 
classes and thus gives us a better tool for evaluating the biodiversity of the area.  

The Classification Stability, as a measure for conflict between classes during the 
classification process, shows much reduced conflict in relation to the Landsat result 
(see figure 59), with the red areas (of high conflict) being less extensive and patched.  

 

 

Figure 63: Classification stability for the MNF transformed Hyperion image after entering a fuzzy range for 
physiographic parameters. Red shows areas with high conflict between classes, followed by yellow and green 
for more stable classification results successively. 

 

Indeed, looking at table 16, we observe that Classification Stability per class is quite 
high in all classes except in the cases of the Pinus pinea and Castanea classes, both 
classes with limited distribution and samples, thus with a relatively inaccurate 
spectral signature, which again proves to be a defining factor in classification 
accuracy. 
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Class Objects Mean SD Minimum Maximum 

Maquis 963.00 0.48 0.27 0.00 0.94 
Castanea 30.00 0.07 0.09 0.00 0.46 

Beech 132.00 0.14 0.15 0.00 0.75 
PinusBrutia 245.00 0.14 0.13 0.00 0.76 

PinusSylvestris 0.00 
    

PinusMaritime 77.00 0.10 0.11 0.00 0.48 
PinusNigra 191.00 0.14 0.14 0.00 0.65 
PinusPinea 24.00 0.06 0.04 0.00 0.20 

Oak 938.00 0.16 0.12 0.00 0.78 
 

Table 16: Classification Stability per class for the MNF transformed Hyperion image after fuzzy analysis-based 
classification. 

 

The Best Classification Result, addressing the issue of whether a particular segment 
has been assigned to a class well suited to the spectral signature of each tree 
category and the respective parameters, is again improved in the Hyperion in 
comparison to the Landsat imagery. Figure 63 shows a very limited distribution of 
red patches (representing a questionable result) with most area being covered in 
green. 
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Figure 64: Best classification result for the MNF transformed Hyperion image after entering a fuzzy range for 
physiographic parameters. Red shows areas with high conflict between classes, followed by yellow and green 
for more stable classification results successively. 

 
According to table 17, all classes scored very high for the Best Classification Result 
statistic, which shows that classification of most segments has a high probability of 
being accurate for the MNF transformed Hyperion image. 

 

Class Objects Mean SD Minimum Maximum 

Maquis 963.00 0.69 0.23 0.11 0.99 
Castanea 30.00 0.45 0.17 0.11 0.99 

Beech 132.00 0.44 0.18 0.10 0.98 
PinusBrutia 245.00 0.54 0.18 0.10 0.96 

PinusMaritime 77.00 0.58 0.15 0.26 0.99 
PinusNigra 191.00 0.47 0.18 0.11 0.99 
PinusPinea 24.00 0.64 0.22 0.27 0.99 

Oak 938.00 0.51 0.17 0.10 1.00 
 

Table 17: Best Classification Result per class for the MNF transformed CASI image after fuzzy analysis-based 
classification. 
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3.5.3 MNF Transformed CASI 2m Spatial Resolution Object Based Image 
Analysis (OBIA) with Fuzzy Analysis Based on Physiographic Parameters 
 

 The parameters for distribution in relation to the terrain of Taxiarchis forest 
(elevation and slope), as presented in table 11, were entered for each individual 
class in order to improve classification. As before, a process of trial and error, based 
on the classification the overall accuracy per class, the K index, as well as user and 
producer accuracies, assisted in deciding upon the fuzzy area of distribution for each 
tree species. As in previous classification processes, a nearest neighbour feature 
space was created with some additional parameters taken into account, namely 
brightness and Standard Deviation for Layers 2-6. Layer 1 SD was not taken into 
account due to high noise observed visually. 

 

 

Table 18: Classification result for MNF transformed CASI image after fuzzy analysis-based classification. 
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The accuracy of the classification for the MNF transformed CASI after entering 
physiographic restrictions, according to a fuzzy-based logic, is considerably lower (by 
1.2 for Overall Accuracy and 1.4 for KIA) in comparison to the result based on 
spectral signatures (see appendix V). Most classed represented have risen in 
accuracy (looking at KIA per class), including Maquis, Castanea (with a great increase 
in accuracy), Pinus maritima (with a great increase in accuracy), Pinus nigra, Pinus 
pinea (with great increase in accuracy). However, the remaining classes had dropped 
considerably. 

 

Class Maquis Castanea Beech Pinus 
Brutia 

Pinus 
Sylvestris 

Pinus 
Maritime 

Pinus 
Nigra 

Pinus 
Pinea Oak 

Producer 0.72 0.25 0.44 0.71 0.41 0.52 0.38 0.90 0.74 

User 0.74 0.10 0.60 0.79 0.04 0.09 0.42 0.06 0.86 

KIA Per 
Class 0.62 0.25 0.41 0.65 0.40 0.49 0.37 0.90 0.57 

Overall Accuracy 0.71 

KIA 0.58 
 
Table 19: Fuzzy analysis-based classification accuracy assessment for the MNF transformed CASI image. 

 

The Classification Stability, concerning conflict between classes during the 
classification process, as depicted in figure 65 is better than the Landsat image, but 
worst in comparison to the MNF transformed Hyperion imagery, with extensive red 
patches. 
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Figure 65: Classification Stability for the MNF transformed CASI image after entering a fuzzy range for 
physiographic parameters. Red shows areas with high conflict between classes, followed by yellow and green 
for more stable classification results successively. 

 
As shown in table 19, the classes with particularly low stability include Castanea, 
Pinus sylvestris, Pinus maritime, Pinus nigra and Pinus pinea. This could be attributed 
to both their similarities in spectral signature, as well as their similarities in 
distribution (see table 11). Main dominant species, such as Oak, Pinus brutia, Beech 
and Maquis were found quite stable for the MNF transformed CASI imagery. 
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Class Objects Mean SD Minimum Maximum 

Maquis 2115.00 0.20 0.25 0.00 0.96 
Castanea 25.00 0.12 0.09 0.00 0.29 

Beech 280.00 0.14 0.14 0.00 0.73 
PinusBrutia 861.00 0.08 0.08 0.00 0.60 

PinusSylvestris 206.00 0.06 0.04 0.00 0.24 
PinusMaritime 490.00 0.07 0.07 0.00 0.28 

PinusNigra 156.00 0.05 0.05 0.00 0.30 
PinusPinea 72.00 0.30 0.13 0.01 0.42 

Oak 2949.00 0.13 0.10 0.00 0.98 
Other 1105.00 0.43 0.33 0.00 1.00 

 

Table 20: Classification Stability per class for the MNF transformed CASI image after fuzzy analysis-based 
classification. 

 

The Best Classification Result, as illustrated in figure 65, with values tabulated in 
table 21, shows excellent results, meaning the confidence for attributing each 
segment to a particular class is exceptionally high (almost 100%). 
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Figure 66: Best classification result for the MNF transformed CASI image after entering a fuzzy range for 
physiographic parameters. Red shows areas with high conflict between classes, followed by yellow and green 
for more stable classification results successively. 

 

Class Objects Mean SD Minimum Maximum 

Maquis 2115.00 0.79 0.14 0.50 0.99 
Castanea 25.00 0.70 0.09 0.54 0.99 

Beech 280.00 0.74 0.12 0.50 0.99 
PinusBrutia 861.00 0.84 0.12 0.50 1.00 

PinusSylvestris 206.00 0.72 0.13 0.50 1.00 
PinusMaritime 490.00 0.84 0.15 0.52 0.99 

PinusNigra 156.00 0.80 0.12 0.51 0.99 
PinusPinea 72.00 0.90 0.12 0.50 0.99 

Oak 2949.00 0.82 0.12 0.50 1.00 
Other 1105.00 0.71 0.16 0.50 1.00 

 

Table 21: Best Classification result per class for the MNF transformed CASI image after fuzzy analysis-based 
classification. 
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3.6 Biodiversity Index 
 

Mapping biodiversity in Taxiarchis University Forest, by calculating an index for the 
diversity of forest trees was the final aim of this study. Through this section, the 
potential of remote sensing in evaluating the quality, disturbance and possible 
management needs of a particular ecosystem is demonstrated.  The MNF 
transformed CASI image with 2 m spatial resolution (Group B categories) was used in 
this section, due to the fact it provided the best classification accuracy results in 
comparison to the TTA mask. 

For this part of the study we restricted our training in areas in those provided by 
group B categories. This is due to the high accuracy of classification they exhibited, 
as well as the straightforwardness in determining a spectral signature per species.  

 

3.6.1 Simpson’s Diversity Index 
 

A level was created for the purpose of estimating the biodiversity of the area. The 
MNF transformed CASI image, which was selected for its excellent accuracy scores 
and classification stability, was segmented with multi-resolution segmentation. The 
level used for estimating Simpson’s Diversity Index was created with scale factor 
100, colour factor 0.9, compactness 1. For the segmentation only the Elevation 
feature of the GDEM was considered (so that this level is independent of spectral 
features). 

The two levels, which were generated, are illustrated in figure 67, below. The 
biodiversity level, whose scale is double that of the tree distribution level, takes into 
consideration for the segmentation process only the elevation of the GDEM, so the 
segments are created irrespective of the forest ecosystem composition. The tree 
distribution level takes into consideration, as in previous projects, the 6 MNF 
transformed CASI (2 m spatial resolution) bands and so does the Nearest Neighbour 
classification process, together with brightness (bands 2-6), Standard Deviation (SD) 
(bands 2-6) and physiographic-parameter-based fuzzy analysis, as discussed in 
chapter 3.5.3. The classes are divided into two mother categories based on their 
Normalized Difference Vegetation Index (NDVI9). 

                                                             
9 The NDVI is a simple graphical indicator that can be used to analyse remote sensing measurements 
and assess whether the target being observed contains live green vegetation or not. The formula used 
is as follows: NDVI = (NIR - Red) / (NIR + Red). 
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Figure 67: Illustration of the two levels used in the project for estimating Simpson's biodiversity index. 

 

The formula index used for estimating the species richness per segment is the 
following: 
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Where S, is the area coverage (ha) of each forest tree species (community richness) 
and Pi the i-th species’ area cover within each segment. The value of the index 
depends both on the richness of the forest community, as well as the uniformity of 
the distribution of those species. Consequently, for a specific species richness, D 
increases with the uniformity of the forest community (Begon et al., 1996). 

Figure 68, illustrates the formula, as was entered in the eCognition Developer 
software, adapted appropriately. The Relative Area of each class was used, while the 
Relative Area of the Impervious class was subtracted, so that it is not accounted for, 
as it does not concern us for the calculation of this index (rocky areas may show high 
diversity in forest tree species, but are not likely to be uniformly distributed and thus 
those areas are not likely to score high in any case). 
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Figure 68: Simpson's index estimation formula, as entered in the eCognition software. 

 

In figure 69, we see the distribution of Simpson’s Diversity Index. The darker a patch 
is, the more biodiverse it is considered, with a vibrant and competitive community of 
forest trees. The darker a patch is, the less likely it is for a particular class or tree 
species to be dominant and thus the entire forest community is more likely to be 
richer on all levels of life (including living organisms such as mammals, reptiles, 
insects, microorganisms, fungi etc.). The implications for all forest organisms are 
quite significant and may lead to the identifications of patches within a forest 
ecosystem of particular interest for conservation and management efforts. 
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Figure 69: Simpson’s diversity index. Darker areas have scored higher than more lightly coloured areas, while 
the red area represents a patch where the index could not be calculated due to the absence of vegetation. 

 

Figure 70 shows Simpson’s Diversity Index plotted against elevation (or height), 
based on the GDEM data. We see that forest tree diversity in the Taxiarchis forest is 
independent of elevation. 

One should note that the accuracy of the biodiversity map (see figure 69) directly 
connected to the forest species classification accuracy. 
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Figure 70: 2D Features space plot of elevation / height (m) against Simpson's Diversity Index. 
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4. Discussion 
 

After analysing a variety of satellite and aerial imagery for Taxiarchis forest, by using 
the vector data, acquired from field sampling, it was possible to select the imagery 
providing the most accurate distribution for forest trees. Our imagery included 
multispectral data provided by satellites, such as Landsat and GeoEye, as well as 
hyperspectral data provided by Hyperion Satellite, as well as aerial CASI imagery. 

The consecutive process concerned the satellite and aerially derived data, Hyperion 
and CASI respectively, which had their hyperspectral space reduced, using two 
feature extraction methods, PCA and MNF and one feature selection method based 
on the correlation between class spectral signatures along the spectrum. The PCA 
method did not give good results in comparison to other methods. Rocchini et al. 
(2007) found that generally such studies are prone to underestimation of species 
richness, using PCA to reduce the number of bands. The imagery providing the best 
classification results and accuracy, which were selected for further processing were 
the MNF transformed CASI imagery of 2m spatial resolution, the Landsat imagery, 
while the MNF transformed Hyperion imagery, which did not show especially high 
accuracy, was useful in comparing the results it gave with the other two. Fuzzy 
analysis, based on the distribution of forest tree species along on altitudinal 
gradient, provided by the GDEM data, helped in reducing classification conflict 
between categories, but not overall accuracy.  
 
The process of creating a fuzzy spectrum for the distribution of each class in terms of 
elevation and slope was a process requiring time and careful observation. Despite 
the good quality of data available for the distribution of forest tree species along an 
altitudinal gradient (see tables 9 and especially 10), the results of this process were 
not satisfactory considering the time input required. This process could be improved 
by adding certain rules for the creation of a fuzzy set by systematically studying the 
classification accuracy responses to the different values entered and evaluated 
through trial-and-error. 

The MNF transform allowed for an extremely useful reduction in the amount of data 
being processed and consequently in processing time. It also proved to be a feature 
extraction method, which can successfully reduce noise, without loss of useful 
information for the classification of forest tree species using OBIA. Especially in the 
case of the CASI image, an image with 72 bands, constituting a very heavy file, the 
MNF transform increased the usability of the imagery, giving very good results. It 
should be noted that the CASI imagery had various radiometric flaws and yet gave 
very good results. This could be attributed to the spatial resolution of the imagery. 
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In OBIA the spatial resolution of a particular image should be less than the diameter 
of the target objects, which in our case were primarily forest tree crowns and 
secondarily forest patches. With a spatial resolution of 2m, the CASI imagery was 
proven more reliable for providing a stable and confident identification of tree 
species, while other images, such as the Landsat gave high accuracy, but low stability 
and confidence in the results after the fuzzy analysis. We thus conclude that spatial 
resolution should be at least 2m for an effective identification of tree species and 
patches, when using OBIA. Indeed, ideally, the size of the pixel should be matched so 
that it is one quarter to one third of the size of the smallest patches of habitat, 
species assemblage or individual tree being mapped. Some studies exploring the use 
of medium-resolution (few tens of metres) and high-resolution (a few metres) 
satellite images for assessing plant species richness (Rocchini et al., 2007) or for 
ecological prediction (Stickler & Southworth, 2008) found that Landsat performed 
better than IKONOS or QuickBird VHR satellites, across a range of measures of 
species richness (EEA & MNHN, 2014). The majority of studies on biodiversity focus 
on canopy tree species of a forested area, even though in recent years with the use 
of radar sensors or Lidar penetration on lower vegetative levels is feasible, as these 
are usually static and bulky organisms. However, various studies conclude that the 
distinction between tree species is particularly difficult and requires both good 
resolution of imaging and a suitable selection of a spectral signature area, which 
depends on the biochemical composition of an organism.  

A major problem that was faced at various points during the process of this study 
involved the vector data derived from field observations. This data corresponded to 
a great degree to mixed categories of forest tree species. Those categories 
representing forest communities, often found in a particular composition in the field, 
lacked in that they do not carry a definite spectral signature and result in high 
conflict between species during classification. In a future study, it may be useful for 
ground data to be collected in terms of individual tree species, as opposed to tree 
species combinations or communities, when the study is used for remote sensing 
purposes. Also the already weak spectral features of tree canopies might be further 
attenuated by canopy voids, as well as the superposition of emitted and reflected 
energy components (Ribeiro da Luz & Cowley, 2010) and thus a definite spectral 
signature is of high importance for the systemisation of forest monitoring efforts. 
Spectral unmixing methods would also be an appropriate technique for the type of 
data included in this study and constitutes a prospect for future research, even 
though OBIA was found to be a well suited approach for the identification of tree 
objects. 

Another prospect, with great promise for the continuation and improvement of the 
results of the present study, would be the identification of tree species’ spectral 
signatures in the laboratory, which could later be used for the analysis of remote 
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sensing data. This proposed methodology could also provide powerful insights on 
the differences and similarities between the chemical composition, reflectance and 
even health of the tree species. Separating species based on their spectral signatures 
and identifying them using the vector ground data would be the opposite approach 
of the one used in this study, but would be worth testing, as it could provide in-
depth insights on the reflectance and absorbance differences between tree species. 

The Simpson’s Diversity Index estimates provided results in the form of a map, which 
shows patches within the Taxiarchis forest of particularly high biodiversity. Forest 
trees may constitute habitats for a variety of living organisms, as well as forests 
altogether. Harvey et al. (2006) related tree cover to birds, butterflies and dung 
beetles while Dover et al. (2010) examined how the structure even within a single 
habitat can affect butterfly abundance and Hinsley and Bellamy (2000) show how 
bird assemblages, even within one habitat, a hedge, are related to management. 
Identification and prioritisation of places meriting protection has become more 
systematic and scientific. Several organizations (e.g., Conservation International, the 
World Wildlife Fund) have targeted places for global protection based upon the 
biodiversity they contain—so-called “hotspots” of species richness (Myers et al., 
2000). 

Biodiversity usually takes into consideration the rate of occurrence or the abundance 
of a species or of another ecological entity, along with the multitude of species 
within the sample. Biodiversity indices, such as the Shannon & Weaver and the 
Simpson Diversity Index combine species richness with a measure of the degree of 
heterogeneity in their distribution. When a natural landscape is fragmented, for 
example, the total biodiversity of a community may remain on the same levels or 
may increase, even though the integrity of the community may have been 
compromised due to the intrusion of alien-species, dislocating for example species 
which previously existed there. As an area gradually loses its character, global 
biodiversity is reduced (Noss, 1990). Thus the full interpretation of the biodiversity 
results give some preliminary conclusions related to the distribution of biodiversity 
in Taxiarchis forest, but should also be followed for management purposes by a field 
study. 

Considering the importance attributed to biodiversity, in terms of EU policy and 
legislation, as a criterion for ecosystem conservation, the implications of using 
remote sensing to identify patches of high biodiversity is of particular interest, 
because this could concern extremely large areas of forest or even other types of 
ecosystems. In patches or areas where high biodiversity is observed, conservation 
efforts could be intensified and more focused, ultimately providing protection for an 
entire ecosystem. In addition, buffer zones could be planned around areas 
considered ecologically valuable and of high biodiversity by using these remote 
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sensing tools. For example, the EU INSPIRE Directive, which aims to allow for the 
combination of spatial data and services from different sources across Europe in a 
consistent way, proposes that the EUNIS habitat classification be used as a common 
reference for habitats (EEA & MNHN, 2014). 

Remote sensing observations can complement and add to field observations as they 
deliver a synoptic view and offer the opportunity to provide consistent information 
in time and space (Nagendra, 2001; Nagendra & Rocchini, 2008; Vanden Borre et al., 
2011). It is a field that could assist greatly in conservation and monitoring efforts. 
However, existing remote sensing data are of limited coverage is still limited and this 
is an issue that should be addressed on a policy lever provided that remote sensing 
can play such a valuable role, as demonstrated by the present study. 

Habitat records can be linked to changes over time at the landscape level and to 
vegetation assemblages. Protocols are available and can be used to link extant 
habitat data across Europe (Bunce et al., 2013). A prospect opened by studies such 
as this involve the development of a methodology protocol building on existing 
information concerning the spectral behaviour of forest trees, as well as other 
ecosystem types. In our study such a protocol was partially developed, as discussed 
previously and concerns a process of determining the best accuracy for the existing 
remote sensing data, reducing bands through band extraction and selection 
methods, with the MNF method, as well as the Spectral-Signature-Correlation 
method showing the most promise and applying fuzzy analysis for the identification 
of tree species. 

In most cases, the accuracy of classification, which is achieved for the identification 
of tree species using remote sensing data, varies between 50% and 90% and thus our 
results are considered to have achieved a good level of accuracy. However, our 
results would have been significantly improved if the CASI imagery lacked the serious 
radiometric and geometric defects that it carried. Thus this study may be used as a 
starting point for adding to the sophistication and amelioration of the methods 
described here. 
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5. Conclusion 
 

After analysing a variety of satellite and aerial imagery for Taxiarchis forest, by using 
the vector data, acquired from field sampling, it was possible to select the imagery 
providing the most accurate distribution for forest trees for further analysis. Our 
imagery included multispectral data provided by satellites, such as Landsat and 
GeoEye, as well as hyperspectral data provided by Hyperion Satellite, as well as 
aerial CASI hyperspectral imagery. 

The images providing the best classification results and accuracy, which were 
selected for further processing were the MNF transformed CASI imagery of 2m 
spatial resolution, the Landsat imagery, while the MNF transformed Hyperion 
imagery, which did not show especially high accuracy, was useful in comparing the 
results it gave with the other two. Fuzzy analysis, based on the distribution of forest 
tree species along on altitudinal gradient, provided by the GDEM data, helped in 
reducing classification conflict between categories, but not overall accuracy. The 
process of creating a fuzzy spectrum for the distribution of each class in terms of 
elevation and slope was a process requiring time and careful observation. The MNF 
transform allowed for an extremely useful reduction in the amount of data being 
processed and consequently in processing time. It also proved to be a band 
extraction method, which can successfully reduce noise, without loss of useful 
information for the classification of forest tree species using OBIA. Especially in the 
case of the CASI image, with 72 bands, constituting a very heavy file, the MNF 
transform increased the usability of the imagery, giving very good results. With a 
spatial resolution of 2m, the CASI imagery was proven more reliable for providing a 
stable identification of tree species, while other images, such as the Landsat gave 
high accuracy, but low stability in the results after the fuzzy analysis. We thus 
conclude that spatial resolution should be at least 2m for an effective identification 
of tree species and patches, when using OBIA. In a future study, it may be useful for 
ground data to be collected in terms of individual tree species, as opposed to tree 
species combinations or communities, when the study is used for remote sensing 
purposes. In addition, a newly launched satellite, The ESA-developed Sentinel 
satellite – Sentinel-2A, providing data for land monitoring services and designed to 
be the base for a wide spectrum of applications reaching from agriculture to 
forestry, environmental monitoring to urban planning, could also provide imagery 
complementing the range of imagery used in this study. 

Simpson’s Diversity Index provided results in the form of a map, which shows 
patches within the Taxiarchis forest of particularly high biodiversity. Forest trees may 
constitute habitats for a variety of living organisms, as well as forests altogether. 
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Considering the importance attributed to biodiversity, in terms of EU policy and 
legislation, as a criterion for ecosystem conservation, the implications of using 
remote sensing to identify patches of high biodiversity is useful, because this could 
concern extremely large areas of forest or even other types of ecosystems. In 
patches or areas where high biodiversity is observed, conservation efforts could be 
intensified and more focused, ultimately providing protection for an entire 
ecosystem. In addition, buffer zones could be planned around areas considered 
ecologically valuable and of high biodiversity by using these remote sensing tools. 
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Appendix I: Landsat 8 receptors and bands for data collection 
 

Bands Name 
Spectral range 

(μm) 
Spatial resolution 

(m) 
Operational Land Imager (OLI) 

Band 1 Coastal Aerosol 0.43 – 0.45 30 
Band 2 Blue 0.45 – 0.51 30 
Band 3 Green 0.53 – 0.59 30 
Band 4 Red 0.64 – 0.67 30 
Band 5 Near-Infrared (NIR) 0.85 – 0.88 30 

Band 6 
Shortwave Infrared 

(SWIR) 1 
1.57 – 1.65 30 

Band 7 
Shortwave Infrared 

(SWIR) 2 
2.11 – 2.29 30 

Band 8 
Panchromatic 

(PAN) 
0.50 – 0.68 15 

Band 9 Cirrus 1.36 – 1.38 30 
Thermal Infrared Sensor (TIRS) 

Band 11 
Thermal Infrared 

(TIR) 1 
10.6 – 11.19 100 

Band 12 
Thermal Infrared 

(TIR) 2 
11.5 – 12.51 100 

Table 22: Spectral bands for Landsat 8 and their spatial resolution. 
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Appendix II: Hyperion Layer Mixing 
 

Band no 

HYPERION Spectral Coverage 
ALI Band 

Comparison 

Hyperion 
Band 

Average 
Wavelength 

(nm) 

Full Width at 
Half the 

Maximum 
FWHM (nm) 

Spatial 
Resolution 

(m) 

Not 
Calibrated 

(x) MS 

Pan  
(nm) 
480 - 
690 
(X) 

1   B8 426.8200 11.3871 30 X 

2 MS-1  B9 436.9900 11.3871 30 X 

3 MS-1  B10 447.1700 11.3871 30 X 

4 MS-1'  B11 457.3400 11.3871 30 X 

5 MS-1'  B12 467.5200 11.3871 30 X 

6 MS-1'  B13 477.6900 11.3871 30 X 

7 MS-1' X B14 487.8700 11.3784 30 X 

8 MS-1' X B15 498.0400 11.3538 30  

9 MS-1' X B16 508.2200 11.3133 30  

10  X B17 518.3900 11.2580 30  

11 MS-2 X B18 528.5700 11.1907 30  

12 MS-2 X B19 538.7400 11.1119 30  

13 MS-2 X B20 548.9200 11.0245 30  

14 MS-2 X B21 559.0900 10.9321 30  

15 MS-2 X B22 569.2700 10.8368 30  

16 MS-2 X B23 579.4500 10.7407 30  

17 MS-2 X B24 589.6200 10.6482 30  

18 MS-2 X B25 599.8000 10.5607 30  

19  X B26 609.9700 10.4823 30  

20  X B27 620.1500 10.4147 30  

21 MS-3 X B28 630.3200 10.3595 30  
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22 MS-3 X B29 640.5000 10.3188 30  

23 MS-3 X B30 650.6700 10.2942 30  

24 MS-3 X B31 660.8500 10.2856 30  

25 MS-3 X B32 671.0200 10.2980 30  

26 MS-3 X B33 681.2000 10.3349 30  

27   B34 691.3700 10.3909 30  

28   B35 701.5500 10.4592 30  

29   B36 711.7200 10.5322 30  

30   B37 721.9000 10.6004 30  

31   B38 732.0700 10.6562 30  

32   B39 742.2500 10.6933 30  

33   B40 752.4300 10.7058 30  

34   B41 762.6000 10.7276 30  

35 MS-4  B42 772.7800 10.7907 30  

36 MS-4  B43 782.9500 10.8833 30  

37 MS-4  B44 793.1300 10.9938 30  

38 MS-4  B45 803.3000 11.1044 30  

39   B46 813.4800 11.1980 30  

40   B47 823.6500 11.2600 30  

41   B48 833.8300 11.2824 30  

42 MS-4'  B49 844.0000 11.2822 30  

43 MS-4'  B50 854.1800 11.2816 30  

44 MS-4'  B51 864.3500 11.2809 30  

45 MS-4'  B52 874.5300 11.2797 30  

46 MS-4'  B53 884.7000 11.2782 30  

47   B54 894.8800 11.2771 30  

48   B55 905.0500 11.2765 30  

49   B77 912.4500 11.0457 30  
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50   B56 915.2300 11.2756 30 X 

51   B78 922.5400 11.0457 30  

52   B57 925.4100 11.2754 30 X 

53   B79 932.6400 11.0457 30  

54   B83 972.9900 11.0457 30 X 

55   B84 983.0800 11.0457 30  

56   B85 993.1700 11.0457 30 X 

57   B86 1003.3000 11.0457 30  

58   B87 1013.3000 11.0457 30 X 

59   B88 1023.4000 11.0451 30  

60   B89 1033.4900 11.0423 30 X 

61   B90 1043.5900 11.0372 30  

62   B91 1053.6900 11.0302 30  

63   B92 1063.7900 11.0218 30  

64   B93 1073.8900 11.0122 30  

65   B94 1083.9900 11.0013 30  

66   B95 1094.0900 10.9871 30  

67   B96 1104.1900 10.9732 30 X 

68   B97 1114.1900 10.9572 30  

69   B98 1124.2800 10.9418 30 X 

70   B99 1134.3800 10.9248 30  

71   B100 1144.4800 10.9065 30 X 

72   B101 1154.5800 10.8884 30  

73   B102 1164.6800 10.8696 30 X 

74   B103 1174.7700 10.8513 30  

75   B104 1184.8700 10.8335 30 X 

76   B105 1194.9700 10.8154 30  

77 MS-5'  B106 1205.0700 10.7979 30 X 
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78 MS-5'  B107 1215.1700 10.7822 30  

79 MS-5'  B108 1225.1700 10.7663 30 X 

80 MS-5'  B109 1235.2700 10.7520 30  

81 MS-5'  B110 1245.3600 10.7385 30 X 

82 MS-5'  B111 1255.4600 10.7270 30  

83 MS-5'  B112 1265.5600 10.7174 30 X 

84 MS-5'  B113 1275.6600 10.7091 30  

85 MS-5'  B114 1285.7600 10.7022 30 X 

86 MS-5'  B115 1295.8600 10.6970 30  

87   B116 1305.9600 10.6946 30 X 

88   B117 1316.0500 10.6937 30  

89   B118 1326.0500 10.6949 30 X 

90   B119 1336.1500 10.6996 30  

91   B133 1477.4300 11.0074 30 X 

92   B134 1487.5300 11.0414 30  

93   B135 1497.6300 11.0759 30  

94   B136 1507.7300 11.1108 30  

95   B137 1517.8300 11.1461 30  

96   B138 1527.9200 11.1811 30  

97   B139 1537.9200 11.2156 30  

98   B140 1548.0200 11.2496 30  

99 MS-5  B141 1558.1200 11.2826 30  

100 MS-5  B142 1568.2200 11.3146 30  

101 MS-5  B143 1578.3200 11.3460 30  

102 MS-5  B144 1588.4200 11.3753 30  

103 MS-5  B145 1598.5100 11.4037 30  

104 MS-5  B146 1608.6100 11.4302 30  

105 MS-5  B147 1618.7100 11.4538 30  
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106 MS-5  B148 1628.8100 11.4760 30  

107 MS-5  B149 1638.8100 11.4958 30  

108 MS-5  B150 1648.9000 11.5133 30  

109 MS-5  B151 1659.0000 11.5286 30  

110 MS-5  B152 1669.1000 11.5404 30  

111 MS-5  B153 1679.2000 11.5505 30  

112 MS-5  B154 1689.3000 11.5580 30  

113 MS-5  B155 1699.4000 11.5621 30  

114 MS-5  B156 1709.5000 11.5634 30  

115 MS-5  B157 1719.6000 11.5617 30  

116 MS-5  B158 1729.7000 11.5563 30  

117 MS-5  B159 1739.7000 11.5477 30  

118 MS-5  B160 1749.7900 11.5346 30  

119   B161 1759.8900 11.5193 30  

120   B162 1769.9900 11.5002 30  

121   B163 1780.0900 11.4789 30  

122   B164 1790.1900 11.4548 30  

123   B183 1981.8600 10.9230 30  

124   B184 1991.9600 10.9139 30  

125   B188 2032.3500 10.9013 30  

126   B189 2042.4500 10.8951 30  

127   B190 2052.4500 10.8854 30  

128   B191 2062.5500 10.8740 30  

129   B192 2072.6500 10.8591 30  

130 MS-7  B193 2082.7500 10.8429 30  

131 MS-7  B194 2092.8400 10.8242 30  

132 MS-7  B195 2102.9400 10.8039 30  

133 MS-7  B196 2113.0400 10.7820 30  
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134 MS-7  B197 2123.1400 10.7592 30  

135 MS-7  B198 2133.2400 10.7342 30  

136 MS-7  B199 2143.3400 10.7092 30  

137 MS-7  B200 2153.3400 10.6834 30  

138 MS-7  B201 2163.4300 10.6572 30  

139 MS-7  B202 2173.5300 10.6312 30  

140 MS-7  B203 2183.6300 10.6052 30  

141 MS-7  B204 2193.7300 10.5803 30  

142 MS-7  B205 2203.8300 10.5560 30  

143 MS-7  B206 2213.9300 10.5328 30  

144 MS-7  B207 2224.0300 10.5101 30  

145 MS-7  B208 2234.1200 10.4904 30  

146 MS-7  B209 2244.2200 10.4722 30  

147 MS-7  B210 2254.2200 10.4552 30  

148 MS-7  B211 2264.3200 10.4408 30  

149 MS-7  B212 2274.4200 10.4285 30  

150 MS-7  B213 2284.5200 10.4197 30  

151 MS-7  B214 2294.6100 10.4129 30  

152 MS-7  B215 2304.7100 10.4088 30  

153 MS-7  B216 2314.8100 10.4077 30  

154 MS-7  B217 2324.9100 10.4077 30  

155 MS-7  B218 2335.0100 10.4077 30  

156 MS-7  B219 2345.1100 10.4077 30  

157   B220 2355.2100 10.4077 30  

Table 23: Hyperion bands (USGS, 2011). 

Colour key:  

Spectral area of blue 
Spectral area of green 
Spectral area of red 



180 

 

Appendix III: Spectral bands of the CASI imagery 
 

1. CASI imagery without atmospheric correction 
 

Band 01 421.8nm+/- 3.8nm 

Band 02 429.5nm+/- 3.8nm 
Band 03 437.1nm+/- 3.8nm 
Band 04 444.8nm+/- 3.8nm 
Band 05 452.4nm+/- 3.8nm 
Band 06 460.0nm+/- 3.8nm 
Band 07 467.7nm+/- 3.8nm 
Band 08 475.3nm+/- 3.8nm 
Band 09 482.9nm+/- 3.8nm 
Band 10 490.5nm+/- 3.8nm 
Band 11 498.1nm+/- 3.8nm 
Band 12 505.7nm+/- 3.8nm 
Band 13 513.3nm+/- 3.8nm 
Band 14 520.8nm+/- 3.8nm 
Band 15 528.4nm+/- 3.8nm 
Band 16 536.0nm+/- 3.8nm 
Band 17 543.6nm+/- 3.8nm 
Band 18 551.1nm+/- 3.8nm 
Band 19 558.7nm+/- 3.8nm 
Band 20 566.3nm+/- 3.8nm 
Band 21 573.8nm+/- 3.8nm 
Band 22 581.4nm+/- 3.8nm 
Band 23 589.0nm+/- 3.8nm 
Band 24 596.5nm+/- 3.8nm 
Band 25 604.1nm+/- 3.8nm 
Band 26 611.6nm+/- 3.8nm 
Band 27 619.2nm+/- 3.8nm 
Band 28 626.8nm+/- 3.8nm 
Band 29 634.3nm+/- 3.8nm 
Band 30 641.9nm+/- 3.8nm 
Band 31 649.5nm+/- 3.8nm 
Band 32 657.0nm+/- 3.8nm 
Band 33 664.6nm+/- 3.8nm 
Band 34 672.2nm+/- 3.8nm 
Band 35 679.8nm+/- 3.8nm 
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Band 36 687.4nm+/- 3.8nm 
Band 37 695.0nm+/- 3.8nm 
Band 38 702.6nm+/- 3.8nm 
Band 39 710.2nm+/- 3.8nm 
Band 40 717.8nm+/- 3.8nm 
Band 41 725.4nm+/- 3.8nm 
Band 42 733.1nm+/- 3.8nm 
Band 43 740.7nm+/- 3.8nm 
Band 44 748.4nm+/- 3.8nm 
Band 45 756.0nm+/- 3.8nm 
Band 46 763.7nm+/- 3.8nm 
Band 47 771.4nm+/- 3.8nm 
Band 48 779.1nm+/- 3.8nm 
Band 49 786.8nm+/- 3.9nm 
Band 50 794.5nm+/- 3.9nm 
Band 51 802.2nm+/- 3.9nm 
Band 52 809.9nm+/- 3.9nm 
Band 53 817.7nm+/- 3.9nm 
Band 54 825.4nm+/- 3.9nm 
Band 55 833.2nm+/- 3.9nm 
Band 56 841.0nm+/- 3.9nm 
Band 57 848.8nm+/- 3.9nm 
Band 58 856.6nm+/- 3.9nm 
Band 59 864.4nm+/- 3.9nm 
Band 60 872.3nm+/- 3.9nm 
Band 61 880.1nm+/- 3.9nm 
Band 62 888.0nm+/- 3.9nm 
Band 63 895.9nm+/- 4.0nm 
Band 64 903.8nm+/- 4.0nm 
Band 65 911.7nm+/- 4.0nm 
Band 66 919.7nm+/- 4.0nm 
Band 67 927.6nm+/- 4.0nm 
Band 68 935.6nm+/- 4.0nm 
Band 69 943.6nm+/- 4.0nm 
Band 70 951.6nm+/- 4.0nm 
Band 71 959.7nm+/- 4.0nm 
Band 72 967.7nm+/- 4.0nm 

 

Table 24: Bands and bandwidths of CASI imagery without atmospheric corrections. 
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2. CASI imagery with atmospheric correction (CASI-ATM) 
 

Band 01 421.8nm+/- 3.8nm 

Band 02 429.5nm+/- 3.8nm 
Band 03 437.1nm+/- 3.8nm 
Band 04 444.8nm+/- 3.8nm 
Band 05 452.4nm+/- 3.8nm 
Band 06 460.0nm+/- 3.8nm 
Band 07 467.7nm+/- 3.8nm 
Band 08 475.3nm+/- 3.8nm 
Band 09 490.5nm+/- 3.8nm 
Band 10 498.1nm+/- 3.8nm 
Band 11 505.7nm+/- 3.8nm 
Band 12 513.3nm+/- 3.8nm 
Band 13 520.8nm+/- 3.8nm 
Band 14 528.4nm+/- 3.8nm 
Band 15 536.0nm+/- 3.8nm 
Band 16 543.6nm+/- 3.8nm 
Band 17 551.1nm+/- 3.8nm 
Band 18 558.7nm+/- 3.8nm 
Band 19 566.3nm+/- 3.8nm 
Band 20 573.8nm+/- 3.8nm 
Band 21 581.4nm+/- 3.8nm 
Band 22 589.0nm+/- 3.8nm 
Band 23 596.5nm+/- 3.8nm 
Band 24 604.1nm+/- 3.8nm 
Band 25 611.6nm+/- 3.8nm 
Band 26 619.2nm+/- 3.8nm 
Band 27 626.8nm+/- 3.8nm 
Band 28 634.3nm+/- 3.8nm 
Band 29 641.9nm+/- 3.8nm 
Band 30 649.5nm+/- 3.8nm 
Band 31 657.0nm+/- 3.8nm 
Band 32 664.6nm+/- 3.8nm 
Band 33 672.2nm+/- 3.8nm 
Band 34 679.8nm+/- 3.8nm 
Band 35 687.4nm+/- 3.8nm 
Band 36 695.0nm+/- 3.8nm 
Band 37 702.6nm+/- 3.8nm 
Band 38 710.2nm+/- 3.8nm 
Band 39 717.8nm+/- 3.8nm 



183 

 

Band 40 725.4nm+/- 3.8nm 
Band 41 733.1nm+/- 3.8nm 
Band 42 740.7nm+/- 3.8nm 
Band 43 748.4nm+/- 3.8nm 
Band 44 756.0nm+/- 3.8nm 
Band 45 763.7nm+/- 3.8nm 
Band 46 771.4nm+/- 3.8nm 
Band 47 779.1nm+/- 3.8nm 
Band 48 786.8nm+/- 3.9nm 
Band 49 794.5nm+/- 3.9nm 
Band 50 802.2nm+/- 3.9nm 
Band 51 809.9nm+/- 3.9nm 
Band 52 817.7nm+/- 3.9nm 
Band 53 825.4nm+/- 3.9nm 
Band 54 833.2nm+/- 3.9nm 
Band 55 841.0nm+/- 3.9nm 
Band 56 848.8nm+/- 3.9nm 
Band 57 856.6nm+/- 3.9nm 
Band 58 864.4nm+/- 3.9nm 
Band 59 872.3nm+/- 3.9nm 
Band 60 880.1nm+/- 3.9nm 
Band 61 888.0nm+/- 3.9nm 
Band 62 895.9nm+/- 4.0nm 
Band 63 903.8nm+/- 4.0nm 
Band 64 911.7nm+/- 4.0nm 
Band 65 919.7nm+/- 4.0nm 
Band 66 927.6nm+/- 4.0nm 
Band 67 935.6nm+/- 4.0nm 
Band 68 943.6nm+/- 4.0nm 
Band 69 951.6nm+/- 4.0nm 
Band 70 959.7nm+/- 4.0nm 
Band 71 967.7nm+/- 4.0nm 
Band 72 shadow mask 

Table 25: CASI bands and bandwidths with atmospheric corrections. 
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Appendix IV: Tree species’ spectral signature correlation tables 
 

1. CASI 2m Spatial Resolution Imagery 
 

Band 
Pinus 

Halepensis 
Maquis 

Pinus 
Maritime 

Pinus 
Nigra 

Oak 
Pinus 
Brutia 

Beech 

452.4 
  

x x 
 

x x 
460.0 x x x x x x x 
467.7 x x x x x x x 
490.5 x 

 
x 

 
x 

 
x 

498.1 x 
 

x 
 

x x x 
551.1 

 
x x x 

 
x x 

672.2 x 
 

x x 
 

x x 
702.6 x 

     
x 

740.7 x 
   

x x x 
748.4 x 

 
x 

 
x x x 

756.0 x 
 

x x x x x 
763.7 x 

 
x 

 
x x x 

856.6 
   

x 
 

x 
 

864.4 x x x x x x x 
Table 26: Spectral bands where correlation between spectral signatures of tree species is significant (below 
98% for three or more correlations between classes). X denotes the classes for which each bandwidth is 
considered of importance relative to the information conveyed, based on this method. 
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2. Hyperion Imagery 
 

Band 
Pinus 

Halepensis 
Maquis 

Pinus 
Maritime 

Pinus 
Nigra 

Oak 
Pinus 
Brutia 

Beech 

508.22 
  

x x x 
 

x 

518.39 x x x x x x x 

528.57 x x x x x x x 

538.74 x x x x x x x 

548.92 x x x x x x x 

559.09 
   

x x 
  

671.02 x x x x x x x 

752.43 x x 
 

x x 
  

762.60 x x 
 

x x x x 

803.30 
 

x 
   

x 
 

823.65 
  

x 
   

x 

833.83 
  

x 
   

x 

1003.30 
 

x x 
   

x 

1013.30 x x x x x x x 

1023.40 x x x x x x x 

1033.49 x x x x x x x 

1043.59 x x x x x x x 

1053.69 x x x 
 

x x x 

1225.17 x 
 

x x x x x 

1235.27 x 
 

x 
 

x 
  

1558.12 x 
   

x 
 

x 

1568.22 x x x x x x x 

1578.32 x x x x x x x 

1588.42 x 
 

x 
 

x 
 

x 

1608.61 
  

x 
 

x 
 

x 

Table 27: Spectral bands where correlation between spectral signatures of tree species is significant (below 
98% for three or more correlations between classes). X denotes the classes for which each bandwidth is 
considered of importance relative to the information conveyed, based on this method. 

 



186 

 

Appendix V: Producer, User, KIA per Class and Overall Accuracy 
 

1. Group A Classification Accuracies 

 
 

All bands 

 
CASI 2m Casi 5m Casi 2m ATM 

Classes Prod. User KIA Prod. User KIA Prod. User KIA 
Maquis 0.47 0.56 0.38 0.44 0.46 0.33 0.39 0.44 0.28 
Maquis/ 
P.Brutia 

0 - 0 0 - 0 0 - 0 

Maquis/ 
Oak 

0.41 0.24 0.36 0.26 0.14 0.19 0.32 0.17 0.25 

Castanea 0 - 0 0 - 0 0 - 0 
Fir - - - - - - - - - 

Beech 0.23 0.34 0.21 0.13 0.34 0.11 0.20 0.30 0.18 
Beech/ 
P.Nigra 

0.05 0.18 0.05 0.03 0.10 0.03 0.05 0.25 0.05 

Beech/ 
Oak 

0.16 0.22 0.15 0.01 0.05 0 0.11 0.22 0.10 

P.Brutia 0.68 0.57 0.62 0.59 0.48 0.52 0.57 0.51 0.50 
P. 

Brutia/ 
Maquis 

0.22 0.28 0.20 0.30 0.18 0.26 0.29 0.20 0.26 

P. 
Brutia/ 

Oak 
0.14 0.20 0.11 0.06 0.12 0.04 0.10 0.18 0.07 

PinusSpp 0.59 0.27 0.59 0.12 0.07 0.12 0.40 0.08 0.40 
P. 

Halepensis 
0 - 0 0 - 0 0 - 0 

P. 
Maritime 

0.01 0.43 0.01 0 - 0 0.02 0.08 0.02 

P. 
Maritime/ 

Maquis 
0.28 0.24 0.27 0.07 0.06 0.06 0.15 0.15 0.15 

P.Nigra 0.29 0.38 0.28 0.17 0.14 0.16 0.17 0.12 0.16 
P.Nigra/ 
Beech 

0.05 0.12 0.05 0.03 0.04 0.03 0.02 0.03 0.01 

P.Nigra/ 
Beech/Oak 

0.28 0.08 0.28 0.14 0.02 0.13 0.26 0.08 0.26 
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P.Nigra/ 
Oak 

0.18 0.22 0.14 0.09 0.23 0.07 0.09 0.20 0.07 

P. 
Nigra/ 

Oak/Beech 
0 - 0 0 0 0 0 0 0 

P.Radiata 0 - 0 0 - 0 0 - 0 
Oak 0.68 0.59 0.53 0.66 0.55 0.48 0.60 0.52 0.39 
Oak/ 

Maquis 
0.16 0.27 0.13 0.09 0.20 0.06 0.13 0.21 0.09 

Oak/Beech 0.15 0.33 0.14 0.14 0.27 0.13 0.14 0.18 0.12 
Oak/ 

P.Brutia 
0.31 0.10 0.29 0.02 0.03 0.01 0.17 0.15 0.17 

Oak/ 
P.Nigra 

0.31 0.22 0.26 0.20 0.14 0.14 0.27 0.19 0.22 

Oak/P. 
Nigra/Beech 

0 - 0 0 - 0 0 - 0 

BareLand - - - - - - - - - 
Agricultural 

Area 
- - - - - - - - - 

Overall Accuracy 0.45 0.39 0.38 
KIA 0.35 0.27 0.26 

Table 28: Accuracy per class. User refers to errors caused by omission of pixels where the class of interest is 
present in the TTA mask based on ground sampling, while producer refers to errors caused by the inclusion of 
pixels to a specific class, classified as a different category in the TTA mask. 
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All bands 

 Landsat GeoEye Hyperion 
Classes Prod. User KIA Prod. User KIA Prod. User KIA 
Maquis 0.59 0.69 0.52 0.49 0.39 0.35 0.36 0.46 0.26 

Maquis/P.Brutia 0 - 0 0 - 0 0 - 0 
Maquis/Oak 0.42 0.33 0.38 0.41 0.22 0.35 0.38 0.15 0.31 

Castanea 0 - 0 0 - 0 0 - 0 
Fir 0 - 0 - 0 0 0 0 0 

Beech 0.24 0.34 0.21 0.29 0.40 0.27 0.20 0.34 0.18 
Beech/P.Nigra 0.13 0.09 0.12 0.07 0.23 0.07 0.03 0.48 0.03 

Beech/Oak 0.21 0.19 0.19 0.21 0.22 0.19 0.14 0.21 0.12 
P.Brutia 0.72 0.58 0.68 0.63 0.57 0.58 0.55 0.49 0.48 

P.Brutia/Maquis 0.29 0.27 0.27 0.24 0.22 0.22 0.34 0.33 0.32 
P.Brutia/Oak 0.28 0.28 0.25 0.23 0.20 0.19 0.19 0.20 0.16 

PinusSpp 0.16 0.11 0.15 0.44 0.32 0.44 0.32 0.24 0.32 
P.Halepensis 0 - 0 0 - 0 0 - 0 
P.Maritime 0.04 0.14 0.04 0.09 0.15 0.08 0.07 0.08 0.06 

P.Maritime/Maquis 0.24 0.26 0.24 0.29 0.19 0.28 0.36 0.22 0.35 
P.Nigra 0.34 0.23 0.33 0.29 0.26 0.28 0.24 0.29 0.23 

P.Nigra/Beech 0.15 0.23 0.14 0.13 0.19 0.12 0.19 0.19 0.18 
P.Nigra/Beech/Oak 0.16 0.22 0.16 0.35 0.13 0.35 0.14 0.14 0.14 

P.Nigra/Oak 0.30 0.35 0.25 0.15 0.32 0.12 0.10 0.22 0.07 
P.Nigra/Oak/Beech 0 - 0 0 - 0 0 - 0 

P.Radiata 0 - 0 0 - 0 0 - 0 
Oak 0.67 0.62 0.51 0.47 0.59 0.31 0.64 0.54 0.46 

Oak/Maquis 0.18 0.26 0.14 0.20 0.24 0.15 0.16 0.20 0.11 
Oak/Beech 0.18 0.20 0.16 0.13 0.22 0.11 0.12 0.25 0.11 

Oak/P.Brutia 0.18 0.15 0.17 0.22 0.13 0.21 0.16 0.13 0.15 
Oak/P.Nigra 0.29 0.23 0.25 0.33 0.19 0.28 0.30 0.24 0.26 

Oak/P.Nigra/Beech 0 - 0 0 - 0 0 - 0 
BareLand - - - - - - - - - 

AgriculturalArea - - - - - - - - - 
Overall Accuracy 0.49 0.39 0.39 

KIA 0.39 0.30 0.28 
Table 29: Accuracy per class for satellite data projects including all bands. User refers to errors caused by 
omission of pixels where the class of interest is present in the TTA mask based on ground sampling, while 
producer refers to errors caused by the inclusion of pixels to a specific class, classified as a different category in 
the TTA mask. 
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PCA 

 Casi 5m Casi 2m ATM 
Classes Prod. User KIA Prod. User KIA 
Maquis 0.40 0.46 0.30 0.39 0.44 0.28 

Maquis/P.Brutia 0 - 0 0 - 0 
Maquis/Oak 0.43 0.24 0.38 0.32 0.17 0.25 

Castanea 0 - 0 0 - 0 
Fir - - - - - 0 

Beech 0.25 0.32 0.23 0.20 0.30 0.18 
Beech/P.Nigra 0.08 0.22 0.08 0.05 0.25 0.05 

Beech/Oak 0.18 0.23 0.17 0.11 0.22 0.10 
P.Brutia 0.50 0.52 0.44 0.57 0.51 0.50 

P.Brutia/Maquis 0.34 0.34 0.32 0.29 0.20 0.26 
P.Brutia/Oak 0.29 0.28 0.25 0.10 0.18 0.07 

PinusSpp 0.48 0.22 0.48 0.40 0.08 0.40 
P.Halepensis 0 - 0 0 - 0 
P.Maritime 0.05 0.13 0.05 0.02 0.08 0.02 

P.Maritime/Maquis 0.25 0.20 0.24 0.15 0.15 0.15 
P.Nigra 0.31 0.20 0.29 0.17 0.12 0.16 

P.Nigra/Beech 0.08 0.18 0.08 0.02 0.03 0.01 
P.Nigra/Beech/Oak 0.57 0.13 0.57 0.26 0.08 0.26 

P.Nigra/Oak 0.14 0.25 0.12 0.09 0.20 0.07 
P.Nigra/Oak/Beech 0 - 0 0 - 0 

P.Radiata 0 - 0 0 - 0 
Oak 0.62 0.55 0.44 0.60 0.52 0.39 

Oak/Maquis 0.16 0.29 0.12 0.13 0.21 0.09 
Oak/Beech 0.21 0.22 0.19 0.14 0.18 0.12 

Oak/P.Brutia 0.37 0.19 0.36 0.17 0.15 0.17 
Oak/P.Nigra 0.34 0.25 0.30 0.27 0.19 0.22 

Oak/P.Nigra/Beech 0 - 0 0 - 0 
BareLand - - - - - - 

AgriculturalArea - - - - - - 
 

      
Overall Accuracy 0.41 0.38 

KIA 0.31 0.26 
Table 30: Accuracy per class for PCA projects. User refers to errors caused by omission of pixels where the class 
of interest is present in the TTA mask based on ground sampling, while producer refers to errors caused by the 
inclusion of pixels to a specific class, classified as a different category in the TTA mask. 
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PCA 

 Casi 5m ATM Hyperion 
Classes Prod. User KIA Prod. User KIA 
Maquis 0.39 0.47 0.28 0.70 0.59 0.62 

Maquis/P.Brutia 0 - 0 0 - 0 
Maquis/Oak 0.43 0.24 0.37 0.28 0.14 0.21 

Castanea 0 - 0 0 - 0 
Fir 0 0 0 0 0 0 

Beech 0.25 0.32 0.23 0.12 0.15 0.09 
Beech/P.Nigra 0.08 0.26 0.08 0.09 0.09 0.08 

Beech/Oak 0.19 0.23 0.17 0 0 0 
P.Brutia 0.51 0.50 0.44 0.23 0.39 0.17 

P.Brutia/Maquis 0.34 0.35 0.32 0.31 0.24 0.29 
P.Brutia/Oak 0.27 0.26 0.24 0.12 0.16 0.09 

PinusSpp 0.46 0.25 0.46 0 - 0 
P.Halepensis 0 - 0 0 - 0 
P.Maritime 0.05 0.13 0.05 0 - 0 

P.Maritime/Maquis 0.25 0.19 0.24 0.26 0.28 0.26 
P.Nigra 0.29 0.19 0.28 0.19 0.18 0.18 

P.Nigra/Beech 0.09 0.15 0.09 0.07 0.11 0.06 
P.Nigra/Beech/Oak 0.62 0.12 0.62 0 - 0 

P.Nigra/Oak 0.14 0.28 0.12 0.01 0.03 -0.01 
P.Nigra/Oak/Beech 0 - 0 0 - 0 

P.Radiata 0 - 0 0 - 0 
Oak 0.62 0.54 0.44 0.68 0.50 0.49 

Oak/Maquis 0.15 0.27 0.12 0.12 0.18 0.08 
Oak/Beech 0.21 0.22 0.19 0.04 0.05 0.02 

Oak/P.Brutia 0.39 0.18 0.38 0 - 0 
Oak/P.Nigra 0.34 0.24 0.29 0.17 0.11 0.12 

Oak/P.Nigra/Beech 0 - 0 0 - 0 
BareLand - - - - - - 

AgriculturalArea - - - - - - 
Overall Accuracy 0.41 0.39 

KIA 0.30 0.27 
Table 31: Accuracy per class for PCA projects. User refers to errors caused by omission of pixels where the class 
of interest is present in the TTA mask based on ground sampling, while producer refers to errors caused by the 
inclusion of pixels to a specific class, classified as a different category in the TTA mask. 
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MNF 

 Casi 2m Hyperion 
Classes Prod. User KIA Prod. User KIA 
Maquis 0.43 0.51 0.33 0.59 0.67 0.52 

Maquis/P.Brutia 0 - 0 0 - 0 
Maquis/Oak 0.42 0.20 0.36 0.37 0.14 0.29 

Castanea 0 - 0 0 - 0 
Fir - - - - - - 

Beech 0.26 0.51 0.25 0.10 0.39 0.09 
Beech/P.Nigra 0.05 0.21 0.05 0 - 0 

Beech/Oak 0.25 0.19 0.23 0.40 0.23 0.38 
P.Brutia 0.65 0.56 0.60 0.76 0.51 0.71 

P.Brutia/Maquis 0.34 0.41 0.33 0.40 0.24 0.37 
P.Brutia/Oak 0.31 0.37 0.28 0.22 0.19 0.18 

PinusSpp 0.22 0.15 0.22 0 - 0 
P.Halepensis 0 - 0 0 - 0 
P.Maritime 0.02 0.04 0.02 0 - 0 

P.Maritime/Maquis 0.22 0.14 0.21 0 - 0 
P.Nigra 0.13 0.14 0.12 0 - 0 

P.Nigra/Beech 0.06 0.07 0.05 0 - 0 
P.Nigra/Beech/Oak 0 - 0 0 - 0 

P.Nigra/Oak 0.12 0.20 0.09 0 - 0 
P.Nigra/Oak/Beech 0 - 0 0 - 0 

P.Radiata 0 - 0 0 - 0 
Oak 0.67 0.62 0.52 0.66 0.60 0.51 

Oak/Maquis 0.18 0.27 0.14 0.16 0.17 0.10 
Oak/Beech 0.13 0.21 0.12 0 - 0 

Oak/P.Brutia 0.28 0.16 0.27 0.34 0.09 0.32 
Oak/P.Nigra 0.24 0.21 0.20 0.28 0.43 0.26 

Oak/P.Nigra/Beech 0 - 0 0 - 0 
BareLand - - - - - - 

AgriculturalArea - - - - - - 
Overall Accuracy 0.44 0.44 

KIA 0.34 0.35 
Table 32: Accuracy per class for MNF projects. User refers to errors caused by omission of pixels where the 
class of interest is present in the TTA mask based on ground sampling, while producer refers to errors caused 
by the inclusion of pixels to a specific class, classified as a different category in the TTA mask. 
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Band selection based on spectral signatures 

 Casi 2m Hyperion 
Classes Prod. User KIA Prod. User KIA 
Maquis 0.42 0.51 0.32 0.54 0.47 0.43 

Maquis/P.Brutia 0 - 0 0 - 0 
Maquis/Oak 0.43 0.26 0.38 0.36 0.23 0.32 

Castanea 0 - 0 0 - 0 
Fir - - - 0 - 0 

Beech 0.28 0.38 0.26 0.22 0.26 0.19 
Beech/P.Nigra 0.07 0.28 0.07 0.11 0.19 0.11 

Beech/Oak 0.20 0.27 0.19 0.19 0.21 0.17 
P.Brutia 0.60 0.56 0.54 0.50 0.47 0.44 

P.Brutia/Maquis 0.33 0.38 0.31 0.26 0.27 0.24 
P.Brutia/Oak 0.29 0.31 0.26 0.19 0.18 0.16 

PinusSpp 0.60 0.30 0.60 0.15 0.10 0.14 
P.Halepensis 0 - 0 0 - 0 
P.Maritime 0.05 0.15 0.05 0.07 0.17 0.07 

P.Maritime/Maquis 0.32 0.18 0.31 0.39 0.25 0.39 
P.Nigra 0.31 0.22 0.30 0.21 0.19 0.20 

P.Nigra/Beech 0.08 0.16 0.08 0.11 0.21 0.11 
P.Nigra/Beech/Oak 0.67 0.20 0.67 0.11 0.12 0.11 

P.Nigra/Oak 0.19 0.31 0.16 0.11 0.23 0.08 
P.Nigra/Oak/Beech 0 - 0 0 - 0 

P.Radiata 0 - 0 0 - 0 
Oak 0.68 0.60 0.53 0.55 0.54 0.34 

Oak/Maquis 0.19 0.31 0.16 0.18 0.21 0.14 
Oak/Beech 0.26 0.28 0.24 0.14 0.26 0.13 

Oak/P.Brutia 0.30 0.14 0.29 0.17 0.13 0.16 
Oak/P.Nigra 0.35 0.24 0.30 0.27 0.20 0.23 

Oak/P.Nigra/Beech 0 - 0 0 - 0 
BareLand - - - - - - 

AgriculturalArea - - - - - - 
Overall Accuracy 0.45 0.39 

KIA 0.35 0.28 
Table 33: Accuracy per class for the band selection method based on spectral signatures of forest tree species. 
User refers to errors caused by omission of pixels where the class of interest is present in the TTA mask based 
on ground sampling, while producer refers to errors caused by the inclusion of pixels to a specific class, 
classified as a different category in the TTA mask. 
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2. Group B Classification Accuracies 
 

 
All bands 

 
Casi 2m Casi 5m Casi 2m ATM 

Classes Prod. User KIA Prod. User KIA Prod. User KIA 

Maquis 0.61 0.77 0.50 0.60 0.65 0.46 0.58 0.64 0.44 

Castanea 0 - 0 0 - 0 0 - 0 

Beech 0.29 0.37 0.26 0.19 0.53 0.17 0.24 0.40 0.21 

P.Brutia 0.77 0.71 0.71 0.65 0.65 0.58 0.63 0.64 0.55 

PinusSpp 0.59 0.23 0.59 0.12 0.09 0.12 0.40 0.11 0.40 

P.Maritime 0.01 0.58 0.01 0 - 0 0.02 0.08 0.02 

P.Nigra 0.31 0.41 0.30 0.17 0.11 0.15 0.17 0.14 0.15 

P.Pinea 0 - 0 0 - 0 0 - 0 

Oak 0.87 0.76 0.72 0.83 0.75 0.65 0.79 0.71 0.57 

Overall Accuracy 0.73 0.68 0.65 

KIA 0.59 0.51 0.48 

Table 34: Accuracy per class for Casi projects containing all bands. User refers to errors caused by omission of 
pixels where the class of interest is present in the TTA mask based on ground sampling, while producer refers 
to errors caused by the inclusion of pixels to a specific class, classified as a different category in the TTA mask. 
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All bands 

 Landsat GeoEye Hyperion 
Classes Prod. User KIA Prod. User KIA Prod. User KIA 

Maquis 0.70 0.82 0.62 0.69 0.53 0.51 0.65 0.60 0.52 

Castanea 0 - 0 0 - 0 0 - 0 

Beech 0.38 0.47 0.34 0.51 0.63 0.48 0.23 0.41 0.20 

P.Brutia 0.82 0.73 0.79 0.79 0.73 0.74 0.67 0.64 0.61 

PinusSpp 0.16 0.15 0.16 0.44 0.27 0.44 0.13 0.15 0.13 

P.Maritime 0.07 0.28 0.06 0.09 0.16 0.08 0.07 0.14 0.07 

P.Nigra 0.44 0.49 0.43 0.33 0.41 0.31 0.26 0.43 0.25 

P.Pinea 0 - 0 0 - 0 0 - 0 

Oak 0.87 0.81 0.73 0.65 0.79 0.44 0.75 0.73 0.50 

Overall Accuracy 0.77 0.66 0.66 

KIA 0.65 0.52 0.48 

Table 35: Accuracy per class for satellite data projects containing all bands. User refers to errors caused by 
omission of pixels where the class of interest is present in the TTA mask based on ground sampling, while 
producer refers to errors caused by the inclusion of pixels to a specific class, classified as a different category in 
the TTA mask. 
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PCA 

 Casi 5m Casi 2m ATM 
Classes Prod. User KIA Prod. User KIA 
Maquis 0.57 0.65 0.43 0.59 0.65 0.45 

Castanea 0 - 0 0 - 0 
Beech 0.29 0.36 0.26 0.29 0.35 0.26 

P.Brutia 0.58 0.64 0.50 0.59 0.65 0.52 
PinusSpp 0.48 0.27 0.48 0.58 0.28 0.58 

P.Maritime 0.09 0.18 0.08 0.05 0.12 0.04 
P.Nigra 0.34 0.25 0.33 0.38 0.27 0.36 
P.Pinea 0 - 0 0 - 0 

Oak 0.80 0.71 0.58 0.80 0.73 0.60 
Overall Accuracy 0.65 0.66 

KIA 0.48 0.49 
Table 36: Accuracy per class for the PCA projects. User refers to errors caused by omission of pixels where the 
class of interest is present in the TTA mask based on ground sampling, while producer refers to errors caused 
by the inclusion of pixels to a specific class, classified as a different category in the TTA mask. 

PCA 

 Casi 5m ATM Hyperion 
Classes Prod. User KIA Prod. User KIA 
Maquis 0.56 0.66 0.41 0.75 0.67 0.65 

Castanea 0 - 0 0 - 0 
Beech 0.29 0.36 0.26 0.22 0.43 0.19 

P.Brutia 0.58 0.61 0.50 0.44 0.49 0.35 
PinusSpp 0.46 0.29 0.46 0 - 0 

P.Maritime 0.05 0.12 0.05 0 - 0 
P.Nigra 0.34 0.25 0.32 0.22 0.65 0.22 
P.Pinea 0 - 0 0 - 0 

Oak 0.80 0.70 0.58 0.73 0.67 0.43 
Overall Accuracy 0.65 0.64 

KIA 0.47 0.44 
Table 37: Accuracy per class for the PCA projects. User refers to errors caused by omission of pixels where the 
class of interest is present in the TTA mask based on ground sampling, while producer refers to errors caused 
by the inclusion of pixels to a specific class, classified as a different category in the TTA mask. 
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MNF 

 Casi 2m Hyperion 
Classes Prod. User KIA Prod. User KIA 
Maquis 0.75 0.74 0.65 0.76 0.63 0.66 

Castanea 0 - 0 0 - 0 
Beech 0.45 0.62 0.43 0.08 0.37 0.06 

P.Brutia 0.77 0.75 0.72 0.86 0.60 0.82 
PinusSpp 0.22 0.28 0.22 0 - 0 

P.Maritime 0.02 0.03 0.02 0 - 0 
P.Nigra 0.16 0.14 0.15 0 - 0 
P.Pinea 0 - 0 0 - 0 

Oak 0.82 0.81 0.67 0.72 0.80 0.50 
Overall Accuracy 0.75 0.69 

KIA 0.63 0.53 
Table 38: Accuracy per class for the MNF projects. User refers to errors caused by omission of pixels where the 
class of interest is present in the TTA mask based on ground sampling, while producer refers to errors caused 
by the inclusion of pixels to a specific class, classified as a different category in the TTA mask. 

Band selection based on spectral signatures 

 Casi 2m Hyperion 
Classes Prod. User KIA Prod. User KIA 
Maquis 0.60 0.71 0.47 0.62 0.60 0.49 

Castanea 0 - 0 0 - 0 
Beech 0.38 0.47 0.35 0.25 0.33 0.21 

P.Brutia 0.68 0.69 0.61 0.64 0.64 0.57 
PinusSpp 0.64 0.35 0.64 0.15 0.13 0.14 

P.Maritime 0.05 0.15 0.05 0.07 0.19 0.07 
P.Nigra 0.35 0.24 0.33 0.25 0.28 0.23 
P.Pinea 0 - 0 0 0 0 

Oak 0.83 0.75 0.66 0.73 0.71 0.46 
Overall Accuracy 0.70 0.64 

KIA 0.55 0.45 
Table 39: Accuracy per class for the band selection method based on spectral signatures of forest tree species. 
User refers to errors caused by omission of pixels where the class of interest is present in the TTA mask based 
on ground sampling, while producer refers to errors caused by the inclusion of pixels to a specific class, 
classified as a different category in the TTA mask. 
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Appendix VI: List of Tree Species Present in Taxiarchis 
University Forest 
 

a) Main forest tree species of economic value: 

1. Quercus frainetto  

2. Quercus petraea spp. medwediewii (Quercus dalechampii)  

3. Quercus pubescens  

4. Fagus moesiacae 

b) Secondary forest tree species of limited economic value: 

1. Acer campestre  

2. Acer platanoides  

3. Arbutus andrachnae 

4. Arbutus unedo  

5. Carpinus orientalis  

6. Castanea sativa, Castanea vesca  

7. Cornus mas  

8. Corylus avellana  

9. Erica arborea 

10. Erica verticillata 

11. Fraxinus ornus  

12. Ilex aquifolium  

13. Juglans regia  

14. Juniperus communis  

15. Juniperus oxycedrus  

16. Laurus nobilis  

17. Ostrya carpinifolia  
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18. Phillyrea media  

19. Pirus amygdaliformis  

20. Platanus orientalis  

21. Populus tremula  

22. Prunus avium  

23. Prunus spinosa  

24. Quercus ilex  

25. Pistacia terebinthus  

26. Quercus coccifera  

27. Sorbus torminalis  

28. Sorbus domestica  

29. Spartium junceum  

30. Tilia tomentosa  

31. Taxus baccata  

32. Ulmus Montana  

Introduced species, which were planted after major forest fires, are the following: 

a) Main forest tree species occupying large areas: 

1. Pinus nigra  

2. Pinus maritima 

3. Pinus brutia  

4. Pinus halepensis  

b) Secondary tree species, occupying limited areas:  

5. Abies borisii regis  

6. Cedrus atlantica  

7. Cupressus sempervirens v. orizontalis  

8. Pinus pinea  
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9. Pinus radiata  

10. Pseudotsuga menziesii  

11. Prunus avium  

12. Robinea pseudacacia 

13. Quercus borealis  

 

(Aristotle University of Thessaloniki, 2013) 
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Appendix VII: Tree Species, Common Names and Greek Names 
 

Name used in this 
study 

Species name Common name 
Common Greek 

name 

Beech Fagus moesiacae Balkan beech Οξιά η μοϊσιακή 

Castanea Castanea sativa Sweet chestnut Καστανιά 

Fir Abies borisii regis 
King Boris Fir, 
Bulgarian Fir 

Ελάτη 

Maquis Acer platanoides Norway maple 
Σφένδαμος 

πλατανοειδής 

PinusBrutia Pinus brutia 
Turkish pine, 

Calabrian pine 
Τραχεία Πεύκη 

PinusHalepensis Pinus halepensis 
Aleppo pine, 

Jerusalem pine 
Χαλέπιος Πεύκη 

PinusMaritime Pinus pinaster Maritime pine 
Παραθαλάσσια 

Πεύκη 

PinusNigra Pinus nigra Austrian pine Μαύρη Πεύκη 

PinusPinea Pinus pinea Stone pine Κουκουναριά 

PinusRadiata Pinus radiata Monteray pine Ραντιάτα 

PinusSylvestris Pinus sylvestris Scots pine Δασική Πεύκη 

Pseudotsuga 
Pseudotsuga 

menziesii 
Douglas fir Ψευδοτσούγκα 

Oak 
Querqus cerris 

(Querqus coccifera L.) 
Turkey oak Πουρνάρι - Πρίνος 

 

Table 40: Scientific and common names of tree species common in Taxiarchis University Forest. 


