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Abstract 

Most of the remote sensing studies of plant diversity focused only on one aspect of 
plant diversity i.e. species richness, paying limited attention to other aspect i.e. 
species evenness. Moreover, environmental data is comparatively less used in the 
studies of remote sensing plant diversity and evenness, despite having potential to 
increase map accuracy. This study compares the mapping accuracy of woody species 
diversity and evenness of an Italian forest site by using two medium resolution 
imageries of Landsat 5 Thematic Mapper (TM) and Advanced Land Observing 
Satellite (ALOS) with Neural Network classifier. The study jointly used satellite 
data with four other environmental variables namely elevation, slope, aspect and 
solar radiation in different combinations. The highest overall map accuracies 
obtained using TM and ALOS imageries are 60% and 53% respectively for woody 
species diversity and 59% and 46% respectively for woody species evenness. Use of 
environmental data increases the classification accuracy significantly. The highest 
overall map accuracies obtained by using TM and ALOS data jointly with 
environmental data were 91% and 81% respectively for woody species diversity and 
83% and 80% respectively for woody species evenness. Landsat TM maps both 
woody species diversity and evenness more accurately than ALOS, with or without 
environmental data. Coarser pixel size and higher spectral resolution of TM proved 
to be contributing factors in getting higher map accuracy compared to ALOS. 
 
Key words: Woody species diversity, woody species evenness, Shannon Diversity 

Index, Shannon Evenness Index, Neural Network, TM, ALOS, 
multicollinearity, forest types. 



ii 

Acknowledgements 

All praise and glory to be Him, Almighty Allah, Master of the worlds.  Thanks my 
Lord for giving me strength and wisdom to complete this thesis. 
 
My appreciation and gratefulness to all financial promoters of European Union (EU) 
for supporting the GEM program through the Erasmus Mundus (EM) scholarship 
scheme.  
 
Special thanks to the consortium directors namely Professor Andrew K. Skidmore 
(ITC), Professor Terry Dawson (University of Southampton), Professor Peter Pilesjõ 
(Lund University), and Professor Katarzyna Dabrowska (University of Warsaw) for 
institutional support and organization of the course over four institutions of four 
European countries. Thanks to all academic staffs of the partner institutions. 
 
Services of program sectaries of the institutions; Stephanie Webb, Karin Larsson, 
Gosia and Monique Romarck were invaluable and I would say to them thank you. 
Course coordinator Mr. Andre Kooiman deserves special thanks for all out help 
through the whole duration of the course. 
 
My heartfelt gratitude to my first supervisor Dr. Tiejun Wang and second supervisor 
Dr. Hein van Gils for all out effort, time and energy they spent on me to promote my 
thesis. I have no hesitation to tell that I feel proud and privileged getting the 
opportunity to work with such wonderful personalities. Dr. Wang gave me 
innovative ideas, taught software operations and constantly supervised the work. Dr. 
Hein was the kingpin in organizing and monitoring the field campaign and 
constantly supervised the work. 
 
Thanks to my fieldwork colleagues Dr. Anton Vrieling, Abraham Tesfai, Desalegn 
Chala, Li Dai, Chia-chi Chang, Diriba Kumssa, Sylvia Nanyomo and Upenyu 
Naume Nyatondo for their cooperation and nice company. We are grateful to all of 
the staffs of Majella national park in Italy who provided us necessary support.   
 
My GEM classmates of 2008-2010 academic session are wonderful peoples from 
around the world. Special thanks to all of them for supporting, good wishing, and 
helping me in different stages of the course and thesis. 
 
Lastly, my gratitude to my family members, relatives and friends who have always 
been my inspiration. 



iii 

Table of contents                  Page 

Chapter 1: Introduction 1 
 
1.1 Background  1 
1.2 Problem statement  3 
1.3 General Objective 5 

1.3.1 Specific Objectives 5 
1.4 Research questions 5 
1.5 Research Hypotheses 5 
 
Chapter 2:  Materials and Methods 6 
 
2.1 Study site  6 
2.2 Study Materials and methods 7 

2.2.1 Acquisition of satellite imageries and preprocessing 8 
2.2.2. Acquisition of environmental data and preprocessing 9 
2.2.3. Instruments and accessories 10 
2.3.4 Field data collection 10 
2.3.5 Field data processing 12 
2.3.6 Image classification (by NN approach) 13 
2.3.7 Multicollinearity test 13 
2.3.8 Image band number and mapping accuracy 14 
2.3.9 Map accuracy assessment 15 
2.3.10 Statistical significance test of the map accuracy 16 
2.3.11 Overlapping forest types map with diversity and evenness maps 16 

 
Chapter 3: Results 17 
 
3.1 Mapping woody species diversity 17 

3.1.1 Mapping woody species diversity by using TM and ALOS  17 
3.1.2 Accuracy assessment 18 
3.1.3 Effect of incorporating environmental layers on  

mapping accuracy  20 
3.1.4 Statistical comparison of the accuracy assessment  20 
3.1.5 Multicollinearity test  23 

3.1.6 Effect of image number of bands on mapping accuracy 23 
3.1.7 Overlapping forest type map of Majella with diversity map 24 



iv 

3.2 Mapping woody species evenness 25 
3.2.1 Mapping woody species evenness by using TM and ALOS 25 
3.2.2 Accuracy assessment 26 
3.2.3 Effect of incorporating environmental layers on accuracy  27 
3.2.4 Statistical comparison of the accuracy assessment  28 
3.2.5 Multicollinearity in the input layers in neural network  31 
3.2.6 Effect of image number of bands on mapping accuracy  31 
3.2.7 Overlapping forest type map of Majella with diversity map  32 

 
Chapter 4: Discussion 33 
 
4.1 High map accuracy  33 
4.2 ALOS maps less accurately than TM 35 
4.3 Environmental layers increase accuracy 39 
4.4 Multicollinearity 40 
4.5 Field sampling 41 
4.6 Ecological implications 43 
 
Chapter 5: Conclusion and recommendation 45 
 
5.1 Conclusion  
5.2 Recommendations 46 
References 47 
Appendices          56 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



v 

List of figures                                 Page 

Fig 2.1: Location of study site and sample plots on various forest types,  
Majella national park, Italy 6 

Fig 2.2: Schematic diagram of the research approach 8 
Fig 2.3: Layout specifications of line transects in each individual field  

sample plot 11 
Fig 3.1: Neural network classification result for Shannon diversity index (H).  

(a) Classified TM image (b) Classified ALOS image 17  
Fig 3.2: Neural network classification result for Shannon evenness index (E). 

(a) Classified TM image (b) Classified ALOS image 25 
 



vi 

List of tables                   Page 

Table 2.1: Characteristics of TM and ALOS used in this study………………….. 8 
Table 2.2: Environmental data layers used in this study…………………………. 9 
Table 2.3: Relative proportion (%) of area covered by each forest types in the 

study site with respective average values of Shannon diversity (H) 
and Evenness (E) indices for 30m plot size………………………….. 11 

Table 2.4: Band overlaps (in µm)  of TM and ALOS…………………………… 15 
Table 3.1: Accuracy assessment of woody species diversity map produced by 

using TM with NN classifier, with Kappa statistic, Overall Accuracy 
(OA), Omission Error (OE), Producer Accuracy (PA), Commission 
Error (CE) and User Accuracy (UA)…………………………………. 18  

Table 3.2: Accuracy assessment of woody species diversity map produced by 
using ALOS with NN classifier, with Kappa statistic, Overall 
Accuracy (OA), Omission Error (OE), Producer Accuracy (PA), 
Commission Error (CE) and User Accuracy (UA)…………………… 19 

Table 3.3: Mapping accuracy of Shannon diversity index by TM and ALOS, 
ordered by Overall Accuracy (OA%) of TM image. Significantly 
different paired  layer combinations with 95% confidence (z ≥ 1.96) 
are boldfaced…………………………………………………………. 19             

Table 3.4: Statistical comparison of the accuracy assessments of Shannon 
Diversity Index (H) of TM ordered by Overall Accuracy (OA%) 
using the z-statistic. Significantly different layer pair combinations 
with 95% confidence (z ≥ 1.96) are boldfaced……………………... 21 

Table 3.5: Statistical comparison of the accuracy assessments of Shannon 
Diversity Index (H) of ALOS ordered by Overall Accuracy (OA %) 
using the z-statistic. Significantly different layer pair combinations 
with 95% confidence (z ≥ 1.96) are boldfaced……………………...... 22 

Table 3.6: Result of overlapping TM highest accuracy diversity map with forest 
types map of Majella along with average values of Shannon 
Diversity Index (SDI) in each forest type. Major diversity level in each 
forest type has been boldfaced………………………………………...……… 24 

Table 3.7: Accuracy assessment of woody species evenness map produced by 
using TM imagery with neural network classifier, with Kappa 
statistic, Overall Accuracy (OA), Omission Error (OE), Producer 
Accuracy (PA), Commission Error (CE) and User Accuracy 
(UA)…………………………………………………………………... 26 

Table 3.8: Accuracy assessment of woody species evenness map produced by 
using ALOS imagery with neural network classifier, with Kappa 



vii 

statistic, Overall Accuracy (OA), Omission Error (OE), Producer 
Accuracy (PA), Commission Error (CE) and User Accuracy 
(UA)…………………………………………………………………... 27 

Table 3.9: Mapping accuracy comparison of Shannon evenness index by TM 
and ALOS imagery, ordered by Overall Accuracy (OA%) of TM 
image. Significantly different layer pairs with 95% confidence (z ≥ 
1.96) are boldfaced………..………………………………………….. 28 

Table 3.10:Statistical comparison of the accuracy assessments of Shannon 
Evenness Index (E) of TM ordered by Overall Accuracy (OA %) 
using the z-statistic. Significantly different layer pairs with 95% 
confidence (z ≥ 1.96) are boldfaced…………..……………………… 29 

Table 3.11: Statistical comparison of the accuracy assessments of Shannon 
Evenness Index (E) of ALOS ordered by overall accuracy (OA %) 
using the z-statistic.  Significantly different layer pairs with 95% 
confidence (z ≥ 1.96) are boldfaced………………………………….. 30 

Table 3.12: Result of overlapping TM highest accuracy evenness map with 
forest types map of Majella along with average values of Shannon 
Evenness Index (SEI) in each forest types. Major diversity class in 
each forest type has been boldfaced………………………………….. 32 

 
 
    





 
 

1 

Chapter 1: Introduction 
1.1 Background 

Interest to measure and model plant diversity from space is in increase (Turner 
et al., 2003). Biogeographers have long-cherished fervour in spatial and temporal 
distribution of plant diversity (Whittaker et al., 2005; Lomolino et al., 2004) 
particularly measuring patterns of species occurrence (Gillespie et. al., 2008). 
Presently remote sensing data is a potential source of information on plant diversity 
at landscape, regional, continental, and global spatial scales (Nagendra, 2001; Willis 
and Whittaker, 2002). Rapid assessment of plant diversity is crucial for management 
and conservation purpose (Foody, 2003; Whittaker et al., 2005) but we lack methods 
for rapid, large scale assessment (Bawa et al., 2002). Remote sensing provides 
inexpensive, extensive and complete spatial coverage for large areas that can be 
updated regularly (Duro et al., 2007). Despite such potential, remote sensing data 
has not been used much in the studies of plant diversity (Trisurat et al., 2000).  

Studies on remote sensing plant diversity till today use mainly two broad 
approaches;  direct and indirect (Turner et al., 2003; Nagendra, 2001 and as 
reviewed by Gillespie et al., 2008 and Duro et al., 2007). Direct approaches use 
remotely sensed data to identify the species e.g. individual species (Sobhan, 2007; 
Foody et al., 2005; Carleer and Wolff, 2004; Haara and Haarala, 2002 ), invasive 
species (Ramsey et al., 2005; Hunt et al., 2004; Parker-Williams and Hunt, 2004; 
Hunt et al., 2003), weed (Everitt et al. 2006; Carson et al 1995), mangrove species 
(Dahdouh-Guebas et al., 2004; Wang et al., 2004b), broad land cover types 
(Nagendra and Gadgil, 1999a; Nagendra and Gadgil, 1999b; Martin et al., 1998), or 
assemblage pattern of species diversity (Foody and Cutler, 2006; Nagendra and 
Gadgil, 1999a) and directly map their distribution. Indirect approaches model the 
species distribution (Saatchi et al., 2008) and distribution of diversity indices e.g. 
Shannon diversity index (SDI) (Bawa et al., 2002), Fisher’s alpha (Saatchi et al., 
2008; Cayuela et al., 2006). 

Information on plant diversity from the remotely sensed data can be extracted in 
versatile manners. Many researchers have used vegetation index NDVI and 
regression analysis (e.g. Levin et al., 2007; Rocchini, 2007; Gillespie 2006; Carter et 
al., 2005; Fairbanks and McGwire, 2004; Waser et al., 2004; Oindo and Skidmore 
2002; Gould, 2000). Few authors used spectral heterogeneity of remotely sensed 
data (Spectral Variation Hypothesis-SVH) to assess habitat heterogeneity/plant 
diversity (e.g. Rocchini, 2007; Rocchini et al., 2007; Palmer et al., 2002). Other 
authors used surrogate data, for example vegetation maps (e.g Lauver and Whistler 
1993; Griffiths et al., 2000; Luoto et al., 2002). Wang et al., (2004) mapped different 
assemblage of mangrove species in the Caribbean coast of Pannama by applying an 
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integrated approach of pixel-based and object-oriented classification. However these 
conventional image analysis techniques of species diversity estimation may not 
always be appropriate and does not fully exploit the data’s information content 
(Foody and Cutler, 2006).  

Neural Network (NN) is a promising image classification method used by many 
investigators. (e.g. Foody and Cutler, 2006; Augusteijn and Warrender, 1998; 
Skidmore et al., 1997; Mutanga and Kumar, 2007). NN performs general land-cover 
classification with better accuracy than other conventional methods e.g. maximum 
likelyhood (Hepner et al., 1989; Civco, 1993). The advantage of NN is that it is non-
parametric classifier and ancillary environmental data can be fed to the classifier 
along with satellite data.  

Many researchers have long recognized the striking variability of plant diversity 
with many environmental factors. Effect of elevation on vegetation is known over a 
century (Lomolino, 2001; Wallace, 1878). Increased topographic relief compared to 
flatter regions are associated with increased species diversity (O’Brien et al., 2000; 
Richerson and Lum, 1980). Bolstad et al., (1998) and Tivy (1993) observed strong 
relationship between some species and elevation and/or terrain shape. Currie and 
Paquin (1987) reported energy to be a major determinant of species diversity. Currie 
(1991) and Pierce et al., (2005) found solar radiation and potential 
evapotranspiration strongly related with plant diversity. Therefore environmental 
data e.g. slope (surface gradient), aspect (surface orientation), elevation (surface 
altitude), solar radiation (sunshine or direct radiant energy to which a region is 
exposed) etc has great potential to explain the variation in species distribution 
pattern and diversity (Zhang et al., 2007; Vogiatzakis et al., 2006). Unfortunately, 
potential of these various environmental factors are less utilized in the studies of 
remote sensing plant diversity. 

Biological diversity is a multifaceted variable and difficult to measure and 
express simply (Duro et al., 2007). Complexities of biological communities are often 
described and generally understood in terms of two integral components; species 
diversity and evenness (Gillespie et al., 2008; Drobner et. al., 1998; Whittaker, 
1965; Tilman, 1996; Stirling and Wilsey, 2001). Species diversity is the number of 
different species in a particular area (species richness) weighted by some measure of 
abundance such as number of individuals or biomass. But species richness is neither 
a synonym nor a measure of species diversity (Sanjit and Bhatt, 2005), although it 
has been widely used in most of the related studies as proxy to species diversity. 
Species evenness is the relative abundance or equitability (Izsa´k, 2007) with which 
each species is represented in an area. Evenness is also defined as the proportion or 
percentage of organisms in a community or simply the way abundance is distributed 
among individual species in a community (Whittaker, 1975; Alatalo, 1981). A 
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biological community where all the species are represented by the same number of 
individuals has high species evenness. A biological community where some species 
are represented by many individuals, and other species are represented by few 
individuals has low species evenness. Most species in nature are moderately 
abundant, some are very abundant or extreme rare. Summarily, diversity technically 
refers to a combination of species richness weighted by a measure of abundance, 
which is generally quantified as an index e.g. Shannon diversity index (H), Simpson 
index or Fisher’s alpha (Gillespie et al., 2008); and evenness indicate species 
relative abundance which is also quantified by an index such as Shannon evenness 
index (E) (see formula in section 2.3.5). Diversity indices provide more information on 
species variation and composition, and not only the species richness (Tolera et al., 2008). 

 

1.2 Problem statement  
 
Very few studies concern evenness 

Till today, most of the remote sensing studies have mainly focused on only one 
aspect of plant diversity and that is species richness (Foody and Cutler, 2006) paying 
limited attention to other aspect and that is species evenness (Schmidtlein and 
Sassin, 2004; Foody, and Cutler, 2003). But species evenness is equally important 
(Purvis and Hector, 2000). No study of remote sensing plant diversity except a few 
(e.g Foody and Cutler, 2006) concerns both species diversity and evenness as this 
study does to bridge the research gap. 
 
Image resolution, inherent capacity and spatial scale 

Landscape level studies of plant diversity used medium resolution imageries 
from e.g. TM, ETM+, ASTER or IRS satellite/sensor by applying varying approach 
like image spectral heterogeneity, vegetation indices, climatic and topographic 
variables but with considerable level of accuracy (40 to 80%) (e.g. Nagendra, 2002; 
Nagendra and Gadgil, 1999; Foody and Cutler, 2006). Studies involving direct 
identification of species and mapping diversity used very high spatial resolution (1 
to 4m) imageries from IKONOS, OrbView, OuickBird satellites or hyper-spectral 
airborne sensors with quite high accuracy (60 to 90%) (e.g. Sobhan, 2007; Foody et 
al., 2005; Carleer and Wolff, 2004). Both of the approaches incur complications. If 
image spatial resolution is too low, objects discrimination becomes difficult; if too 
high (smaller than object under consideration) intra-class variability increase and 
classification accuracy decrease (Meyer et al., 1996; Nagendra, 2001). Further, high 
spatial resolution imageries are collected primarily from commercially operating 
satellites which are very expensive - US$3000-5000 for 10km2 (Gillespie et. al., 
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2008) and are not affordable to developing countries. Feasible alternative to costly 
high resolution imageries might be the low cost, fine resolution imagery (ALOS or 
TM). Moreover, due to long time series of data availability (since 1982), TM offers 
opportunity of trend analysis in plant diversity study.  

Rocchini (2007) studied the effect of image spatial and spectral resolution in 
estimating ecosystem α-diversity and reported that SWIR ASTER bands had shown 
low power in catching spectral and thus spatial variability (in turn species diversity) 
with respect to Landsat ETM+ imagery while both imageries posses same spatial 
resolution (30m). Besides, image spectral variability is scene and sensor dependent 
(Rocchini et al., 2007; Mehner et al., 2004).  Hence we expect variation in remotely 
sensed spectral response and in turn species diversity would be better captured at 
30m scale (TM) than at 10m scale (ALOS). Rocchini et al., (2004) noted that the 
number of bands used for quantifying image spectral heterogeneity may affect the 
accuracy of the relationship between the spectral data and species diversity. 
Therefore it is argued that image spatial resolution is not the only decisive factor in 
catching spatial heterogeneity of species diversity but also the spectral resolution. 
TM posses quite low spatial resolution (30m) but more bands (7) while ALOS 
posses a fairly high spatial resolution (10m) but fewer bands (4). Following 
Rocchini (2007), we anticipated that there might be a trade off between the spatial 
and spectral resolutions of TM and ALOS data and sensors might have differential 
capability in detecting variability of woody species diversity. 

Therefore, present study endeavoured to compare the capability of using two 
differential resolutions (spatial and spectral) satellite imageries (TM and ALOS) to 
accurately map woody species diversity and evenness using NN classification 
method. Further, TM series data has been used most widely (cited in 42 articles) in 
the studies of plant diversity with varying approach, while ALOS data (among few 
others) has not been used at all (Gillespie et al, 2008).  No study compared the 
suitability of using the most widely used (TM) image with the least used one 
(ALOS) for accurately mapping woody species diversity (H) and evenness (E).  
  
Ancillary environmental data very less used  

Ancillary environmental data (e.g elevation, aspect, slope, solar radiation) are 
useful help to better explain the variation and accuracy of remotely sensed plant 
diversity. Skidmore et al., (1997) reported that training accuracy of NN increases 
when satellite data is jointly used with ancillary environmental data. Of course, use 
of environmental data in the study of vegetation and landcover classification is well 
practice over years (e.g. Yang et al., 2007; Schmidt et al., 2004; Franklin, 1994; 
Franklin et al., 1994; Janssen et al., 1990; Skidmore, 1989) but not in remote sensing 
species diversity. Till date, very few studies have explained the effect of coupling 
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ancillary environmental data with remotely sensed data in studies of plant diversity. 
To the best of our knowledge, only Cayuela, et al., (2006), modelled plant diversity 
using climatic, biophysical and landcover data with ETM+ NDVI using GLM. 
Therefore, present study investigates the effect of incorporating ancillary 
environmental data on mapping accuracy of woody species diversity (H) and 
evenness (E) by satellite data (ALOS and TM).  
 
1.3 General Objective 

The study aims to propose a new approach to estimate woody species diversity 
and evenness by using satellite imagery and ancillary environmental data (elevation, 
slope, aspect, solar radiation) with neural network classifier.   
1.3.1 Specific Objectives 

1) To assess the suitability of ALOS and TM imageries to accurately map 
woody species diversity and evenness. 

2) To compare the accuracy of produced maps using TM and ALOS data. 
3) To evaluate the influence of ancillary environmental data (elevation, slope, 

aspect, solar radiation) on the accuracy to estimate woody species diversity 
and evenness using satellite data. 

4) To explore how woody species diversity and evenness in Majella vary with 
forest types and elevation. 

1.4 Research questions 
1. Can woody species diversity and evenness of Majella be mapped with high 

accuracy using TM and ALOS imageries?  
2. Which image produces more accurate woody species diversity and evenness 

maps, TM or ALOS? 
3. Does the ancillary environmental data (elevation, slope, aspect, solar 

radiation) significantly improve the mapping accuracy of woody species 
diversity and evenness by satellite data?  

4. How the woody species diversity and evenness do vary with forest types and 
altitude gradients? 

1.5 Research Hypotheses 
I. TM and ALOS imageries can map woody species diversity and evenness with 

high accuracy. 
II. Woody species diversity and evenness would be better captured at 30m spatial 

scale (by TM) than at 10m (by ALOS). 
III. Ancillary environmental data significantly improves mapping accuracy of 

woody species diversity and evenness by satellite data. 
IV. Woody species diversity and evenness in Majella vary with forest types and altitude. 
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Chapter 2:  Materials and Methods 
 

2.1 Study site 
The study was undertaken over an area of 170 km2 in the north-western part 

(Morrone) (42°4'30"- 42°14'40"N; 13°49'55"- 14°1'51"E) of Majella National Park, 
in the Abruzzo region in central Italy.  

 
Fig 2.1: Location of study site and sample plots on various forest types, Majella 

national park, Italy.   
Source: (Parco Nationale della Majella, 1999) 

Morrone is the most forest type rich area of the park at close proximity to each 
other (Figure 2.1). Morrone mountain range (peak mount Morrone, 2061m a.m.s.l) 
passes through the western part of the park where this study site largely engulfs part 
of the range.  

The area covers three typical phytoclimatic belts: Mediterranean (up to 500 m 
altitude), Submediterranean (500 to 900 m) and Montane (900 to 1600 m). 
Vegetation of the site is broadly classified into several prominent forest types based 
on the dominant species, located sparsely or contiguously in different altitudinal 
levels. Spatial extent of these forest types differ in magnitude; evergreen oak woods 
comprises 2% of the area, deciduous oak woods 31%, black/aleppo pine stands 26%, 
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hop-hornbeam forest 13 % while beech forest extends over 28% area of the study 
site. 

Affect of altitude on vegetation is evident in Majella. Plant diversity decreases 
considerably along upward altitude gradients (Stanisci et al., 2005). Below 400m, 
vegetation is true Mediterranean type evergreen forest with abundant Mediterranean 
Oak/Evergreen Oak (Quercus spp) patches and farmlands; at 400–1000m elevation 
levels, vegetation is sub-Mediterranean type (with deciduous, thermophilic forest) 
and mainly consists of Pubescent Oak (Quercus pubescens), Turkey Oak (Quercus 
cerris), different Mapple (Acer spp), Ash species (Fraxinus spp), Hop-hornbeam 
(Ostrya carpinifolia), some conifers and farmlands; at 1000 – 1700m altitude, 
vegetation is temperate Montane type (with deciduous, mesophilic forest) where 
European Beech (Fagus sylvatica) is the most dominant species; at altitude >1700m, 
subalpine vegetation with dwarf shrubs e.g. Juniper (Juniper communis) or shrubby 
Pine are found; and above 2000m elevation, vegetation is of the type Alpine with 
closed grassland, open herbaceous and dwarf-shrubs or bare-land and devoid of trees 
or shrubs. Furthermore, at altitude above 1000m, Beech (Fagus sylvatica) is the 
dominant species while below that elevation, Pubescent Oak (Quercus pubescens) is 
the dominant one (van Gils et al., 2008).  

Mediterranean phytoclimatic belt of Majella possess typical Mediterranean 
climate with cool, moist winter and warm, dry summer (Nahal, 1981).  Montane belt 
is characterized by low temperature, harsh winter conditions, cooler summer and 
high, evenly distributed rainfall than contiguous lowlands. Sub-Mediterranean belt 
possess warm, dry climate with frequent annual summer draught due to hot spell 
(July-August).  

Geologically the area is largely composed of layers of limestones where all the 
geological eras from the Triassic are represented (Stanisci et al., 2005). Soil is Typic 
Rendolls (shallow calcareous soil with limestone lithology) and locally Typic and 
Aquic Eurochrepts (van Gils et al., 2010). 
 
 
2.2 Study Materials and methods 
 

The overall methodical approach followed in this research has been presented as 
a schematic diagram in Figure 2.2. 
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Neural Network

TM ALOS

Environmental 
data

Compare
accuracy

TM map ALOS map

 
Fig 2.2: Schematic diagram of the research approach 

 
2.2.1 Acquisition of satellite imageries and preprocessing 

Two cloud and defect free satellite imageries were compared for mapping 
woody species diversity and evenness; ALOS Advanced Visible and Near Infrared 
Radiometer type 2 (AVNIR-2) (15 July 2007) and Landsat 5 Thematic Mapper 
(TM) imageries (27 September 2003) (Table 2.1 ). Both of the images have been 
made available for use through ITC.  

Table 2.1: Characteristics of TM and ALOS used in this study. 
Satellite Spatial resolution Spectral resolution Acquisition date 

TM 30m 6 27 Sep’03 
ALOS 10m 4 15 July’07 

 
Band no 6 of TM image was not used (some similar studies also excluded e.g. 

Foody and Cutler, 2006; Gould, 2000) as it is thermal waveband and not generally 
used in vegetation remote sensing. Therefore, Bands 1 to 5 and 7 (multispectral) of 
TM were used in the analysis. For the case of ALOS, all the available bands i.e. 
bands 1 to 4 (multispectral) were used in this study. The study site in both of the 
images was free from clouds and defects. 

Image preprocessing includes geometric correction (geo-referencing) and 
atmospheric correction which had been performed by ITC remote sensing 
laboratory. TM and ALOS imageries were ortho-rectified to Universal Transverse 
Mercator (UTM) coordinates (World Geodetic System WGS 84, 33 N) using 30m 
resolution ASTER global DEM with the co-registration method in ERDAS 9.3.  
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2.2.2. Acquisition of environmental data and preprocessing 
Various environmental data layers that were used in the analysis have been 

listed below (Table 2.2). Digital Elevation Model (DEM) data had been made 
available from the ASTER global DEM archive of National Aeronautic and Space 
Administration (NASA) through ITC. Slope angle, slope aspect and incoming solar 
radiation of the study site were created from the DEM using standard operations in 
ArcGIS 9.3 software. Solar radiation layer values of the study area were calculated 
for every 15 days and summed up for the whole year (Kumar et al., 1997; Currie, 1991).  

Forest type map of Majella (which is a polygon layer with distinctive forest 
stand types) was readily obtained from the park office. Mainly five forest types 
relevant with the study site were extracted from many other landuse cover types of 
Majella included in the map which consist beech forest, deciduous oak woods, 
evergreen oak woods, black/aleppo pine stands and hop-hornbeam forest.  
 
Table 2.2: Environmental data layers used in  this study. 

Layers Source Data type Value range 
Elevation* DEM Raster 0 to 2031 m a.s.l 

Slope angle DEM Raster 0 to 87.330 

Slope aspect DEM Raster 0 to 360 azimuth0 

Solar radiation DEM Raster 182981 to 1661189 Watt 
hr m-2year-1 

Forest types thematic map** Majella  Vector EO, DO, BP/AP, HH, B* 
Park boundary Majella  Vector N/A 
Elevation* from ASTER global Digital Elevation Model-DEM; 30m resolution;    

Geocoding-ortho; vertical accuracy 7m. 
Forest types** EO= Evergreen Oak; DO= Deciduous Oak; BP/AP= Black/Aleppo 

Pine; HH= Hop-hornbeam; B= Beech 
 

ASTER DEM is of 30m spatial resolution, therefore, DEM and its derivatives 
(slope, aspect, solar radiation) needed not any resampling in case of TM data to 
make it correspondent to 30m×30m field plot. But for the case of ALOS, the image 
is of 10m spatial resolution while the DEM is of 30m spatial resolution; therefore 
the DEM and its derivatives (slope, aspect, solar radiation) were re-sampled to 10m 
spatial resolution to coincide with spatial resolution of imagery. While the four GIS 
environmental layers were readymade, they were layer stacked with the 
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corresponding satellite imageries using ENVI 4.3. At this level stacked five layers 
are ready for feeding up to the NN for classification. 
 
2.2.3. Instruments and accessories 

The following instruments and accessories were utilized during the whole 
research period in the field and indoors.  

a) Topographic maps: For field navigation and selection of sample plots. 
Copy of the map is available to buy from the Caramanico office of Majella 
national park. 

b) GPS: iPAQ and 12 channel Garmin GPSs were used for field navigation 
and recording sample plot coordinates.  

c) Measuring tape: For laying out sample plots and line transect in each plot. 
d) Computer and software: ArcGIS 9.3, ENVI 4.3, ERDAS IMAGINE 9.3, 

SPSS, MS-Excel and MS- Word software was used for satellite and 
environmental data preparation, analysis and write up. 

2.3.4 Field data collection 
Field surveys were undertaken from 7th September to 30th October in 2009. 

Field data was collected using stratified purposive sampling with strata based on 
available forest types. Of course, stratified random sampling with the strata based 
forest types could be another alternative; but due to inaccessibility of terrain, 
peculiar land formations, lack of roads and walking trails through the forest at 
different altitude, steep slope conditions, deep gorges and after all limited logistics 
for mobility in the field, this option could not be undertake. Furthermore, this study 
intended to capture only the woody species composition in the site. Other non-
woody land cover types e.g. grassland, pasture, barren land, naked hill slopes, 
agricultural lands and settlements that were commonly observed in the study area, 
were excluded from field survey. Therefore to capture the maximum variation of the 
woody species composition in different forest types of the study site, stratified 
purposive sampling strategy having sample plots in all the available forest types 
(evergreen oak, deciduous oak, black/aleppo pine, hop-hornbeam and beech) in 
proportion to their spatial extent, was the best feasible alternative in the field and 
applied in this study (Table 2.3). 

Samples plots were collected from all available forest types involving wide 
range of altitude (210 to 1304 m), slope (ranging from very gentle to very steep) and 
aspects conditions. Although we do not have the record of the slope and aspect of all 
the field plots, we tried to ground sample plots at various slopes and aspects during 
field campaign. Furthermore, while we draped the collected sample points in a 3D 
image view of the study area (created using 30m resolution ASTER DEM in 
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ArcScene), it is seen that they are located in versatile slopes and aspects of the 
terrain. All together 100 sample plots were surveyed. Orientation of the plots was 
based on arbitrary, local topography and easiness of mobility inside the plot. 

Table 2.3: Relative proportion (%) of area covered by each forest types in the study 
site with respective average values of Shannon diversity (H) and 
Evenness (E) indices for 30m plot size. 
Forest types Area covered (%) No of sample plots 
Beech 28 15 
Black/Aleppo Pine 26 29 
Evergreen Oak 2 7 
Hop-hornbeam 13 12 
Deciduous Oak 31 37 

 
Line transect method (for details readers are referred to Runkle, 1982; Økland, 

1990) was applied to each selected sample plot for recording woody species 
composition. Line transect method of recording species composition in the sample 
plots is very useful technique specially in the hilly terrains (like Majella) and 
recently used by many ecologists in the study of species diversity of forest 
ecosystems (e.g. Tolera et al., 2008; Günter et al., 2007). 

 
Fig 2.3: Layout specifications of line transects in each individual field sample plot 

In practice, firstly, the centre point of each plot (as a starting point) was selected 
purposively (applying wisdom by looking at the surrounding species composition 
and terrain position) so that it became representative of the surrounding woody 
species. From the plot centre, 4 transects of each 15 meters length were laid out in 
four sides, perpendicular to each other, using measuring tape (fig 2.3). Woody 
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species composition was recorded at each 2.5 m distance of each transects from the 
plot centre till 15 meter was reached. Therefore each plot covered maximum plot 
size of 30m×30m which conforms to standard forest inventory (e.g 20m2; Kangas 
and Maltamo, 2007). This strategy of data collection is very useful for training 
differential spatial resolution satellite data with the species composition of different 
plot size corresponding to their spatial resolution (for ALOS and TM, 10m and 30m 
respectively) without resampling the imageries to a common spatial resolution 
(equal to the field plot) for comparison.  

Woody species which had significant contribution in the canopy (and ultimately 
to canopy reflectance recorded in the satellite sensor) were recorded. Nomenclature 
of the trees was done following Conti  (1998).  Topographical map (available in 
Majella), compass and iPAQ were used to navigate to each sample plot in the field. 
Coordinate of the center of each plot was recorded using iPAQ and Garmin 12 
channel GPS (Global Positioning System). Spatial accuracy of both the GPSs was 1-
5m (experienced in the field). 

 
2.3.5 Field data processing 

Several measures/indices of diversity are used to describe complexity of a 
biological community. A species diversity index can condense extensive amounts of 
data available on the abundance of numerous species to a single, quantitative 
expression (Sager and Hasler, 1969). Shannon indices (Shannon, 1948) have been 
used in this research as indicator of woody species diversity as they are the most 
commonly used and acceptable indicator of biodiversity (Mouillot, D., Leprêtre, A. 
1999; Kent and Coker, 1992). Shannon diversity index (H) (for comprehensive 
details, readers are referred to Magurran, 1988) has been used as a measure of 
species richness and abundance (Onaindia et al., 2004), while Shannon Evenness 
index-SEI (E) has been used as an indicator of relative abundance or equitability 
(Izsa´k, 2007) of woody species in the study area. 

Formula used for Shannon diversity index (H) = - ilnPi 
Here Pi is the proportion of total number of species made up of the i th species 

in the plot where S refers to the total number of species or species richness (also 
called α diversity) of that particular plot (Whittaker, 1972; Pielou, 1975).  

Formula for calculating Shannon evenness index (E) = H / log(S). 
Shannon diversity and evenness indices were calculated for each of the 100 

field sample plots independently using the above mentioned formulae. TM image 
posses 30m×30m spatial resolution; therefore for classification of TM data, Shannon 
diversity (H) and Evenness (E) indices were calculated using the ground sample plot 



 
 

13 

species composition of 30m×30m size from plot centre (i.e. the whole sample plot 
data). On the other hand ALOS image posses 10m spatial resolution; therefore for 
classifying ALOS data, Shannon diversity (H) and Evenness (E) indices were 
calculated using the ground sample plot species composition of 10m1×0m size from 
plot centre. This approach is feasible as well as necessary to train the image 
classifier keeping the image spatial resolution intact because, in this case, no re-
sampling of the imageries to a common spatial resolution is required for 
classification accuracy comparison between the two.  

Shannon diversity and evenness indices of the 100 sample plot transects were 
then ranked to 5 discrete diversity and evenness classes (e.g. Gillespie et al., 2008; 
Cayuela et al., 2006; Hurlbert and White, 2005; Gould, 2000; Harrison, 1992). The 
classes are: very low, low, medium, high and very high. Calculated diversity and 
evenness indices were ordered separately in descending order (smaller to larger) in 
MS Excel followed by categorization to 5 equidistant classes; thus each class 
contains indices value of 20 sample plots. The lowest value for both Shannon 
diversity and evenness indices are zero indicating only one species present in those 
plots.  
 
2.3.6 Image classification 

Backpropagation Neural Network has been used to classify imageries, which 
has been successfully used by some researchers (e.g. Mutanga and Kumar, 2007; 
Skidmore et al., 1997). All the environmental data layers (elevation, slope, aspect 
and solar radiation) were stacked together with the satellite imageries while they 
were fed up to the NN classifier in ENVI 4.3. The Classifier was run with different 
possible combinations (16) of environmental layers and imageries. Each time run of 
NN provides output as respective diversity or evenness map.  

70% of the field sample data (i.e. 14 plots out of 20) was used as training 
dataset and 30% of the field plots data (i.e. 6 out of 20) was used as validation data 
set, which was randomly selected using Hawths tool in ArcGIS 9.3. In fact, this 
proportion is recommended in different publications (e.g Mutanga and Rugege, 
2006; Skidmore, 1999; Mcgarigal et al., 2000) as it gives more weight to data for 
model build-up.   

2.3.7 Multicollinearity test 
Multicollinearity implies a phenomenon where there exists a high degree of 

correlation amongst two or more explanatory variables in a regression model and 
difficult to separate their individual effect on the dependent variable (see 
explanations in Dirk and Bart, 2004). Multicollinearity occurs when independent 
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variables are so highly correlated to each other that both actually measure the same 
thing. Multicollinearity is a statistical parameter and assessed by examining two 
diagnostic factors; tolerance and Variance Inflation Factor (VIF), which are 
reciprocally related as follows: 

Tolerance = 1-R2, VIF =1/tolerance   
Both tolerance and VIF are widely used, reasonable and intuitive measure of 

multicollinearity (O’brien, 2007) and are calculated by common statistical 
programmes, for example SPSS. There is no formal VIF value to determine 
multicollinearity among variables but several rules of thumb exist, such as rule of 4, 
rule of 5, rule of 10 or 30 etc. Some authors noted VIF less than 5 is a cause of 
concern (e.g. Menard, 1965); some others reported VIF greater than 10 is a serious 
concern (e.g. Mason et al., 1989) or indicate high multicollinearity (e.g. Hair et al., 
1995; Kennedy, 1992; Marquardt, 1970).  Of course, among all of the rules, rule of 
10 is the most common (O’brien, 2007); stating that a VIF greater than 10 indicates 
evidence of multicollinearity among the independent variables. 

When VIF value reaches to the threshold, one or more independent variables 
that are highly related to other independent variables are removed from the analysis 
and the model is run with the remaining variables (O’brien, 2007; Chatterjee and 
Price, 1991).  

We extracted respective pixel values of all the input layers including all bands 
of imageries, corresponding to 100 field sample plots, using ‘Extract values to 
sample’ tool in ArcGIS 9.3. Then we calculated VIF value of the independent 
variable layers such as among all the bands of TM (6 bands) and ALOS (4 bands) 
imageries and other ancillary environmental data layers (4 layers) namely elevation, 
slope, aspect and solar radiation using SPSS statistical software (see details in the 
result and discussion chapters). Independent layers which showed VIF value greater 
than 10 were excluded in the process of elimination, and layers which showed VIF 
value less than 10 were included for subsequent use in NN for classification 
(Appendix 1 and 2). 
 
 
2.3.8 Image band number and mapping accuracy 

We used 6 bands for TM (bands 1 to 5 and 7) and 4 bands for ALOS imageries 
along with other ancillary environmental data in the NN for mapping species 
diversity. Interestingly, first 4 bands of TM overlaps with 4 bands of ALOS imagery 
(Table 2.4) with very subtle difference. To investigate why one image maps woody 
species diversity more accurately than the other, we made the proposition that the 
cause might be due to more number of bands present in one image than another. 
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Aiming to that, image classification in NN was run with overlapping first 4 bands of 
TM to compare the accuracy against ALOS. The whole process was replicated with 
all possible layer combinations similar to that used for all the bands and other 
environmental layers (as previously mentioned). 

Table 2.4: Band overlaps (in µm)  of TM and ALOS. 

Band TM ALOS 
1 0.450-0.520 0.42-0.50 
2 0.520-0.600 0.52-0.60 
3 0.630-0.690 0.61-0.69 
4 0.760-0.900 0.76-0.89 
5 1.550-1.750   n/a 
7 2.080-2.350   n/a 
Note: Band 6 has not been used 

 
 
2.3.9 Map accuracy assessment 

Maps and images are inherently erroneous (Skidmore, 1999). Therefore, 
accuracy assessment is a fundamental exercise in mapping practice and a major 
priority area of research (Rindfuss et al., 2004). Classified maps are hardly used 
without assessment of their accuracy as quality of the classified maps depends on 
their classification accuracy (Foody, 2002). Although there is no standard method of 
accuracy assessment, confusion matrix (also known as error matrix) is the basis of 
quantitative matrices of classification accuracy assessment (Foody, 2002; 
Congalton, 1991) and most widely used unquestionably to its suitability (Foody, 
2002). Despite many problems of the current status of accuracy assessment 
remaining unsolved (Foody, 2002) and having no decisive flawless method of 
accuracy assessment of classified image, we, in this report, calculated the confusion 
matrix for each of the classification results as it is an acceptable and widely used 
approach. The process involved using the independent ground validation data 
against each of the classification result from NN (using ENVI 4.3 software’s post 
classification confusion matrix option) where the outputs were generated as 
confusion matrices with overall, user’s, producer’s accuracies and Kappa statistic 
(Congalton and Green, 1999; Cohen, 1960).  
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2.3.10 Statistical significance test of the map accuracy 

After generating the confusion matrix in the process of accuracy assessment, it 
is need to know whether the classification results (or confusion matrices) were 
significantly different from each other. Let us say, one image classification with two 
associated environmental layers resulted with Kappa 0.58 while same image 
classification with three associated environmental layers results with Kappa 0.68. 
We need to know whether second classification result is significantly different from 
the first one. Therefore to ascertain if any two classification results are significantly 
different, we used the method described by Cohen (1960), and elaborated by various 
authors (e.g. Rossiter, 2004; Skidmore, 1999; Congalton et al., 1983). This method 
uses the normal curve deviate statistic (z) and the Kappa values (k1, k2) and their 
associated variance (σ2 

[k1], σ2 
[k2]) as follows: 

Z =  

At 95% level of significance (α= 0.05), the tabulated value of z is 1.96 (z=1.96). If 
the calculated value of z is less than the tabulated value, there is no significant 
difference between two classification results. If the calculated value is greater than 
the tabulated value, there is significant difference between two classifications. Z 
value was calculated for all the possible paired combinations of independent error 
matrices. 
 
2.3.11 Overlapping forest types map with diversity and evenness 

maps 
Widely used forest types map of Majella was overlapped with the diversity and 

evenness maps separately using ArcGIS 9.3 to see the agreement of diversity and 
evenness information between them. Average value of Shannon diversity (H) and 
evenness (E) indices of field samples falling in each forest types was compared with 
the remotely sensed level/class of diversity and evenness of each forest type. 

 
 
 
 
 

 
 





 
 

17 

Chapter 3: Results 
3.1 Mapping woody species diversity 
3.1.1 Mapping woody species diversity by using TM and ALOS  
 

 
Fig 3.1: Neural Network classification result for Shannon diversity index (H). (a) 

Classified TM image (b) Classified ALOS image 
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Woody species diversity of Majella was mapped by using all the bands of TM 
and ALOS satellite imageries independently using other ancillary environmental 
data (elevation, slope, aspect and solar radiation) with NN classifier. Shannon 
diversity index (H) was used as a surrogate measure of woody species diversity in 
five diversity levels/classes; very high, high, medium, low and very low. Fig 3.1 
represents the two classified imageries with five diversity classes.  

TM imagery maps woody species diversity of study site with an overall 
accuracy of 91% and Kappa statistic 0.9. On the other hand ALOS imagery mapped 
woody species diversity with 81% overall accuracy and 0.77 associated Kappa 
statistic. Evidently the overall mapping accuracy of woody species diversity by TM 
image is 10% higher than that obtained by using ALOS imagery.  
 
3.1.2 Accuracy assessment 

 
Table 3.1 and 3.2 show two of the confusion matrices, from among different 

others layer combinations, with highest level of overall accuracy of TM (91%) and 
ALOS (81%) imageries respectively using all the input layers (all bands of both 
imageries +4 environmental layers).  
 
Table 3.1: Accuracy assessment of woody species diversity map produced by using 

TM with NN classifier, with Kappa statistic, Overall Accuracy (OA), 
Omission Error (OE), Producer Accuracy (PA), Commission Error (CE) 
and User Accuracy (UA). 

High Low Medium Very High Very Low CE% UA% 
High 14 1 1 0 2 22 78 
Low 0 13 1 0 0 7 93 
Medium 0 0 12 0 1 8 92 
Very High 0 0 0 14 0 0 100 
Very Low 0 0 0 0 11 0 100 
OE% 0 7 14 0 21 
PA% 100 93 86 100 79 

Overall Accuracy=91.43% Kappa Statistic= 0.89 
 
The main confusion for TM imagery case is that High diversity class has been 

mapped as Very Low (Table 3.1). In case of ALOS, the main confusions were Very 
High diversity level has been mapped as Very Low while Low has been mapped as 
Medium (Table 3.2) 
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Table 3.2: Accuracy assessment of woody species diversity map produced by using 
ALOS with NN classifier, with Kappa statistic, Overall Accuracy (OA), 
Omission Error (OE), Producer Accuracy (PA), Commission Error (CE) 
and User Accuracy (UA). 

High Low Medium Very High Very Low CE% UA% 
High 11 0 1 0 0 8 92 
Low 1 11 2 1 1 31 69 
Medium 1 1 11 0 0 15 85 
Very High 1 0 0 11 0 8 92 
Very Low 0 2 0 2 13 24 76 
OE% 21 21 21 21 7 
PA% 79 79 79 79 93 

 Overall Accuracy=81.43, Kappa Statistic=0.77 
 
Four ancillary environmental data layers namely elevation, aspect, slope and 

solar radiation were used along with the satellite imageries with 16 different possible 
combinations to run in the NN classifier. All the possible combinations with their 
respective overall mapping accuracy and Kappa statistic have been presented in 
table 3.3. 

       
Table 3.3: Mapping accuracy of Shannon diversity index by TM and ALOS, ordered 

by Overall Accuracy (OA%) of TM image. Significantly different paired 
layer combinations with 95% confidence (z ≥ 1.96) are boldfaced. 

 
 

OA % Kappa  z 
TM ALOS TM ALOS  

1. IMAGE+ASPECT+DEM+SLOPE+ 
S.RADIATION 

 
91 

 
81 

 
0.89 

 
0.77 

 
2.19 

2. IMAGE+ASPECT+DEM+SLOPE 87 80 0.84 0.75 1.43 
3. IMAGE+SLOPE 86 64 0.82 0.55 3.80 
4. IMAGE+DEM+SLOPE+S. RADIATION 86 79 0.82 0.73 1.39 
5. IMAGE+SOLAR ADIATION+DEM 84 74 0.80 0.68 1.85 
6. IMAGE+SOLAR ADIATION+SLOPE 83 73 0.79 0.66 1.80 
7. IMAGE+DEM+ASPECT+S.RADIATION 83 76 0.79 0.70 1.31 
8. IMAGE+ASPECT + DEM  81 74 0.77 0.68 1.28 
9. IMAGE+SLOPE+ASPECT+S. RADIATION 81 80 0.77 0.75 0.27 
10. IMAGE+DEM+SLOPE 80 77 0.75 0.71 0.52 
11. IMAGE+ASPECT+SLOPE 80 74 0.75 0.68 1.01 
12. IMAGE+SOLAR ADIATION+ASPECT 77 70 0.71 0.63 1.21 
13. IMAGE+SOLAR RADIATION 70 69 0.63 0.61 0.23 
14. IMAGE+ASPECT 67 69 0.59 0.61 0.23 
15. IMAGE+DEM 66 67 0.57 0.59 0.22 
16. IMAGE 60 53 0.50 0.41 1.08 
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As noticeable from the Table 3.3, TM imagery maps woody species diversity 
more accurately than ALOS imagery with or without the use of environmental data 
layers in NN. For nearly all of the environmental layer combinations as well as in 
the case of using only the image, TM mapping accuracy (and associated Kappa 
statistic) is higher than that of ALOS. But for most of the paired layer combinations, 
the accuracy difference is not significant except for a few cases e. g. highest 
accuracy obtained by using all layers (z = 2.19) and by using image with slope 
(IMAGE+SLOPE, z score 3.80). From this observation, we generalize the fact that 
TM data is better in mapping woody species diversity than ALOS data.  
 
3.1.3 Effect of incorporating environmental layers on mapping accuracy 

Mapping accuracy of woody species diversity increases significantly if 
environmental layers are used along with both imageries. As an example, the overall 
mapping accuracy obtained by using only TM image in the NN produces 60% 
overall accuracy (with Kappa 0.5); but when the image was used with four other 
GIS layers namely elevation, aspect, slope and solar radiation, the overall mapping 
accuracy rises to 91% (with Kappa 0.89). Similarly, ALOS imagery when used 
alone in the NN, maps the species diversity with 53% overall accuracy (and Kappa 
0.41); on the other hand imagery used with four environmental layers namely  
aspect, DEM, slope and solar radiation, the overall accuracy rises to 81% (with 
Kappa 0.77) (Table 3.3). For any other combination of the input environmental 
layers, mapping accuracy is higher than that obtained by using the image alone 
(Table3.3). This trend is true for both TM and ALOS imagery cases.  
 
3.1.4 Statistical comparison of the accuracy assessment  

Statistical comparison of the confusion matrices that resulted from the accuracy 
assessment against outputs of NN classification by field validation data was done 
using the z statistic (Cohen, 1960) and has been presented in the following tables; 
for TM (Table 3.4) and for ALOS (Table 3.5). Significantly different layer 
combinations have been boldfaced. As for example, the z value of the statistical 
comparison of layer pairs 14 (IMAGE+DEM) and 16 (IMAGE) in Table 3.5 is 2.21 
which is greater than critical value of z (1.96); therefore it has been boldfaced. This 
simply means that the accuracy obtained by using ALOS image and DEM together 
in NN is significantly higher than the accuracy obtained by using ALOS image only. 
In combination with TM image, slope comes with highest accuracy (86%) followed 
by solar radiation (70%), aspect (67%) and elevation (66%). For ALOS, solar 
radiation and aspect produces same accuracy (69%) which is the highest, followed 
by elevation (67%) and slope (64%). 
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3.1.5 Multicollinearity test  
Multicollinearity was assessed by calculating Variance Inflation Factor (VIF) 

among the input layers of NN to determine redundancy. Input layers which showed 
VIF value greater than 10 were screened out. Some of the bands of both ALOS and 
TM imageries were found to be multicollineared. For TM imagery, bands TM 3 and 
TM 5 were found having the problem of multicollinearity with VIF value greater 
than 10; therefore excluded from the analysis. Only bands TM 1, TM 2, TM 4 and 
TM 6 were included in NN (Appendix 1). For the case of ALOS data, band no 3 
showed VIF value greater than 10; therefore excluded from classification in NN. 
Only bands 1, 2 and 4 of did not show multicollinearity; therefore these three bands 
were included in subsequent analysis (Appendix 2). On the other hand none of the 
environmental layers showed multicollinearity with respective VIF value less than 
10 as a rule of thumb (Appendix 1 and 2). Appendix 3 shows the overall accuracy 
and Kappa statistic of the accuracy assessment of the NN outputs with layers that do 
not have the problem of multicollinearity Values of Kappa and overall accuracy of 
the respective NN outputs using all the available bands of both of the imageries are 
also presented in the Appendix 3, side by side for easy comparison.  

As noticed from the Appendix 3, the overall accuracy of produced map by using 
layers without multicollinearity declines than that obtained by using all the 6 bands 
of TM without considering multicollinearity; but the amount of drop is not 
significant and the values are very near to each other in almost all the layer 
combinations. Highest accuracy drops from 91% to 87%. The same trend is true for 
the ALOS. The highest accuracy obtained by using bands with multicollinearity and 
without multicollinearity is just 81% and 80% respectively. That is to say, 
multicollinearity among some of the bands of TM and ALOS imageries does not 
affect the overall mapping accuracy significantly. 
 
3.1.6 Effect of image number of bands on mapping accuracy 

In quest of why ALOS maps woody species diversity less accurately than TM 
and if the matter is due to the fact that TM has more bands than ALOS, we run the 
neural NN with the first 4 overlapping bands (see Table 2.4) of TM with ALOS with 
other ancillary environmental data. Overall accuracy and Kappa coefficient of the 
accuracy assessment of the results obtained by NN classification is presented in the 
Appendix 4. For easy comparison, the accuracy obtained by using 6 bands and 4 
bands of TM and all 4 bands of ALOS, they are presented side by side (Appendix 4).  

Overall accuracy attained by using 4 bands of TM drops or remains equal than 
that by using 6 bands, for majority of the combinations. Highest accuracy falls from 
91% to 84% (combination 1) while lowest falls from 60% to 53% (combination 16). 
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But the difference in accuracy is insignificant in most of the cases (as such 
combinations 3, 7, 8), and significant in very few cases (e.g. combination 11) or in 
some cases equal (as such combination 4, 15).  

The overall accuracy obtained by using 4 bands of TM in all the layer 
combinations are greater than ALOS, except combination no 15 (Image + Aspect), 
where ALOS accuracy is a little higher (69%) than TM (67%). Of course the 
difference in accuracy between corresponding layer combinations of 4 bands of TM 
and ALOS are not significant (as such combination 2, 4, 6) or the accuracy is the 
same (as such combination 7, 16). As for example, the highest accuracy obtained by 
4 bands of TM and ALOS with all the input layers are 84% and 81% respectively; 
where the overall accuracy difference is only 3%, which is not significant. 
 
3.1.7 Overlapping forest type map of Majella with diversity map 

The forest type map of Majella was overlapped with the produced maps of 
species diversity in NN, as an extra check for the assessment of accuracy.  
 
Table 3.6: Result of overlapping TM highest accuracy diversity map with forest 

types map of Majella along with average values of Shannon Diversity Index 
(SDI) in each forest type. Major diversity level in each forest type has been boldfaced. 

Diversity Class (%) 

Forest types 
Very 
High High Medium Low 

Very 
Low 

SDI* 
(avg) 

Beech  20 26 34 11 9 0.65M 

Black/Aleppo Pine  8 22 27 34 9 0.82M 

Evergreen Oak  27 9 4 39 21 0.52L 

Hop-hornbeam  14 32 17 29 8 1.14VH 

Deciduous Oak  34 17 14 17 18 0.72H 
SDI*= average value of Shannon Diversity Index in each forest types; Diversity 
classes, M=Medium; L=Low; H=High; VH= Very High 

Table 3.6 shows the result of overlap of forest type map with TM diversity map 
having highest accuracy (91%).  Major diversity class in each forest type has been 
boldfaced. There is good agreement between the average value of SDI in each forest 
type with the majority portion of that forest type belonging to the respective or 
nearby diversity map classes. For example, average value of SDI of beech forest is 
0.65 which falls within the range of Medium diversity class, while majority 
proportion of beech forest (34%) also belongs to Medium diversity class. In other 
forest types also fair agreement exist between average value of SDI with majority area of each 
forest types belonging to identical or nearby diversity class. 
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3.2 Mapping woody species evenness 
 
3.2.1 Mapping woody species evenness by using TM and ALOS 
 

 
Fig 3.2: Neural network classification result for Shannon evenness index (E). (a) 
Classified TM image (b) Classified ALOS image 
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Woody species evenness of the study site was mapped by using all bands of TM 
and ALOS satellite imageries and ancillary environmental data (elevation, slope, 
aspect and solar radiation) with NN classifier. Shannon evenness index (E) was used 
to obtain five evenness levels/classes; very high, high, medium, low and very low. 
Classified imageries with five evenness classes have been shown in Fig3.2.  

TM imagery maps woody species evenness with an overall accuracy of 83% 
and Kappa statistic 0.78. On the other hand ALOS imagery mapped woody species 
diversity with 80% overall accuracy and 0.75 associated Kappa statistic. Evidently 
the overall mapping accuracy of woody species diversity by TM image is 3% higher 
than that obtained by using ALOS imagery.  
 
 
3.2.2 Accuracy assessment 

Table 3.7 and 3.8 show two of the confusion matrices, from among different 
others layer combinations, with highest level of overall accuracy of TM (83%) and 
ALOS (80%) imageries respectively using all the input layer (all bands of both 
imageries+4 environmental layers).  

The main confusions for TM confusion matrix are that High evenness class has 
been mapped as Low and Medium as High (Table 3.7). In case of ALOS, the main 
confusions were, High evenness class has been mapped as Low, Low as High and 
Medium as Very Low (Table 3.8). Some of the classes e.g. Very Low has been 
classified with high accuracy in both of the image matrices. 
 
Table 3.7: Accuracy assessment of woody species evenness map produced by using 

TM imagery with neural network classifier, with Kappa statistic, Overall 
Accuracy (OA), Omission Error (OE), Producer Accuracy (PA), 
Commission Error (CE) and User Accuracy (UA). 

 
High Low Medium Very High Very Low CE% UA% 

High 11 2 0 1 1 27 73 
Low 0 10 0 0 0 0 100 
Medium 2 1 13 1 1 28 72 
Very High 1 1 0 12 0 14 86 
Very Low 0 0 1 0 12 8 92 
OE% 21 29 7 14 14 
PA% 79 71 93 86 86 

Overall Accuracy = 83%, Kappa Statistic = 0.79 
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Table 3.8: Accuracy assessment of woody species evenness map produced by using 
ALOS imagery with neural network classifier, with Kappa statistic, 
Overall Accuracy (OA), Omission Error (OE), Producer Accuracy (PA), 
Commission Error (CE) and User Accuracy (UA). 

High Low Medium Very High Very Low CE% UA% 
High 11 2 1 1 0 27 73 
Low 2 11 0 0 1 21 79 
Medium 0 1 12 1 2 25 75 
Very High 1 0 1 11 0 15 85 
Very Low 0 0 0 1 11 8 92 
OE% 21 21 14 21 21 
PA% 79 79 86 79 79 

Overall Accuracy = 80%, Kappa Statistic = 0.75 
 
Four ancillary environmental data layers namely elevation, aspect, slope and 

solar radiation were used along with the satellite imageries with 16 different possible 
combinations with the imageries in the NN classifier. All the possible combinations 
with their respective overall mapping accuracy and Kappa statistic have been 
presented in Table 3.9. Significantly different layer combinations with 95% level of 
confidence (z ≥ 1.96) have been boldfaced 

As we compare the overall accuracies (or Kappa statistic) achieved for the 
produced woody species evenness maps presented in Table 3.9) by using TM and 
ALOS imageries, overall accuracy of TM is greater than ALOS for majority of the 
layer combinations. Statistically significant (z ≥ 1.96) layer pairs between imageries 
are boldfaced. In some combinations, TM accuracies are significantly higher than 
ALOS. (E.g. layer combinations 9, 14 and 16). The higher accuracy obtained for TM 
is 83% while for ALOS it is 80%. Lowest accuracy for TM is 59% while for ALOS 
is 46%. This trend is true for all of the input layer combinations in NN classifier, 
although the differences in mapping accuracies of the two imageries are not 
significant for most of the combinations. Therefore, evidently, TM maps woody 
species evenness more accurately than ALOS. 
 
3.2.3 Effect of incorporating environmental layers on accuracy  

Accuracy of the produced species evenness map increases tremendously when 
ancillary GIS layers are used in association with both the imageries in the NN. In 
some cases, the overall accuracy nearly doubled when GIS layers were jointly used 
with the images as such 46% overall accuracy was achieved using only ALOS 
image but when ALOS was associated with all other ancillary environmental data in 
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NN, the overall accuracy jumped up to 80% (Table 3.9). Lowest map accuracies 
obtained by using only imageries were 59% and 46% respectively for TM and 
ALOS and by using all ancillary environmental data jointly with imageries, highest 
accuracies were 83% and 80% respectively. Ancillary environmental data enhances 
the mapping accuracy of woody species evenness significantly when jointly used 
with satellite data. 
 
Table 3.9: Mapping accuracy comparison of Shannon evenness index by TM and 

ALOS imagery, ordered by Overall Accuracy (OA%) of TM image. 
Significantly different layer pairs with 95% confidence (z ≥ 1.96) are boldfaced. 

 OA%  Kappa  z 

TM ALOS TM ALOS  
1. IMAGE+ASPECT+DEM+SLOPE+ 

S.RADIATION 
 

83 
 

80 
 

0.79 
 

0.75 
 

0.54 
2. IMAGE+ASPECT+DEM+SLOPE 81 74 0.77 0.68 1.28 
3. IMAGE+SLOPE+ASPECT+S. RADIATION 81 76 0.77 0.70 1.03 
4. IMAGE+ASPECT+DEM  79 67 0.73 0.59 1.92 
5. IMAGE+SOLAR ADIATION+DEM 79 76 0.73 0.70 0.51 
6. IMAGE+SOLAR RDIATION+SLOPE 79 69 0.73 0.61 1.70 
7. IMAGE+DEM+SLOPE 79 69 0.73 0.61 1.69 
8. IMAGE+DEM+SLOPE+S. RADIATION 79 71 0.73 0.64 1.23 
9. IMAGE+SOLAR ADIATION+ASPECT 77 63 0.71 0.54 2.34 
10. IMAGE+DEM+ASPECT+S. RADIATION 77 77 0.71 0.71 0.00 
11. IMAGE+SLOPE 73 63 0.66 0.54 1.60 
12. IMAGE+ASPECT+SLOPE 73 71 0.66 0.64 0.24 
13. IMAGE+ASPECT 71 61 0.64 0.52 1.58 
14. IMAGE+DEM 70 54 0.63 0.43 2.44 
15. IMAGE+SOLAR RADIATION 69 67 0.61 0.59 0.23 
16. IMAGE 59 46 0.48 0.32 1.97 

 
3.2.4 Statistical comparison of the accuracy assessment  

Table 3.10 and 3.11 includes the result of the statistical comparison of the 
accuracy assessments of Shannon Evenness Index (E) of TM and ALOS 
respectively. The study used the z-statistic as a measure for the estimation of 
statistical significance among different layer combinations where significantly 
different layer pairs with 95% confidence (z ≥ 1.96) have been boldfaced. In 
combination with the image, slope showed the highest accuracy (73%), followed by 
aspect (71%), elevation (70%) and solar radiation (69%). In case of ALOS, solar 
radiation and slope provided same highest accuracy (63%), followed by aspect 
(61%) and elevation (54%). Thus, individual effect of the layers on accuracy is not 
prominently different than each other. 
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3.2.5 Multicollinearity in the input layers in neural network  
Same input layers without having multicollinearity problem, as used in woody 

species diversity mapping such as band 1, 2, 4 and 6 of TM and bands 1, 2 and 4 of 
ALOS (Appendix 1 and 2) had been used to map woody species evenness also. 
Mapping accuracies of Shannon evenness index obtained from the confusion 
matrices resulted in NN with input image layer combinations which do not have 
multicollinearity problem have been presented in the following Appendix 5, along 
with respective accuracies (and Kappa statistic) obtained by using all the bands (6 
for TM and 4 for ALOS) of both imageries for easy comparison. When we campare 
overall accuracies of pair combinations without multicollinearity (TM_Multi and 
ALOS_Multi) against with multicollinearity (TM_All and ALOS_All) of both 
imageries, we notice that the accuracy without multicollineared layers drop or 
remains equal with respect to that obtained using all layers with multicollinearity. 
As for TM, highest accuracy drops from 83% (with multicollinearity) to 81% 
(without multicollinearity). For ALOS, highest accuracy remains constant (80%) 
with or without multicollinearity. But the reductions in accuracies are not 
significant. We realized from the previous similar statistical significance test results 
with the z values that a layer pair becomes significantly different when the overall 
accuracy difference between them are at least 10% (e.g. 91% and 81% accuracies 
are significantly different with z value 2.19, Table 3.3). Taking that advantage, the z 
values of respective layer pairs of both imageries with and without multicollinearity 
problem were not calculated but on the light of the previous statement it is observed 
that for all of the layer pairs the difference in accuracy is less than 10% except 
combination no 15 for TM (IMAGE+ASPECT); therefore most of them are not 
significantly different. That is to say, multicollinearity does not significantly reduce 
the overall accuracy of the produced evenness map. 
 
3.2.6 Effect of image number of bands on mapping accuracy  

The overall mapping accuracy of TM is greater than ALOS while using all the 
bands of both imageries. To investigate whether TM (despite having coarser spatial 
resolution than ALOS) map woody species evenness more accurately due to 
possessing more number of bands, we had run the NN with similar first 4 bands of 
TM (band 1, 2, 3 and 4) that coinciding with 4 bands of ALOS (1, 2 3 and 4). 
Appendix 6 shows the overall accuracies and respective Kappa statistic of output 
maps.  

Comparison of accuracies of TM map using 4 bands (TM_4) against its all 
bands (TM_6) indicate that for all of the combinations the accuracy drops (e.g. 
combinations 4, 5, 16) or remains equal (e.g. combinations 1, 3, 10) in TM_4 than 
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TM_6 but for all of the combinations, the differences in accuracies are insignificant 
(e.g. in combination 16, 57% and 59% respectively for TM_4 and TM_6) (Appendix 
6). That is using of 4 bands of TM does not significantly reduces the accuracy than 
using 6 bands.  

For TM 4 and ALOS case, accuracies are higher in TM 4 than ALOS for all of 
the layer combinations; in some combinations significant (e.g. 6, 10, 13 or 16) as the 
accuracy difference of the layer pairs is 10% or more (although in this case, z-value 
was not calculated but experience from previous calculations shows that a difference 
of 10 between two accuracies indicate significant). That is despite removing two 
bands from TM, accuracy obtained by TM is still higher than ALOS; in some cases 
significantly higher. 
 
3.2.7 Overlapping forest type map of Majella with diversity map  

Table 3.12 shows the result of overlap of forest type map with highest accuracy 
(83%) TM evenness map.  Major evenness class in each forest type has been 
boldfaced. Good agreement exists between the average value of SEI in each forest 
type with the majority portion of that forest type belonging to the respective or 
nearby evenness map classes, except the case of deciduous oak woods. In deciduous 
oak woods, average value of SEI is 0.61 which belongs to Low range of the 
evenness classes, but the majority proportion of the evenness map falls under Very 
High evenness class. In other forest types very fair agreement exist between; like 
average value of SEI of beech forest is 0.40 belonging to Very Low range of 
evenness classes while majority area of evenness map (37%) falls under Very Low 
class of evenness as well.  
Table 3.12: Result of overlapping TM highest accuracy evenness map with forest 

types map of Majella along with average values of Shannon Evenness Index 
(SEI) in each forest types. Major diversity class in each forest type has been 
boldfaced. 

 Evenness Class (%) 

Forest types 
Very 
High High Medium Low 

Very 
Low 

SEI* 
(avg) 

Beech  23 31 3 7 37 0.40VL 
Black/Aleppo Pine  45 14 19 16 7 0.67M 
Evergreen Oak  17 11 12 12 48 0.34VL 
Hop-hornbeam  38 21 16 16 9 0.82H 
Deciduous Oak  38 5 25 15 18 0.61L 
SEI*= average value of Shannon Evenness Index in each forest types; Diversity 
Classes, L=Low; VL=very Low; M= Medium; H= High; VH= Very High 
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Chapter 4: Discussion 
 
It is a long-standing interest of Biogeographers to measure patterns of species 

occurrence and diversity from space (Gillespie et al., 2008). Incorporation of 
satellite data with climate, topography data improves the model significantly 
(Gillespie et al., 2008). In this study we demonstrate how satellite data can be 
effectively used to map woody species diversity and evenness. We also demonstrate 
how ancillary environmental data improve the accuracy of woody species diversity 
and evenness maps significantly when jointly used with satellite data. 
 

4.1 High map accuracy  
Two satellite imageries, TM and ALOS were compared to be used for mapping 

woody species diversity and evenness. Both of the imageries produced species 
diversity and evenness maps with high accuracy due possibly to comparatively 
homogeneous canopy structure of this forest site with forest types dominated by 
several trees (24 all together). We claim for high accuracy as the overall accuracies 
of the diversity maps obtained using TM and ALOS are 91% (Kappa 0.89) and 81% 
(Kappa 0.77) respectively; while for evenness maps overall accuracies are 83% 
(Kappa 0.79) and 80% (Kappa 0.75) respectively for TM and ALOS; both are quite 
high when compared with the similar published works by other researchers applying 
different methods. Cayuela, et al., (2006) modelled plant diversity in tropical 
montane landscape using climatic, biophysical and landcover data with ETM+ 
NDVI with Generalized Linear Model (GLM) which explained 44% of the overall 
variability of tree diversity. Foody and Cutler (2003) used NN and standard 
deviation of nearest pixels and achieved a Pearson correlation coefficient of up to 
0.52 between remotely sensed estimate and field data on plant diversity. In a later 
work, Foody and Cutler (2006) with the attempt to map biodiversity indices of 
species richness and evenness found satellite data (TM) explaining 69% of the 
variation in field species diversity. This is the only study we find which engulfs both 
species evenness and diversity. Rocchini, (2007) estimated ecosystem α-diversity by 
correlating spectral heterogeneity with environmental spatial heterogeneity and 
found, Quickbird, ASTER, Landsat ETM+ and re-sampled 60m ETM+ image 
spectral heterogeneity showing correlation coefficient (r) 0.69, 0.43, 0.67 and 0.69 
respectively with ecosystem species diversity. Gould (2000) mapped species 
diversity in the Hood River area in Canadian Arctic, using NDVI variability of TM 
data, which explained 65% to 79% variation using only NDVI and NDVI with 
landcover data respectively. Sobhan (2007) mapped woody species richness in 
Majella in Italy using hyperspectral airborne data with 0.83 goodness of fit 
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(r2=0.83). Nagendra and Gadgil (1999a) made supervised classification of Indian 
Remote Sensing Satellite (IRS) 1B LISS 2 imagery and obtained 7 broad landcover 
classes (though the article title mentions it as species diversity) with 88.8% and 
89.4% accuracy using 68 random points and 246 quadrates data respectively. In 
another study, Nagendra and Gadgil (1999b) using the same IRS 1B LISS 2 data, 
classified 12 landscape ecotypes at Western Ghats-West coast in India with accuracy 
levels ranging from 70.3% to 91.7%. Based on the above mentioned published 
works, we can say that the present work advocates itself to be premier of its kind on 
the topic with highest level of accuracy in diversity mapping. (Worth mention here, 
studies which involve landscape level classification of species diversity have been 
included in the discussion while other studies which involve identification and 
mapping of single species or few species or land cover classification which does not 
necessarily dictate species diversity or richness mapping have been excluded, as 
they are different from present study approach and theme). As there is no study we 
find regarding mapping woody species evenness except Foody and Cutler (2006), 
we can unequivocally justify this work as a significant contribution in remote 
sensing woody species evenness. 

Overlapping the diversity and evenness maps with forest type map of Majella is 
an extra check for the accuracy of produced diversity and evenness maps. We 
noticed in the field, beech forest sustains the majority of the composition as Beech 
(Fagus sylvatica) along with few other species like Pubescent Oak (Quercus 
pubescens) and Linden/Lime (Tilia cordata) especially in the lower altitude 
(800/900-1000/1200m). Therefore majority area of beech forest (34%) belonging to 
the Medium diversity class (with average SDI value 0.65) is reasonable (Table 3.6). 
Further, as beech forest is mostly dominated by Beech (Fagus sylvatica), species 
evenness is Very Low (average SEI 0.40) with 37% of the evenness map falling 
under Very Low class (Table 3.12). black/aleppo pine stands are mainly plantations 
with the species Black Pine (Pinus nigra) and Aleppo Pine (Pinus alepensis) along 
with some other conifers and broadleaved species. Canopy structure of the conifers 
is alike; therefore image spectral variation is less. Majority portion of the diversity 
map of this forest (34%) belongs to Low diversity class (average SDI 0.34). As the 
conifers like black/aleppo pine has small and extensively porous crown, other 
versatile woody species are associated in this forest due to sufficient available 
sunshine; also ground level vegetation contributes to the recorded reflectance. 
Therefore, species evenness of this forest is Very High with majority area (45%) 
belonging to the Very High evenness class. Evergreen Oak wood is composed 
mainly of Evergreen Oak (Quercus spp) with very few other species like Pubescent 
Oak (Quercus pubescens); therefore in this forest, maximum areas fall to the Low 
diversity (39%) and Very Low evenness (48%) classes. hop-hornbeam forest and 
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deciduous oak woods are comparatively more heterogeneous with mix up of several 
other woody species like Mona Ash (Fraxinus ornus), different Mapple (Acer spp), 
Norway Spruce (Picea abies), Tilia/Linden (Tilia cordata), Common Labrum 
(Laburnum anagyroides) and shrubs. Therefore, majority areas of hop-hornbeam 
forest (39%) and deciduous oak forest (34%) belongs to higher diversity areas. Also 
majority areas (38% for both) of these two forest types belong to Very High 
evenness class. Hence, classified TM diversity and evenness maps are in very good 
agreement with each other as well as with the widely used forest type map of 
Majella, which was prepared by park experts in the field. Of course, one thing needs 
mention here is that forest types are very broad vegetation category named by 
dominant species of each and the accuracy of the forest type map is not reported (by 
park authority); therefore can not be relied for high precision. 

Besides, spatial autocorrelation check was done by ArcGIS 9.3 to ascertain the 
existence of autocorrelation in the field data sets.  We did not find any 
autocorrelation in the data for the Shannon Diversity Index (H) for all of the 100 
sample plots (Moran’s I= 0.06 and Z score of the data standard deviation = 0.77). Of 
course, for Shannon Evenenss Index (E), sample points showed a little bit clustering 
behaviour (Moran’s I= 0.12 and Z score of the data standard deviation = 1.43) which 
is acceptable. Therefore, the provided information further testifies that the map 
accuracy obtained is beyond dispute.  

Very high resolution imageries like Quickbird definitively facilitate direct 
identification of species and mapping distribution and diversity, but they incur very 
high cost which might be beyond reach of many researchers and nature managers 
especially in the developing countries. High accuracy obtained by easily obtainable 
imageries like TM and ALOS is without doubt a big advancement in remote sensing 
tree diversity. 
 

4.2 ALOS maps less accurately than TM 
For training ALOS, 10m transect and for TM, 30m transect data were used. 

Question might arise, is 10m plot/transect size enough to capture the woody species 
diversity information of an area? We would attempt to link the spectral variation 
hypothesis (SVH) (Palmer et al., 2002) here to find the answer of this question. SVH 
states that, higher the spatial variation within the environment, higher the spectral 
variation (variation in remotely sensed spectral response) which in turn relates to 
greater ecosystem heterogeneity or species richness/diversity. Simply spoken, areas 
with higher spectral variation in the remotely sensed data (which can be estimated 
from the imagery by using standard remote sensing software) will support higher 
species diversity.  
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Rocchini et al., (2004) using SVH at varying spatial scale to estimate species 
richness observed that variation in plant diversity is related to the spectral properties 
of the environment and scale dependent. And of course, it is established that 
ecological processes functions at different scale (Dungan et al., 2002). Palmer et al., 
(2002) correlated spectral heterogeneity with species richness and hypothesized that 
spectral variation will better predict species richness at micro-scale than at macro-
scale. He also supposed that spectral heterogeneity holds promise for species 
richness mapping and “The weakness of the correlation may be due, in part, to 
inaccuracies in geo-referencing, differences between the time of image and that the 
sampling, and inherent variation in species richness of small plots”. On the contrary, 
Rocchini et al., (2004) in a later development explicated that spectral variation is 
less captured at macro-scale than at micro-scale. He found the spectral heterogeneity 
explains 20% variation of species richness at micro-scale (100m2) and nearly 50% at 
macro-scale (10000m2 or 1 ha.). Therefore, we argue from these facts that variation 
in remotely sensed spectral response or in turn environmental variation or ultimately 
variation in species diversity are better captured at 30m scale than at 10m scale. 
Hence, TM produces woody species diversity map more accurately than ALOS.  

However when direct approach of species diversity and evenness mapping is 
involved, spectral heterogeneity proposition might not hold true, because this 
approach identifies the individual trees and map their distribution directly from 
imagery. Combined distribution map of all the under consideration species gives the 
species diversity/richness map (e.g. Sobhan, 2007; Carleer and Wolff, 2004). But 
indirect approaches such as this study, where the focus is mainly on mapping woody 
species diversity as the assemblage or overall pattern of diversity by using surrogate 
measure (e.g. diversity index), and spectral heterogeneity proposition absolutely 
holds fit. Besides, woody species generally possess wider canopy; thus very few 
trees may occupy the whole space of a 10m plot. In the worst case, if the canopy of 
species are extensive in nature, even one single individual may occupy lion’s share 
of the 10m plot space; consequently species diversity of that plot would be very low 
or zero (0). (Average canopy diameter of some medium aged species in Majella like 
Beech, Pubescent Oak, Black Pine, Hop-hornbeam, Linden and Ash are roughly 6.5, 
7, 4, 6, 5.3 and 5.8 meters respectively). On the other hand, a 30m plot is enough to 
capture at least several big woody species, indicating higher diversity index. In 
addition, although a total of 24 woody species were found in all the 100 surveyed 
sample plots, woody species average canopy in Majella is structurally simple, 
homogeneous with monotonous continuation of similar canopy over extensive areas. 
Therefore, definitively, it would be difficult to detect variation in canopy structure 
(spectral heterogeneity) by satellite data at very smaller scale (like 10m plot). As we 
know, each of the objects has its own reflectance properties, individual woody 
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species with their own reflectance capacity must have significant contribution on 
above canopy reflectance recorded by space-born sensors to detect the variability 
among them. Wider canopy unit (as such 30m plot) elements (species) have greater 
chance to contribute individually on the above-canopy reflectance variability. These 
explain partially why lower spatial resolution TM imagery captured woody species 
diversity and evenness more accurately than higher resolution ALOS imagery. 

 Another cause of less accuracy for ALOS than TM might be due to the 
selective availability error (SA error) of the iPAQ GPS used in the study affecting 
ALOS more than TM. SA error of normal GPS is the deviation of coordinate 
positions from their true position. This problem could possibly be eliminated by 
using differentially corrected GPS (DGPS) but this study could not avail the DGPS 
facility due to limited logistic and financial support (but we find numerous examples 
of vegetation studies using handheld GPS in recognized peer reviewed journal 
articles even in Majella e.g. van Gils et al., 2010; Cho and Skidmore, 2009; van Gils 
et al., 2008; Cho et al., 2007; Boteva et al., 2004).  Maximum SA error for normal 
GPS is 10m, although our experience in the field indicated 1 to 5m (also 
experienced by Dr. Hein van Gils, an ITC faculty working in Majella for several 
years) depending on the surroundings. In the deep forest, off course, the SA error 
varied in its normal range (up to 10m). Consequently the effect of SA error was 
more in ALOS than TM due to their differential spatial resolution and training data 
plot size. Maximum deviation due to GPS SA error (10m) incurs displacement of 
field plot centre 10m away from the true centre in any directions, indicating 
remotely sensed information totally different from diversity information of original 
10m plot size, though sudden change of vegetation composition is not noticed in 
such close proximity in nature. For TM imagery that is to say 30m plot size, 
deviation of true plot location in satellite data will not affect significantly. Our field 
experience and result strongly support the idea that 10m plot size was really not a 
feasible spatial unit to link woody species diversity with satellite data.  

Overall accuracies of diversity maps of both imageries are quite high, if not 
100%, in comparison to others work on the issue. Accuracy more than what is 
achieved could not be materialized due mainly what we anticipate to errors in geo-
referencing imageries, deviation of the plot coordinate positions due to selective 
availability error of the handheld GPS machine, inherent variation in species 
diversity in the plots and difference in field plot diversity information with the 
remotely sensed information due to overcast of some dwarf tree canopies by 
dominant tree canopies. From the field experience it was noticed that in many of the 
surveyed plots, several individual trees were dwarf with their canopies overcast by 
wider canopies of dominant trees. Although they were tree species, they did not 
have contribution in the over-canopy reflectance, hence not recognized by the sensors. 
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Image spectral resolution (number of bands) is a crucial factor to compensate 
for its lower spatial resolution in the study of species diversity (Rocchini, 2007).  He 
(Rocchini, 2007) found, Quickbird and re-sampled 60m Landsat ETM+ imageries’ 
spectral heterogeinity when correlated with species richness, both came up with 
same correlation coefficient of 0.69 (r=0.69); where Quickbird has 2.88m spatial 
resolution with 4 multispectral bands while re-sampled 60m ETM+ has 6 bands. On 
the contrary, in the same study, ASTER imagery showed less correlation coefficient 
(r=0.43) despite possessing higher spatial (15m and 30m) and spectral resolution (9 
bands used). Therefore, higher spatial resolution or pixel size is not the only 
determining factor, as widely celebrated concept, for high accuracy mapping of 
species diversity. In fact, image spectral variability is scene and sensor dependent 
(Rocchini et al., 2007; Mehner et al., 2004; Woodcock and Strahler, 1987). 
Nagendra (2001) dealing with image classification for vegetation diversity study 
noted that, if the spatial resolution is too high than the object to represent, variability 
may increase and image classification accuracy decrease. Besides, the widely 
believed concept that higher spatial resolution generates higher mapping accuracy is 
not true for all environments and mapping scales (Rocchini, 2007). It is not absurd 
to mention here that even hyperspectral  HyMap data (126 bands, 4m) could not 
estimate grassland biomass with high accuracy (>50%) in the same national park 
Majella (Cho and Skidmore, 2009). These known facts are congruent with the 
finding of the present study. ALOS imagery posse 10m spatial resolution with 4 
spectral bands while TM has 6 bands (used) with 30m spatial resolution. Ecosystem 
spatial heterogeneity and in turn species diversity and evenness were better recorded 
(as image spectral heterogeneity) by TM than ALOS due to the inherent 
characteristic of the sensor and possessing higher spectral resolution (and as 
diversity is scale dependent- Rocchini et al., 2007) TM showed superiority over 
ALOS on mapping accuracy of woody species diversity and evenness (as spectral 
variation is scene and sensor dependent) in the present context of vegetation 
structure (scene) in Majella.   

Further, the overall accuracies drops while 4 bands of TM are used (TM_4) than 
6 bands (TM_6), though the difference is insignificant for most of the combinations 
in both diversity and evenness maps, and significant for very few combinations for 
diversity map. The overall accuracies obtained using 4 bands of TM (TM_4) are still 
higher than those obtained using all bands of ALOS in most of the combinations for 
both diversity and evenness, though the differences are insignificant for diversity 
and significant in some combinations for evenness. These findings testify that 
number of bands (spectral resolution) of imageries is a contributing factor in the 
mapping accuracy of diversity and evenness of woody species. These evidences also 
testify that inherent characteristic of TM to catch diversity and evenness is better 
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than ALOS, besides number of bands; as the accuracies are still higher using 4 
bands of TM (TM_4) than ALOS. 
 

4.3 Environmental layers increase accuracy 
Imageries alone could not produce high accuracy map due possibly to similar 

spectral response from different species (e.g. Yang et al., 2007) as different plants 
respond to electromagnetic spectrum differently (Verbyla, 1995); also as 
homogeneous canopy structure exist in Majella. All species can not be separated 
easily by remote sensing (Price, 1994). However, it is not surprising that ancillary 
environmental data increases the map accuracy tremendously. In fact, effect of 
various topographic or climatic factors on vegetation e.g relief, elevation, terrain 
shape, energy, evapotranspiration, latitude etc are well documented over centuries, 
as mentioned earlier. Further, altitudinal gradation of vegetation composition and 
distribution is conspicuous in Majella (as detailed in study site description). 
Environmental data layers like elevation, slope, aspect and solar radiation that we 
used in this study affect woody species diversity directly or indirectly, the result of 
which is obvious in the obtained map accuracy. However, present study findings 
indisputably tally with some of the published texts on similar matter. O’Brien et al., 
(2000) studied the climatic gradients in woody plant diversity and noted that when 
relief is added as a third variable in the model, explanatory power (R2) increases to 
7-12%. Gould (2000) mapped species richness in the Hood River area in Canadian 
Arctic, using NDVI variability of TM data, which explained 65% variation in 
species richness by correlation while only imagery was used and 79% variation 
while NDVI was jointly used with vegetation map of the area. Schmidt et al., (2004) 
reported overall map accuracy promotes from 40% to 66% (26% increase) when 
topographic layers (elevation, slope, aspect and terrain position) were included with 
image in coastal saltmarsh vegetation mapping in the Netherlands. Yang et al., 
(2007) found mapping accuracy increases 14% and 15% in two different classifiers 
to map forest types at Yunnan province in China. Janssen et al., (1990) documented 
12% and 20% increase in accuracy of land-cover classification by remote sensing 
data in two different agricultural regions in the Netherlands. Franklin et al., (1994) 
reported that classification accuracy had increased from 62% while used only TM 
image to 73% while DEM was incorporated to map alpine vegetation in Canada; and 
identification of species increased from 81 to 91%. In another study Franklin (1994) 
indicated when DEM was incorporated, forest classification accuracy increased from 
96 to 97% while species identification accuracy increased from 91 to 100%. In fact, 
effect of topographic and climatic factors on vegetation is well known but less used 
in mapping their diversity and evenness. 
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4.4 Multicollinearity 
Some bands were excluded in the NN for both diversity and evenness to avoid 

problems of multicollinearity among some of the bands of TM and ALOS and to see 
how it affects the accuracy. This practice, however, is not a new phenomenon and 
exercised in several publications referring to the application of satellite data for 
various purposes e.g. forest biomass assessment (Jong et al., 2003), forest inventory 
(Salvador and Pons, 1998), crown cover estimation (Xu et al., 2003), vegetation 
mapping (Brook and Kenkel, 2002), forest diversity mapping (Cayuela et al., 2006) 
etc. Our findings indicate that when multicollineared bands of TM (band 3 and 5) 
and ALOS (band 3) are not used in the NN, the accuracy of diversity map is not 
affected significantly for both the imageries and in case of both diversity and 
evenness. For TM, removing multicollineared bands reduced the accuracy 
significantly for only 2 pair combinations (Table 3.3) in diversity mapping; for all 
other cases, accuracy reductions were not significant for both cases of both 
imageries.  The cause of the phenomenon is due to the fact that all bands of the 
imageries are not equally important for species diversity mapping. It is well 
established that some bands are good for estimating biomass and growth (e.g. Boyd 
et al., 2002; Wang et al., 2005; Lasaponara, 2006).   Recently Rocchini et al., (2007) 
compared the correlation of 4 bands of Quickbird multispectral imagery with 
spectral heterogeneity for species richness estimation and found that the near infra-
red band (band width 0.76-0.90μm) explains 41% variation in species richness, the 
highest among all other 3 bands (24%, 28% and 25% respectively for bands red, 
green and blue). They concluded that the potential of Quickbird imagery for species 
richness estimation is for the near infra-red band rather than three other redundant 
visible bands. Our study finding, as why removal of multicollineared bands does not 
significantly reduce the accuracy, tally fully with these findings. Band width of near 
infra-red band of Quickbird (band no 4, width 0.76-0.90μm) exactly coincides with 
Band no 4 of TM (0.76-0.90μm) and ALOS (0.76-0.90μm), which is the main 
contributor of estimating species diversity. Near infra-red (Verbyla, 1995), middle 
infra-red (Everitt et al., 1987) bands are strongly recommended for species 
discrimination.  This band did not show multicollinearity problem for both imageries 
and thus was included in all the input layer combinations in NN. That’s why big 
difference in accuracy was not obtained for majority of the combinations with and 
without multicollinearity. Therefore, our assessment is that while remote sensing 
woody species diversity and evenness is involved, as by this approach, one should 
not concern about the multicollinearity problem in image bands (as far as image 
principal band for catching vegetation diversity is not excluded, as in this case band 
4), as presence of multicollinearity does not significantly affect accuracy. 



 
 

41 

4.5 Field sampling 
The method we applied to train 30m spatial resolution TM data by 30m plot 

size diversity information and 10m spatial resolution ALOS data by 10m plot 
diversity information, both plots having the same centre, does not require the 
imageries to be re-sampled to a common spatial resolution to evaluate their mapping 
accuracy. We did not find sound literature on whether re-sampling reduces the 
image quality although both up-re-sampling (Yamamoto et al., 2009; Edenius et al., 
2003) and down-re-sampling (e.g. Rocchini, 2007; Sobhan, 2007) has been 
performed in similar studies. But it is anticipated that by downscaling, image’s 
inherent capacity is deteriorated. We kept the spatial resolution of the imageries 
intact during training in the NN as their original; therefore variation in mapping 
accuracy by them is due to their inherent capacity to catch species diversity and 
evenness.   

A riddle needs highlight at this point, as associated with values of diversity and 
evenness indices due to unequal field plot sizes. Differential size of the field sample 
plots used in this study to train individual imageries might have implications too, to 
an extent, in the variation of respective Shannon diversity and evenness values. As 
an example, Shannon diversity index (SDI) for 30m plot size is 0.71 and for 10m 
plot is 0.97 in field plot no 1. In field plot no 2, SDI is 0.76 at 30m plot size while 
for 10m plot the value is 0.51. The second fact is reasonable as diversity should be 
higher at bigger area units and lower at smaller area units. But for the first case, the 
matter is a little bit crafty. Here, SDI value is greater at low plot area and lower at 
bigger plot area. Of course, this trend is not true for majority of the sample plots. In 
reality, count of the species at each size of plot (and so respective Shannon diversity 
and evenness values) varies with the orientation of the line transects with respect to 
the spatial distribution and arrangement of available species in field plots. And so, 
the Shannon diversity and evenness indices values will vary with respect to the 
layout of the two transect lines in each plot. Thus, different transect layouts will 
produce different diversity and evenness indices values due to variation in species 
composition along each alternative layouts in the same plot. That is to say, different 
transect layout will have different indices values in the same plot.  Furthermore, in 
nature, arrangement and spatial pattern of occurrence of species varies at different 
spatial scales, say from the plot centre. In some cases, species show gregariousness 
in occurrence while in other cases sparsely distributed in the plots. Even both 
situation, i.e. gregariousness and sparseness can coexist in the same plot but at 
different spatial scales with even barren space in-between. Therefore, if species 
assemblage exists near the plot centre, then at smaller spatial scale (i.e. 10m), 
calculated species diversity values may be higher than that from bigger spatial scale 
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(i.e. 30m), as the smaller scale area can accommodate major portion of the species 
assemblage; thus high diversity and evenness values. For many of the sample plots, 
we experienced this situation in the field. Of course, when similar pattern of 
gregariousness occurs uniformly throughout the largest spatial extent under 
consideration (i.e. in our case 30m), opposite fact will hold true i.e. bigger plot size 
definitely will have higher index values which is normal.  

When uniform spatial plot size ground data is used for training differential 
spatial resolution imageries, imageries must be re-sampled to a common pixel size 
corresponding to ground sample plot (as we see in some studies); and thus intra-plot 
variation in measuring values of indices of diversity and evenness are not concerned, 
but re-sampling (we don’t say categorically as no supporting literature exist) reduces 
the inherent capacity of higher resolution imageries. To train various spatial 
resolution TM and ALOS imageries with field data by keeping the spatial resolution 
as they are, we found this sampling strategy as the best alternative despite having 
controversy in the diversity and evenness indices values at same as well different 
spatial scales within the field plot as indicated above. Worth taking note here that 
the variation in woody species diversity and evenness information within the plot at 
different spatial scale will not affect the accuracy of classified imageries as each 
pixel represent the spatial ground unit as a whole and irrespective of transect layout 
for ground field data. Furthermore, if we consider the data sets of 10m and 30m plot 
sizes having same plot centre as independent (and it is so in this study), they will be 
classified as different diversity and evenness classes according to recorded 
respective species composition as a whole irrespective of layout of transects inside. 
To say more explicitly, as in previous example of plot number 1, SDI value of 30m 
plot is 0.71 which falls under Medium diversity class (SDI value range 0.64-0.94); 
on the other hand SDI value of 10m plot is 0.97 which falls under High diversity 
class (SDI value range 0.96-1.14), although both of the plots are eccentric. 
Therefore, same cantered ground data or pixels may be classified under different 
diversity levels (also evenness) independently with respect to the spatial unit (pixels) 
of imageries. Hence intra-plot variation of indices values (as discussed) will not 
affect the map accuracy. This, in turn, relates to our discussion of fact (done earlier) 
that species diversity is scale dependent; also variation in remote sensing capacity of 
species diversity is dependent on inherent capacity of the imageries and their spatial 
and spectral resolution. But care should be taken during setting layout of the transect 
lines in each plot so that they can reflect real species composition of the plot without 
over or under estimating species information of that plot; and similar trend should be 
maintained for all spatial scales of that plot (i.e. 10m or 30m). 

This study could not avail ALOS and TM imageries acquired at the same data 
(synchronized) or with very narrow lag of acquisition dates as ALOS data is not free 
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to obtain and not available before 2006 (launched on Jan 24 ‘06) while TM data not 
available after 2003. Two imageries of ALOS acquired on 15 July’07 and 20 July 
’09 were available at ITC for students use. Therefore, to minimize year gap between 
acquisition dates of two imageries, we used ALOS of 15 July’07 with TM of 27 
Sep’03. However, we find instances of vegetation studies with such year gap of 
image acquisition in the existing literature. Moreover, 4-years are not a significant 
time for occurring significant change in nature, especially in woody species 
composition and structure of a geographical area unless catastrophic events happen. 
Therefore, we do not expect significant variation in map accuracy due to non-
synchronized ALOS and TM acquisition date. 
 

4.6 Ecological implications 
Current study typically focuses on mapping woody species diversity and 

evenness of a central Italian forest area as the principal endeavour. However, some 
ecological facts were revealed as the by-output of the whole research process. Study 
site in Majella is a mountainous landscape with mount Morrone (second highest 
peak) passing through the centre of it. Altitude is a principal regulatory factor 
governing the distribution and diversity of vegetation in the region (which is also 
documented by other studies e.g. Stanisci et al., 2005). Change in diversity is less 
prominent at lower altitude than at higher altitude. Vertical gradation of vegetation 
with altitude is very evident, and noticed in the spatial extension and arrangement of 
typical forest types as a broad pattern; so as the species diversity and evenness. As 
example, beech forest was found confined to the specific phytoclimatic belt 
Montane (900/1000-1600/1700 m) with average SDI 0.65, belonging to Medium 
diversity class. Deciduous oak woods are mainly found below 900m altitude in the 
sub-Mediterranean belt with average SDI 0.72, belonging to High diversity class.  
Diversity and evenness classes vary widely with the forest types due mainly to other 
associated species in each type beyond the dominant one, along with altitude. As for 
example, highest average SDI (1.14) and SEI (0.82) were found in the hop-
hornbeam forest situated at wide altitudinal range (500-1200m) while lowest 
average SDI (0.52) and SEI (0.34) were found in the evergreen oak woods situated 
in the lower altitude (up to 500m). Of course that does not necessarily mean that 
woody species diversity is high at the higher altitude and low at the lower altitude. 
Rather the opposite trend (decreases of species diversity with altitude) is true. 
Indeed, generally say, the Mediterranean (<500m) and sub-Mediterranean (500-
900m) phytoclimatic belts are the most species rich and even with different species 
while Montane belt (900-1600m) is the least with solely dominated by Beech (Fagus 
sylvatica). The forest types are basically broad categorization of the woody 
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vegetation of the park, each of them occupying broad altitudinal ranges, and scale of 
that variation as ‘forest stands’ is wide too. For example “beech” is short for broad-
leaved mesophilic deciduous forest; mostly beech but at lower altitudes (e.g. 800-
1000m) mixed with e.g. maples (Acer spp), Pubescent Oak (Quercus pubescens) and 
Linden/Lime (Tilia cordata). As the altitudinal range of occurrence of some of the 
forest types overlaps, so variation in average SDI or SEI values of each of them 
basically does not narrowly attribute to altitude but very broadly. But variation of 
the diversity and evenness of woody species among the forest types is distinct (Jiang 
et al., 2007). Of all forest types, hop-hornbeam forest is the most diverse and even 
while evergreen oak woods are the least diverse and even. 

We revealed good agreement between the produced diversity and evenness 
maps while they are overlapped with the forest type map of Majella. Broadly, areas 
with high woody species diversity overlap with areas of high species evenness. 
Mentionable as example, majority portion of hop-hornbeam forest belongs to high 
diversity (32%) and evenness (38%) class with highest average value of SDI (1.14) 
and SEI (0.82). This phenomenon is, of course, very much usual. Plots or areas with 
more number of species will definitely count for higher diversity and evenness as 
diversity and evenness go concurrent to each other.  

Level of influence of independent climatic and topographic factors (site factors) 
regulating plants’ life, diversity and distribution varies from each other. Some 
elements are more important than others. Therefore, environmental layers used in 
the study, which can also be termed as site factors regulating vegetations’ life have 
dissimilar affect on diversity and evenness of woody species, finally on produced 
map accuracy.  Slope proved to be the most influential factor affecting map accuracy 
of woody species diversity for both TM and ALOS imageries while for evenness, 
solar radiation was the most important regulatory factor for both imageries.   

The level of diversity and evenness we get in Majella is not high in comparison 
to some other studies. Jiang et al., (2007) reported average Shannon-Weiner index 
value as 2.03 in deciduous broadleaved forest and 1.90 in temperate evergreen 
coniferous and deciduous broadleaved mixed forest in northwestern China. Jing et 
al., (2004) documented SDI ranging from 0.92-1.96 and SEI from 0.15-0.46 at 
different altitude belts (1100-1700m) in a coniferous forest at Changbai 
mountainous landscape in northeast China. Marsden and Pilgrim (2003) studied tree 
diversity of two lowland rainforest sites on New Britain in Papua New Guinea and 
reported SDI value at different habitats ranging from 1.63 to 2.38. Therefore, we can 
say that woody species diversity in Morrone is comparatively neither high nor low, 
rather of an intermediate level. 
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Chapter 5: Conclusion and recommendation 
5.1 Conclusion  

The study demonstrate that remote sensing and environmental data can be 
effectively used to derive accurate information regarding woody species diversity 
and evenness (two integral components of biodiversity) of an Italian, relatively 
homogeneous (up to 24 species) forest site. At this point answers of the research 
questions need evaluation.  
Question 1: Can TM and ALOS imageries be used for mapping woody species 

diversity and evenness? 
We mapped the woody species diversity and evenness of Majella by TM and 

ALOS imageries with high accuracy. Accuracy level obtained is beyond dispute as 
training and accuracy assessment were done by independent data sets which are not 
spatially auto-correlated. Accuracy assessment was done by standard and widely 
used method by generating error matrix.  
Question 2: Which image produces more accurate woody species diversity and 

evenness maps, TM or ALOS? 
TM produces woody species diversity and evenness maps with higher accuracy 

than ALOS imagery. Comparison of the overall accuracies and respective Kappa 
statistic of produced diversity and evenness maps shows TM outputs are more 
accurate than ALOS.   

Question 3: Does the ancillary environmental data (elevation, slope, aspect, solar 
radiation) significantly improve the mapping accuracy of woody 
species diversity by satellite data?  

Our results suggest that relatively simple incorporation of ancillary 
environmental data very significantly increases the accuracy of both species 
diversity and evenness maps. In some cases the accuracy was multiplied itself to 
double when all the input layers were jointly used in NN classifier.  
Question 4: How the woody species diversity and evenness do vary with forest types 

and altitude gradients? 
Variation of diversity and evenness is prominent with forest types and altitude. 

At higher altitude, overall pattern of woody species diversity and evenness is less 
than at lower altitude.  

Findings of this study includes: i) Both TM and ALOS imageries can be used 
for mapping woody species diversity and evenness with high accuracy ii) Imagery 
with higher spatial but lower spectral resolution does not produce higher accuracy 
species diversity map; rather coarser spatial resolution imagery with higher spectral 
resolution produces woody species diversity and evenness maps with higher 
accuracy iii) Use of ancillary environmental data along with satellite data 
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tremendously increases the mapping accuracy of  woody species diversity and 
evenness iv) Presence of multicollinearity among some of the bands of both 
imageries does not significantly reduce or enhance the mapping accuracy of both 
richness and evenness, but above all reduces the accuracy at least to an extent v) 
More number of bands (higher spectral resolution) of TM is a contributing factor to 
achieve higher mapping accuracy than ALOS vi) Woody species diversity and 
evenness in Majella vary with forest types and altitude. 

Woody species diversity and evenness map can have significant implications in 
conservation planning and protection of wilderness especially in the areas where 
there exist huge pressure of rapid road expansion, resource extraction, urbanization, 
and deforestation. Rapid assessment and monitoring of plant diversity at larger 
geographical scale is ‘critical’ for conservation planning but we lack methods (Bawa 
et al., 2002). Field surveys for large scale estimate of vegetation diversity are 
unsuitable, uneconomical, inconsistent, frequently unrepeatable and not feasible 
methods. When wider scale e.g. regional, national or global estimation of plant 
diversity is concerned, remote sensing might proof economical, easily obtainable, 
regularly repeatable and superior than any other methods. Remotely sensed data are 
biologically relevant, spatially extensive, calibrated and therefore temporarily 
consistent.  

The approach presented in this paper maps woody species diversity and 
evenness pattern with high accuracy that would be replicable at larger scale. No 
study has included both species diversity and evenness together, and combined 
environmental data with the satellite data by this approach, as we did; thus 
promoting the study as a premier on the issue. The approach presented in this paper 
is to supplement rather than replace the existing methods of mapping species 
diversity. But we confidently believe that this approach exerts superiority over other 
existing approaches of mapping pattern of woody species diversity due not only to 
highest accuracy obtained till date but also its easiness to implement and 
operationalize over wider geographical areas. 
 
5.2 Recommendations 

Woody species diversity information from 100 field samples was used in this 
study for training and validation while the area coverage is not so extensive (170 
km2). Replication of the approach for wider geographical areas wood necessitates 
large number of field sample plot survey, which is quite difficult, time consuming 
and unrealistic. Further study can be carried out to cover larger areas with 
reasonably less number of field sample data to investigation how the accuracy 
fluctuates against present findings. Of course, too less number of samples in relation 
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to the study area may prove ineffective as O’dae et al., (2006) observed significant 
difference in accuracy to estimate species richness (bird) from limited sample; and 
Clémentine (1998) concluded, whatever is the sampling strategy, estimation of 
species richness depends on sample size.  

Imageries like ASTER are freely obtainable, has fairly high spatial resolution 
(15 to 30m) and spectral resolution (15 bands), which might prove better than both 
ALOS and TM in estimating woody species diversity. Present approach may be 
applied to ASTER imagery. Although Rocchini (2007) reported ASTER is less 
efficient in linking spectral heterogeinity to species diversity/richness (r= 0.43), it is 
yet to be tested by NN approach presented in this paper. We expect much better 
accuracy by ASTER in NN due to its higher spectral resolution.  

Other versatile ancillary environmental data like topographic (e.g terrain 
position), climatic (temperature, precipitation, potential evapotranspiration) and 
other (e.g. landcover) related to plant growth and distribution can also be 
incorporated in the NN as input layers to examine their contribution in mapping 
accuracy. It can be recalled that this study used only four ancillary environmental 
layers (elevation, slope, aspect and solar radiation).  

The study could not avail differentially corrected GPS system (DGPS) for 
recording plot coordinates due to limited per capita instrumental support available at 
ITC. But we feel that it might be an important factor affecting map accuracy and 
further study (if launched) should avail DGPS in the field campaign. 
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Appendices 
Appendix 1: Multicollinearity assessment 

Layer Collinearity Statistics 
Tolerance VIF 

DEM .340 2.941 
SLOPE .531 1.883 
ASPECT .485 2.061 
SOLAR RADIATION .313 3.194 
TM BAND 1 .160 6.269 
TM BAND 2 .131 7.660 
TM BAND 4 .281 3.558 
TM BAND 6 .200 5.010 

 
Appendix 2: Multicollinearity assessment for ALOS  

 Layer 
Collinearity Statistics 
Tolerance VIF 

 DEM .387 2.583 
ASPECT .651 1.536 
SLOPE .592 1.689 
SOLAR RADIATION .495 2.022 
ALOS BAND 1 .121 8.266 
ALOS BAND 2 .140 7.126 
ALOS BAND 4 .340 2.943 
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