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Detection and prediction of biodiversity patterns as a rapid assessment tool in the 

tropical forest of East Usambara, Eastern Arc Mountains, Tanzania 

Nina Sengupta 

Abstract 

As a strategy to conserve tropical rainforests of the East Usambara block of the Eastern Arc 

Mountains, Tanzania, I developed a set of models that can identify above-average tree species 

richness areas within the humid forests.  I developed the model based on geo-referenced field 

data and satellite image-based variables from the Amani Nature Reserve, the largest forest sector 

in the East Usambara. I then verified the model by applying it to the Nilo Forest Reserve.  The 

field data, part of the Tanzanian National Biodiversity Database, were collected by Frontier-

Tanzania between 1999 and 2001, through the East Usambara Conservation Area Management 

Program, Government of Tanzania.  The field data used are rapidly collectible by people with 

varied backgrounds and education.  I gathered spectral reflectance values from pixels in the 

Landsat Enhanced Thematic Mapper (Landsat ETM) image covering the study area that 

corresponded to the ground sample points.  The spectral information from different bands formed 

the satellite image-based variables in the dataset.  The best satellite image logistic regression and 

discriminant analysis models were based on a single band, raw Landsat ETM mid- infrared band 

7 (RB7).  In the Amani forest, the RB7-based model resulted in 65.3% overall accuracy in 

identifying above average tree species locations.  When the logistic and discriminant models 

were applied to Nilo forest sector, the overall accuracy was 62.3%.  Of the rapidly collectible 

field variables, only tree density (number of trees) was selected in the logistic regression and the 

discriminant analysis models.   Logistic and discriminant models using both RB7 and number of 

trees recorded 76.3% overall accuracy in Amani, and when applied to Nilo, 76.8% accuracy.  It 

is possible to apply and adapt the current set of models to identify above-average tree species 

richness areas in East Usambara and other forest blocks of the Eastern Arc Mountains.  

Potentially, managers and researchers can periodically use the model to rapidly assess, monitor, 

update, and map the tree species rich areas within the forest. The same or similar models could 

be applied to check their applicability in other humid tropical forest areas.
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This research is about building models (or systems); 

thought this will be an appropriate reminder : 

 

 

 

 

 

 

 

Systematize we must, 

but even in making and holding the system, 

we should always keep firm hold 

on this truth 

that all systems are 

in their nature 

transitory and incomplete. 

       Shri Aurobindo 
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1.0 Introduction 

Areas under the tropical humid forests that house two-thirds of all terrestrial species (National 

Academy of Sciences 1980) have been halved within the last fifty years (Myers 1984).  

Estimates show that between 1990, the Kyoto Protocol base year, and 1997, humid tropical 

forests were deforested at an annual rate of 5.8 ±  1.4 X 106 hectares (Achard et al. 2002) or 

higher (Food and Agriculture Organization 2001).  This deforestation has led to a marked 

reduction in open and dense natural forests.  In the face of such rapid changes, biodiversity 

conservation in tropical forests requires the following four key skills: to quickly and accurately 

delineate existing forests, to assess changes in their cover over time, to identify biodiversity 

patterns within forests, and to understand underlying ecosystem functioning for early detection 

of ecosystem responses to natural or human-induced alterations.   

 

Improving the ability to precisely differentiate between forested and non-forested areas, using 

remote sensing data, at various scales is still one of the major research issues in both tropical and 

temperate regions (e.g. Wolter et al. 1995; Jeanjean and Achard 1997; Mayaux and Lambin 

1997; Shimabukuro et al. 1998; Pelkey et al. 2000; Blinn et al. 2002; Sgrenzaroli et al. 2002).   

To detect changes in forest cover quickly it is necessary to delineate forest cover over time.  

Only a few studies have estimated forest cover changes; these have had varied, and even 

disputed, results (Hays and Sader 2001; Stokstad 2001).  Jenkins et al. (2003) emphasized the 

need for a program to regularly and consistently document changes in biodiversity and natural 

habitats.  While research to delineate forests, identify different types of forests, and detect 

changes in forest covers over time is continuing, scientists and managers are focusing on 
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detecting and understanding the underlying causes of the spatial patterns of species distribution 

within forests.  This, in turn, will aid precision forestry operation and conservation (e.g. Conduit 

1996; Trisurat et al. 2000; Franco-Lopez et al. 2001).   

 

A continental or regional scale study revealed a high congruence of species-rich areas of 

different taxa (Myers et al. 2000).  The authors and their colleagues at Conservation International 

(CI), a leading Non Government Organization (NGO), defined the term “hotspots” for areas that 

host exceptionally high concentrations of endemic species (of primarily plants) but have 

experienced massive habitat loss (Myers 1988; Mittermeier et al. 1998; Myers et al. 2000).  Each 

hotspot contains at least 0.5% or 1,500 of worlds known plant species as endemics (Mittermeier 

et al. 1998; Myers et al. 2000).  The scientists identified 25 such hotspots and recommended that 

they be conserved on a priority basis (Myers et al. 2000).  The majority of these hotspots, 

including the Eastern Arc Mountains in Tanzania, are tropical rainforests.  Together, the hotspots 

include 44% of all known vascular plants, and 35% of all known species of mammals, birds, 

reptiles, and amphibians (Myers et al. 2000).  High biodiversity areas have been prioritized for 

conservation by other leading groups, including the World Wide Fund for Nature (WWF) (Olson 

and Dinerstein 1998), Birdlife International (Bibby 1998), the World Conservation Union 

(IUCN) (WWF & IUCN 1994 -1997), the World Resources Institute (WRI) (Ayensu et al. 1999), 

and The Nature Conservancy (TNC) (TNC 1997; Groves et al. 2000).  Broadly, the high 

biodiversity areas identified by these different conservation groups match with each other and 

with Myer et al.’s (2000) hotspots (da Fonseca 2000; Redford et al. 2003).   
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However, most conservation decisions are made at finer geographic scales than hotspots or eco-

regions (Mace et al. 2000).  In addition, there is a need to develop and adopt techniques that 

allow assessment both at finer and larger scales.  Therefore, it is necessary to develop scale-

independent techniques that allow researchers and managers to assess biodiversity patterns 

within hotspots (Mace et al. 2000).  Such techniques need to be procedurally simple for easy 

replication within or outside protected areas, especially where trained personnel and/or recent 

baseline data are rare.   

 

The assessment of biodiversity patterns in rainforests would be enhanced if, at local scales 

species-rich areas of a few indicator taxa typically overlapped with areas of rare and endemic 

species of their own taxonomic group and high biodiversity areas of other taxa.  Unfortunately, 

there typically is little or no such overlap (Burbidge et al. 1992; Prendergast et al. 1993; Lawton 

et al. 1994; van Jaarsveld et al. 1998).  The exception may be in tropical forests acting as refugia, 

which may show relatively high overlap in species-rich or endemic species-rich areas.  Further, 

both primary and secondary habitats of an indicator taxon together include the rarity/endemic 

areas of that taxon and high diversity areas of other taxa (Williams et al. 1996; Balmford et al. 

1996a; Balmford et al. 1996b; Balmford and Gaston 1999).  However, due to widespread habitat 

loss, many species currently exist in the peripheries of their original ranges (Lomolino and 

Channell 1998; Brooks 2000; Channell and Lomolino 2000).  These peripheral habitats may 

actually be secondary habitats to some species.  Determining an appropriate indicator taxon (or 

taxa) and identifying all primary and secondary habitats for the selected taxon (often from 

existing data collected for very different purposes) may be the only widely available practical 

means to identify high-biodiversity areas for conservation (Balmford 1998; Howard 1998).  
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However, mapping current ranges of species is itself difficult (Gaston 1994).  Even when 

possible, determining and mapping primary and secondary habitats of indicator taxa are not 

quick or easy tasks, especially within rainforests.   

 

In tropical forests, trees provide habitats and/or resources for almost all other forest species (e.g. 

Hall and Swaine 1976; Huston 1994; Whitmore 1998).  Therefore, the development of a simple 

model that could roughly suggest the locations of tree species-rich areas within rainforests may 

be a first step toward helping managers and researchers make more informed decisions about 

conservation of trees and the forest species that closely associate with them.  The process of 

identifying tree species-rich areas can be rapid if the models are able to use satellite image-based 

variables, possibly integrated with some rapidly collectable field data.  Formulating such a model 

or a set of models is my primary goal in this dissertation.   

 

If satellite images could be used in formulating models, it would substantially reduce time for 

forest assessment.  Research that uses remote sensing or satellite images in tropical forest areas 

at local scale often classify areas under forest into several habitat classes (Hill 1999; Muchoney 

et al. 2000; Trisurat et al.  2000; Roy and Joshi 2002).  Many also correlate the classified habitat 

or forest categories to the abundance of certain species, groups of species, or taxa of interest 

(Raven et al. 1995; Nagendra and Gadgil 1999).  In doing so, such studies use single, multi-

source (optical or radar), multiple resolution, or multi- temporal remote sensing data in their 

analyses.  Often the spectral values of multiple bands or band ratios (simple ratio, or different 

types of vegetation indices), used in further analysis, can detect parameters of interest.  

Supervised classification (Nagendra and Gadgil 1999), neural network analysis (Carpenter et al. 
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1999; Pax-Lenney et al. 2001), cluster analysis (Lewis 1994), and image segmentation 

(Shimbukuro et. al. 1998), have been used for model building, mapping and/or classification.   

 

Canopy reflectance in satellite images over tropical forest areas may show little visual variation 

in reflectance, even though the habitats within the rainforests are patchy (Nee and May 1992; 

Pacala and Tilman 1994; Tuomisto et al. 1995; Whitmore 1998).  Moreover, variations that do 

appear in canopy reflectance may be suppressed while detecting larger scale patterns or 

characteristics, like delineating forest cover or forest types at a regional, continental, or global 

scale.  The accuracy of large-scale classification in the humid tropics improves with low-pass 

filtering or segmentation (Hill and Foody 1994; Hill 1999), which reduces the class variance in 

images (Hill and Foody 1994).  [Both filtering and segmentation are processes for separating 

images to component regions, thus removing noise or variance].  Therefore, in a classification 

approach, to some degree, thematic resolution,  (i.e. precision of the measurements or categories 

for a particular theme; Veregin 2001), is lost in the filtering or segmentation process (Rajaniemi 

et al. in press).  In addition, the processes that differentiate the habitat classes assume such 

classes to be internally homogenous; this is rarely the ground reality in tropical rain forests.  

Even if the image resolution and/or habitat permits differentiation into classes, like biophysical 

features, species composition, species richness etc., a loss of variance may make such 

identification difficult at a finer scale.   

 

Studies using a classification approach often try to associate habitat types to the abundance or 

occurrence of certain taxa or species.  They may not be always successful for two reasons; first, 

the habitat characteristics that determine the distribution or abundance of the concerned species 
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may not be detectable through low or medium-resolution satellite data.  Conversely, the 

vegetation gradients that satellite image analysis can detect may not influence the abundance or 

richness of the taxon or particular species of interest.  At a finer scale, a species of interest in a 

location may be associated with the dominant or detectable vegetation gradient of that location; 

whereas in another location it may not.  Therefore, one can study and assess the same species or 

its habitat using satellite images in one location but not in another (Lavers and Haines-Young 

1997).  To map a species distribution pattern only over large areas (regional, continental, or 

global scale), delineating forest types based on satellite image and ancillary data and then 

associating species to those habitats can be useful tools.  However, these techniques are not very 

useful in detecting variations of vegetation or species distribution at finer scales. 

 

Recently, comparatively simple “classification-free” approaches directly used pixel reflectance 

from original or derived satellite image (i.e. ratios, standard deviation, texture, and mean of band 

reflectance over pre-determined kernel sizes).  This approach was used to derive biophysical 

parameters and land covers (Muchoney et al. 2000), and to predict distribution of single species 

(Lavers and Haines-Young 1997; Scharier 1999) or groups of species (Jakubauskas and Price 

1997; Rajaniemi et al. in press).  Rajaniemi et al. (in press) successfully formulated a satellite-

based non-parametric classification-free model, using the K-nearest neighbor (KNN) analysis, to 

predict species number for certain groups of small trees/shrubs (Melastomataceae), and ferns 

(Pteridophytes) in the Amazon.   

 

Classification-free approaches, such as the one used in this research, directly use the pixel 

reflectance without removing any existing noise or variance within satellite images.  Such noise 
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or variance could be indicative of species richness, structure, or composition within forests.  

Variation in satellite image reflectance could be associated with variation in forest productivity, 

phenology, and dynamics (Conduit 1996; Duivenvoorden 1998); or they could correlate with 

plant species composition (Ruokolainen and Tuomisto 1998 referred to in Rajaniemi et al. in 

press and Foody and Cutler 2002).  Possibly, variances in the satellite band reflectance over 

humid forests represent differences in biodiversity, species richness, forest structure, species 

composition, edaphic/environmental characteristics, species interaction, and other chaotic 

fluctuations that lead to patchiness within rainforests (Condit 1996).  Some of these underlying 

parameters may have greater influence in some humid forests, in certain areas within such 

forests, or in certain seasons, than in other areas or time.   

 

Here, I have used a classification-free approach to evaluate the use of remotely- sensed data, data 

collected on site within rainforests, and several analytical techniques, to identify areas of above 

average tree species richness, in East Usambara, Tanzania.  



 

8 

 

2.0 Research Objectives 

The aim of this research was to formulate a set of models that will enable managers and 

scientists to rapidly detect areas with above-average tree species richness within humid tropical 

forests.  The objectives of my research were: 

1. To develop a model to detect spatial patterns of above-average tree species richness 

within the Amani Nature Reserve using satellite image records from pixels corresponding 

to geo-referenced field plots. 

2. To develop models using satellite image-based variables and rapidly collectable ground 

data from the geo-referenced field plots to determine if the addition of field data can 

improve models for the Amani Nature Reserve  

3. To test the predictive models derived for the Amani Nature Reserve by applying them to 

the Nilo Forest Reserve. 

Ideally, when models from this research are further developed in the future, they can be applied 

to all forest sectors within East Usambara, and ultimately, to other forest blocks within the 

Eastern Arc Mountains.  The managers and researchers would be able to use the models to assess 

and monitor forests and should be able to improve them over time by incorporating parameters 

presently unavailable.  In addition, through time series application of the models, researchers or 

managers could detect changes in forest cover or characteristics, identify early signs of threats to 

species or groups of species, decide where further interventions and/or research would be 

necessary, and map to communicate changes to stakeholders.  
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3.0 Study Area 

The humid tropical forests of East Usambara in Tanzania consist of nine to fourteen small forest 

sectors.  Two of these, the Amani Nature Reserve (Amani N.R.), and the Nilo Forest Reserve 

(Nilo F.R.) are my study areas.  Together, these sectors form the East Usambara Forest Block.  

Eleven such distinct forest blocks, extending from Udzungwa in Tanzania in the south to Taita 

Hills in Kenya in the north, form the Eastern Arc Mountains (Figure 1).  Eastern Arc is one of 

the 25 global biodiversity hotspots identified by Myer et al. (2000).   

 

3.1 Eastern African tropical forests and Eastern Arc 

The tropical moist forests of eastern Africa cover about 10,000 km2, and are smaller than similar 

habitats in western Africa.  Geologically, the eastern tropical forests fall into three categories: (1) 

coastal forests on sedimentary rock, which lie between the eastern arc and the coast; (2) forests 

of more recent origin, which lie atop the volcanic rock; and (3) the oldest of all, the Eastern Arc 

forests on the ancient crystalline mountains (Wasser and Lovett 1993).  Rainforests in East 

Africa have existed for more than 30 million years, though they receded due to widespread 

habitat changes during the major extinction spell in the Pleistocene age.  Parts of the east-African 

moist forest persisted due to the stable Indian Ocean currents, which brought rains (Hamilton 

1982).  The rainforests continued to exist in the Eastern Arc Mountains as discrete blocks of 
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naturally-fragmented forest refugia located in areas with high rainfall, and surrounded by arid, 

low rainfall areas (Wasser and Lovett 1993).   

 

Long isolation and fragmentation have resulted in high levels of endemism and diversity in the 

Eastern Arc forests (Lovett et al. 2000).  Both paleo- and neoendemic species thrive in the east 

African rain forests, with most of the paleoendemics (endemic ancient species with few or no 

close relatives) occurring in the Eastern Arc.  The Eastern Arc covers 5,340 km2 (Newmark 

1998). Though it comprises only 0.005% of the mainland area (940,295 km2), it hosts18% of all 

plant species found in mainland Tanzania (Newmark 1999).  About one third of the moist forest 

plant species found there are endemic (Iversen 1991).  Similar or greater endemism exists in 

other taxonomic groups (Hoffman 1993; Howell 1993; Scharff 1993; Newmark 1999).   

 

Human beings have lived in the Eastern Arc Mountains for more than 2,000 years (Schmidt 

1989).  Anthropogenic activities in the last 200 years have lead to the loss of approximately 77% 

of the natural forest cover (Newmark 1998).  Presently, the estimated forest cover for the Eastern 

Arc is only 2000 km2 and, compared to its original cover, it is very fragmented (Myers et al. 

2000).  The Eastern Arc is the smallest of the 25 biodiversity hotspots identified by Myers et al 

(2000).  The forests still host an exceptionally high endemism with 1500 endemic plants and 121 

endemic vertebrates (Myers et al. 2000).  Because the Eastern Arc covers a small area, any 

further habitat loss may cause serious threat to the forest’s ability to host its rich biological 

diversity (Brooks et al. 2001).   
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3.2 East Usambara Forest 

The East Usambara forest block of the Eastern Arc Mountains (4o48’-5o13’S and 38o32’-

38o48’E) covers 413 km2 and contains an estimated 221 km2 of closed forest (Huang et al. 2003; 

Newmark 1998).  Compared to other African rainforests, the Eastern Arc forests, and especially 

the East Usambara forests, have more species with range size rarity (i.e. species with restricted 

geographic range) and near-endemic species (i.e. endemic within certain narrow ecological 

zones).  Of the tree species recorded in the East Usambara forests, many (58%) are represented 

by≤ 3 individuals (Huang et al. 2003).  Amani N.R. and Nilo F.R. are, respectively, the first and 

the second largest forest sectors within the East Usambara (Figure 2).   

 

Scientific recognition of the uniqueness and high diversity of the humid tropical forests in East 

Usambara started early.  A botanical survey in the late 1890s, an amphibian study in 1928, and a 

survey on avifauna in1930s are some examples of scientific research in this area (Beharrell et al. 

2002).  Even though considerable biological information existed from the East Usambara, 

especially from the Amani area, historically systematic surveys were few and/or were not readily 

accessible to researchers and managers.  In this regard, the East Usambara was like most other 

humid tropical forests.   

 

Between 1954 and 1978, 50% of East Usambara’s mature forests were cleared (Rodgers and 

Homewood 1982; Rodgers 1993).  Much of the remaining forests in the East Usambara continue 

to be in various stages of use, degradation, or conversion (Newmark 1998; Seddon et al. 1999).   
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3.3 Amani Nature Reserve and Nilo Forest Reserve  

In 1997, the Tanzanian government formed the Amani Nature Reserve (Amani N.R.) out of six 

former forest reserves (Amani Sigi, Amani East, Amani West, Kwamsambia, Kwamkoro, and 

Mnyuzi), public land, and land donated by a tea plantation.  Together, these covered 83.8 km2 (5o 

1’ 410”-5o 04’30” S and 38o 30’ 34”-38o 40’06” E).  The lowland and submontane forests of the 

Amani N.R. occur between 190m and 1130m above the mean sea level (Doody et al. 2001).  The 

Nilo Forest Reserve (Nilo F.R.), registered in 1999, comprises 60.25 km2 (4o 50’ - 4o 59’S and 38o 

37’ - 38o 41’ E), and hosts submontane, montane, lowland, and riverine forests.  Nilo F.R.’s 

elevation ranges from 400m to 1,506m above the mean sea level, with the 1,506m being the 

highest peak in East Usambara (Beharrell et al. 2002).  Unlike most of Amani N.R., the general 

topography of Nilo F.R. is steep, scarped, and dissected (Seddon et al. 1999).  Even though, the 

two forests are physiologically distinct from each other, both record high diversities in several 

species groups.  Of the East Usambara forest sectors, Amani N.R. records the highest diversity in 

several taxonomic groups, followed by Nilo F.R. (Emberton et al. 1997; Doody et al. 2001; 

Beharrell et al. 2002).   

 

These forests are also important as water catchment areas (Rodgers 1993; Beharrell et al. 2002).  

Amani is the source of water for Sigi, the major river in East Usambara, and Nilo F.R. supplies 

the Hundu, Bombo, and Muzi rivers.  These rivers, and the numerous streams within both 

reserves, serve the forest flora and fauna, human settlements, and agriculture nearby (Doody et 

al. 2001; Beharrell et al. 2002).   
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As the habitat, loss continues in East Usambara’s forest sectors, urgent conservation intervention 

is necessary for the Amani N.R., Nilo F.R. and other forest sectors of East Usambara, and the 

Eastern Arc.  The United Nations Development Program/Global Environment Facility (UNDP-

GEF) has initiated a conservation, management, and sustainable use effort in the entire Eastern 

Arc Mountain area (pers. comm. Dr. W.A. Rogers).  Current research techniques, if adopted, 

may help in that conservation effort.   
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4.0 Methods 

I used a “classification-free” approach to create models to identify high tree diversity areas 

within the tropical humid forests of East Usambara, Tanzania.  In this classification-free 

approach, assessment of above-average or average/below average diversity does not depend 

upon classifying vegetation into habitat types (Muchoney et al. 2000; Rajaniemi et al. in press).  

I created two sets of models; one set used only satellite image band information as predictor 

variables.  The other set used both satellite data and rapidly collectable field data.  Since I could 

map the satellite image-based models, I ensured those models primarily predicted above average 

tree species richness areas within forests, in or outside protected areas, rather than within non-

forests. 

 

High diversity areas for various taxonomic groups have been defined differently (Thomas and 

Malorie 1985; Prendergast et al. 1993; Lawton et al. 1994) and arbitrarily (Williams et al. 1996) 

in literature to suit study objectives and data.  In current research, mean tree species count in 

50m X 20m (or 0.1 hectare) plots was 15.1 in Amani N.R. and 11.6 tree species in the Nilo F.R.  

Therefore, I defined high diversity locations in the Amani N.R. as areas that host ≥ 16 tree 

species / km2, and in the Nilo F.R. as areas that host ≥ 13 species /km2 (unless specified 

otherwise). This allowed the datasets to split in similar sized groups of above-average and 

average/below average tree species richness groups, which allowed further analysis and 

comparison.  In this document, I have used the terms “high diversity”, “above average diversity”, 

or “above average tree species richness” synonymously to indicate areas of above average tree 
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diversity.  I have referred to the areas that did not qualify as high diversity as “not-high 

diversity” areas or “average/below-average diversity” areas.   

 

4.1  Data Source, Collection, and Preparation 

Database 

The field data that I used for my research came from a database created by the East Usambara 

Conservation Area Management Program (EUCAMP), a collaborative effort by the Tanzanian 

Forestry and Beekeeping Division of the Ministry of Tourism, Natural Resources, and 

Environment and its various partners (Beharrell et al. 2002).  EUCAMP commissioned forest 

surveys in several East Usambara forest sectors in July 1995 to address the need for a 

scientifically collected dataset, to initiate an ongoing assessment and monitoring program in the 

area, and to train local personnel in data collection and assessment procedures.  As the lead 

group, Frontier-Tanzania (a U.K. based conservation NGO), conducted surveys in the East 

Usambara forests in collaboration with the University of Dar es Salaam, the Tanzania Forestry 

Research Institute staff, and a wide network of international taxonomists and experts (Beharrell 

et al. 2002).   

 

In the Amani, Catchment Forest Officers, and villagers from Maramba, Tanga, and Kiswani 

assisted the Frontier-Tanzania survey team.  In the Nilo, the team included EUCAMP forest 

officers, overseas volunteers, and residents of the nearby settlements of Kwamkole, Kizara, 
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Maramba, Kuze, Amani, and Tanga.  All survey records were entered in a biodiversity database 

(Microsoft Access 1995) commissioned by the EUCAMP, and linked to the Tanzanian National 

Biodiversity Database.  Soon, some of it will be available on the World Wide Web for scientific 

research.   

 

Field Data 

Field Data Collection 

The Frontier-Tanzania staff conducted surveys in the Amani N.R. between January 1999 and 

March 2000, and in the Nilo F.R. between June 2000 and March 2001.  In each reserve, there is 

at least one known position (latitude/longitude) marked with a boundary stone.  The most 

accessible of the marked boundaries was the starting point for transects.  The survey staff drew 

reserve boundaries on a topographic sheet and/or on a digital map relative to the marked 

boundary in the field.  They marked transects from border to border, East to West, and tagged 

every 450m on the ground. They then created a grid, in which each cell measured 450m (E-W) X 

900m (N-S) (Figure 3).  They established one vegetation plot 50m (E-W) X 20m (N-S) at the 

southeastern corner of each grid cell.     

 

Within each vegetation plot, the team recorded, tagged, and identified trees that were ≥10cm 

diameter at breast height (dbh).  Botanists from the Tanzanian Forestry Research Institute 

(TAFORI) and, when required, international experts, identified the species.  They also visually 

estimated canopy cover (0-50%, >50%), shrub cover (0-50%, >50%), ground cover (0-50%, 

>50%), canopy height ( ≤ 30m, >30m), and water association (presence of water i.e. river, lake, 
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steam, lake/pond, marsh/swamp, dry river bed, other vs. no-water).  Altitude (m) was measured 

with an altimeter and slope (degrees) was measured with a clinometer at the southeast corner of 

each vegetation plot.  The survey team established 3m X 3m grids at the center of the vegetation 

plots, where they counted seedlings, and also visually estimated percent herb cover, percent 

leaf/vegetative litter cover, and percent of bare soil (pers. comm. Kathryn Doody, Albert Ntemi, 

Mama Mshana 2001-2003).   

 

In the Nilo F.R. forest, the coordinates of all 69 plots that I used were recorded with 

Geographical Positioning System (GPS) receivers; only six plots were so recorded in the Amani 

N.R.  In 2001, when I visited Amani N.R., I recorded the locations of 30 additional plots with a 

GPS unit.   

 

Field Data Preparation 

I accessed all vegetation plot-related data for Amani N.R. and Nilo F.R.from the database and 

deleted any incomplete records.   

 

If GPS records were available, I included them as geographic locations; if not, I calculated the 

geographic position of each plot relative to two or more plots with known GPS readings and 

positions on the topographic map.  I first tested this procedure by calculating locations for a few 

plots for which I had the actual GPS records.  I compared the GPS and calculated positions to see 

if they matched well.  Then I applied the procedure to plots without GPS records.  Next, I 

converted all GPS and calculated coordinates to WGS 84 (37S) to match with the satellite image 

projection.  The GPS records may have a 10m inherent error.  To ensure that the coordinates 
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represent a location truly within the 50m X 20m plot, I calculated and used the coordinates for 

the centers of each 50m X 20m plot (Figure 4). 

 

I validated the species records from the database to eliminate errors due to typing, spelling, and 

the use of different nomenclature for the same species.  To minimize such errors, I checked the 

records using several available floras for the region (Mabberley 1997; Schulman et al. 1998; 

Flora of Tropical East Africa 1952-1989).  I then had the dataset verified by two experts (pers. 

comm. Dr. Veli Pohjonen, EUCAMP 2002; Dr. D. Porter, Virginia Tech 2002).   

Satellite Image Data   

Satellite image source 

I used a single geocoded Landsat Enhanced Thematic Mapper (Landsat ETM) scene (Path: 167/ 

Row 63; acquired on December 20th 1999; roughly covering 183km X 170km; projection WGS 

84 37S) obtained from United States Department of Agriculture-Forest Service (Figure 5).  

Landsat ETM is an optical satellite image that has a resolution of 30m X 30m and records seven 

multi-spectral bands and one panchromatic band.  Of the multi-spectral bands, the near-infrared 

band 4 (0.76-0.9 µ m) and mid-infrared bands, 5 (1.55-1.75 µ m) and 7 (2.08-2.35 µ m) often 

are used singly or in combination with each other or bands 1, 2, and 3, for vegetation, soil, 

mineral analysis, and for calculating vegetation or moisture indices (Fiorella and Ripple 1993; 

Carranza and Hale 2002; Wilson and Sader 2002).   

Satellite image data preparation 

I used Erdas Imagine Software (ERDAS Imagine 8.5, 2001) for all satellite image analysis.  
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The satellite image contained some cloud and cloud-shadow areas within the study area.  I 

eliminated the cloud and cloud-shadow areas in two stages. In the first stage, I performed an 

unsupervised classification of the available “raw” imagery using the ISODATA (Interactive Self-

Organizing Data Analysis) technique (Jensen 1996; Erdas Imagine 8.5, 2001) to classify most 

cloud and cloud-shadow areas into distinct classes. I reclassified those classes to zero, and 

formulated an image where the reclassified pixels remained zero but all other pixels retained 

their original band information.  I refer to this resultant image as the “original” image.   

 

 

In the second stage, I tried isolating and eliminating the cloud and cloud-shadow areas that 

persisted in the original image by using a “region grow” algorithm, in which, I designated a 

cloud-covered or cloud-shadow pixel as a training or reference pixel.  The algorithm designates 

an area adjoining that training pixel (geographical distance 1 to 5 pixels) spectrally nearest 

(spectral distance zero to 1) to the training pixel.  After ensuring all areas demarcated by the 

algorithm included only cloud, haze, or cloud-shadow areas I eliminated them from the image 

using the same method that I used in the first stage.  The “final image” that I used for further 

analysis had little or no cloud shadow areas remaining. 

 

I created a vector layer with the geographic/GPS plot locations, converted it to WGS 84 37S to 

match with the satellite image projection and then overlaid it to the final image (ArcView GIS 

3.2 1992-1999) .  From the vector layer and the dataset, I eliminated all plots located within the 

data gaps caused by the cloud and cloud-shadow removal (Figure 6). 
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I created six more satellite images using the final image: three “mean” and three “texture” (i.e. 

variance) images, with window sizes 3 X 3, 5 X 5, and 7 X 7 pixels.  I calculated the mean and 

variance for each pixel by considering the original value of the pixel and the values of its 

neighboring pixels in the final image.  The total number of pixels included in the calculation 

depended on the kernel or the window sizes.  For example, a 3 X 3 window placed the pixel for 

which the calculation was being done at the center, surrounded by its eight neighboring pixels.  

For each image, in the initial dataset, I included the brightness values of all bands (band 1, 2, 3, 

4, 5, and 7) from pixels corresponding to the ground sampled plots, for each image.  

 

Variable Selection   

 

Because there were many variables, I screened them before initiating model fitting. I followed 

the variable selection procedure suggested by Hosmer and Lemeshow (2000).  Initially, I 

selected field or raw satellite image-based variables for further analyses if their values differed 

(p≤ 0.05) between the above and average/below average tree diversity groups in the Wilcoxon 

Signed-Rank Test (for continuous variables) or Chi-Square tests (for categorical variables).  I 

also selected other derivative satellite image-based variables, for example bands derived by 

calculating mean over a 3X3 pixel window, if their p-values were ≤ 0.0001 (Table 1).   

 

Of the field variables, I eliminated those that were measured by approximation or were 

categorical (canopy height and percent litter cover).  I retained tree density, seedling frequency, 

and altitude in the final dataset for further analysis. 
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With the aim to keep the number of variables to a minimum, before further analysis, I created an 

interim dataset with only the satellite image-based variables, to select a subset for the final 

dataset.   In addition, I calculated two Normalized Difference Moisture Indices [NDMI = (near 

infrared band – mid infrared band)/ (near infrared band + mid infrared band)] using near infrared 

band 4 (RB4) and mid- infrared band 7 (RB7), then with RB4 and RB5.  I included both NDMIs 

in the interim dataset (Table 2). 

 

In the interim dataset, if two satellite image-based variables were highly correlated (r ≥  0.90), I 

kept the one with lowest p-value (Table 1). If their p-values were same, I kept the red or infrared 

band based parameters, since they are often used in vegetation, soil, and moisture analysis 

(Fiorella and Ripple 1993; Wilson and Sader 2002; Carranza and Hale 2002).  Accordingly, I 

eliminated RB2, RB5, and band 2 of the mean image calculated over 5X5 pixel window 

(M55B2) (Table 2).   

 

I used logistic regression analysis with stepwise selection, to select the most predictive of the 

remaining variables. Since the satellite-image based variables are often highly correlated (r ≥  

0.80), some predictive variable may not be selected in presence of other correlated variables. To 

find the most predictive of the satellite variables, I used the logistic regression analysis several 

times, each time eliminating the most predictive variable(s) selected in the previous run.  I 

selected the satellite variables for the final dataset based on three criteria, which I applied 

sequentially with increasing weight.  The first criterion was the percent of above average tree 

diversity areas in the dataset correctly predicted by the model.  The second was the nature of the 
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variable.  If both raw bands and derived (window) variables had similar predictive value, I used 

the raw band variable.  The third and most important criterion was the model’s ability to predict 

above-average species richness areas that actually fall within humid tropical forests (in or outside 

protected areas) rather than within other land use areas. 

 

Stepwise selection first selected visible blue raw band 1 (RB1) as the best predictor in presence 

of all other variables (Table 2).  Since the raw band was selected as the best predictor, I 

eliminated the mean bands (calculated over various window sizes) from the subsequent analyses.  

In subsequent steps, RB1, visible red raw band 3 (RB3), and mid infrared band 7 (RB7) were 

selected as the best predictors (Table 3).  I projected each model on the satellite image to finally 

test whether they predict areas within humid tropical forest or outside (Figure 7).  There are two 

marked tea-estate areas embedded within the protected area boundaries of Amani N.R.. While 

these areas have some remnant patches of humid forest that may host some species rich areas, 

and also have some shade-trees within the plantation area, most of the area is under a mono-

culture of tea-bushes; and thereby distinctly different from humid-forests.  There are two marked 

tea-estate areas in Amani N.R. surrounded by the humid forest of the protected area.  I calculated 

the number of above-average diversity pixels predicted by each of the three models within these 

tea estate areas (Figure 8).   

 

Based on the results, I included the near and the mid-infrared raw bands (RB4 and RB7 

respectively) from the interim dataset in the final dataset. Even though some of the mean infrared 

band variables were highly correlated (r ≥  0.80, or their 0.05 ≤ p-values ≥ 0.001) and were not 

included in the interim dataset, I included infrared mean bands in the final dataset since I 
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included the raw bands in the final dataset.  This was to test if means calculated over various 

window sizes, i.e. coarser scale, were more predictive of high tree diversity areas than the raw 

bands.  In absence of moisture data from the field, I included both moisture indices (NDMIs) in 

the final set.  

 

The final data set for the Amani N.R. included the three field variables and thirteen satellite 

image-based variables (Table 4).  I included the same set of variables, except the number of 

seedlings, which was incomplete, in the Nilo F.R. data set. 

 

4.2  Data Analysis, Model Generation, and Application 

First, I used only satellite image-based variables in model selection process (“satellite model”); 

later, I added rapidly collectable field variables, along with satellite variables (“field/satellite 

model”) to test if the addit ion of field variables improved the model.  Once I generated the 

models, I cross-validated them to test their appropriateness for the data used.  To evaluate the 

performance of the model outside Amani N.R., I cross-validated and selected the best models, 

and then I applied them to the Nilo F.R (Table 5).  

 

I used the SAS software package procedures (SAS System for Windows 8.02) to perform 

logistic, discriminant, and multiple linear regression analyses.  I used a K-nearest neighborhood 

(KNN) program for the KNN analysis (pers. comm. Dr. E. Tomppo 2001-2003).   
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For models predicting above-average tree spices richness, I calculated Kappa statistics ( K̂ ).  It is 

calculated by comparing actual agreement, i.e. agreement between model results and actual 

reference data, with chance agreement, i.e. if above or average/below average groups were 

assigned at random (Congalton et al. 1983; Verbyla 1995). [ K̂  = (overall classification accuracy 

– expected classification accuracy)/ (1- expected classification accuracy), where the expected 

classification accuracy  is chance agreement (Verbyla 1995)].  Higher and positive K̂ -value 

indicates stronger evidence that the model has better predictability than chance.   

Predicting Above Average Tree Species Richness Areas 

Logistic Regression Analysis 

Based on the variable selection process with interim dataset, I had an apriori knowledge that 

single raw bands could be predictive of above-average tree diversity.  I determined the best 

model from the final dataset using the Akaike Information Criteria (AIC, given by AIC = -2 ln L 

+ 2k , where L is the maximum likelihood estimate and k is the number of independent 

parameters) (Burnham and Anderson 1998; Anderson et al. 2000).  I first calculated the AIC for 

models based on each of the satellite image-based parameters.  Then, in the second step, I 

calculated the AIC for models using each field parameter in combination with each of the eleven 

satellite image-based parameters.  I transformed the raw AIC values to AIC weights (ω i),  ω i =  

exp (- ½ ∆AICi) /∑ =

R

r 1
exp (- ½ ∆AICr),   where ∆AICi  = AICi – minimum(AIC) and “R” is the 

number of models.  The lower the AIC for a model, the lower are the ∆AICis, and the higher the 

AIC weights.  For each individual model, the AIC weight acts as the weight of evidence in favor 
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or against that model; thus the higher the weight, the better the model (Burnham and Anderson 

1998).  

 

I also calculated full models, in which I forced all variables in the model, and compared it with 

the model that used a stepwise selection process, involving forward selection (p ≤ 0.05) and 

backward elimination (p > 0.05).  I verified each model using the “Hosmer and Lemeshow 

goodness of fit test” (Hosmer and Lemeshow 2000).  I selected the best satellite and the best 

field/satellite model based on the lowest AIC (Anderson et al. 2000) and highest overall percent 

correct record.   

 

In the future, data from different forest sectors in East Usambara and other areas in the Eastern 

Arc forests may need to be combined in some manner to generate a model for the entire area.  To 

explore on how this might be done, I combined the two data sets (n = 187; 118 from Amani N.R. 

and 69 from Nilo F.R.). Here I defined above average tree species richness in two ways.  In the 

“pooled” set, I calculated the mean of the entire dataset and defined plot with ≥ 15 tree species as 

high diversity.  In the “combined” set, I defined as high diversity plots as those plots with ≥  the 

mean for the respective areas ( ≥ 16 for Amani N.R. and ≥ 13 for Nilo F.R).  I performed logistic 

regression analyses using the pooled and the combined sets, and compared them. 

  

Discriminant Analysis 

I used discriminant analysis with the Amani N.R. data to find a model that would identify the 

high tree diversity areas, first using only the satellite image-based variables, and then using both 

the satellite and field variables.  The aim was primarily to compare results with the logistic 
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procedure. I selected variables through a stepwise selection process with forward selection (p ≤  

0.05) and backward elimination (p > 0.05).  For each type of model, after variable selection, I 

performed the discriminant analysis and simultaneously a leave-one-out cross validation.   

 

Predicting Species Number 

I performed multiple linear regression and non-parametric K-nearest neighbor (KNN) analyses 

(Tomppo 1991; Franco-Lopez et al. 2001; Katila and Tomppo 2001) using the Amani N.R. and 

Nilo F.R. data to predict the number of tree species per plot.   

 

Multiple Linear Regression 

I fit this multiple linear regression model using the Amani N.R data (Table 2).  One model used 

only satellite variables (satellite model) and the other used both satellite and rapidly collectable 

field variables (field/satellite model).  I generated the models using a stepwise selection process 

with forward selection (p ≤ 0.05) and backward elimination (p > 0.05).  I evaluated the multiple 

linear regression models based on their significance and their R-square values, where, higher R-

square values indicated better models. I also looked at the residual plots for each multiple 

regression analysis, to see if there were any outliers or high influence data record in each model, 

and whether the model changed in absence of any such outliers. 

 

K-Nearest Neighbor Analysis 

I applied K-nearest neighbor (KNN) analysis to predict species number per pixel (Katila and 

Tomppo 2001).  The KNN analysis assumes that a strong correlation exists between the band 
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brightness values of the pixels corresponding to the ground sample locations and the biological 

and physical conditions at those locations.  For each unknown pixel in the satellite image, KNN 

attempts to predict a value for a selected parameter based on known average values for the same 

parameter from K (user-specified) neighboring pixels.  (Tomppo 1991; Franco-Lopez et al. 2001; 

Katila and Tomppo 2001).   

 

I tried different K values from one to ten (K = 1, 2,..,10) to find the smallest number of pixels to 

consider in each analysis.  Since the number of sample points is limited in the current dataset, I 

set a large geographic distance (=100km) over which the K neighboring pixels could be 

obtained.  I performed three KNN analyses on combined Amani N.R. and Nilo F.R. data.  The 

first two analyses generated the KNN satellite model (used only satellite image-based variables) 

and the KNN field/satellite model (used both satellite image-based and field variables) 

respectively.  I used only Landsat ETM band 7 (RB7) as the predictor in the satellite model, and 

I used RB7 and the number of tree species as predictors in the field/satellite model.  I performed 

a third KNN analysis where I predicted tree density per pixel using all satellite image-based 

variables in the dataset.  Each KNN analysis involved a leave-one-out cross validation test 

(Katila and Tomppo 2001), where each known record was treated as unknown, and species 

number or tree density was predicted for later comparison with the corresponding known value.   

 

To compare the cross-validated KNN results with results of other analyses, I grouped the KNN 

results for each pixel (corresponding to each plot) into high diversity and average/below-average 

diversity classes based on the known values from corresponding data points.  In one set, I 

considered ≥ 15 trees per plot as high diversity; and in the second set, I treated plots from Amani 
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N.R. ≥ 16 tree species and that from Nilo F.R. with ≥ 13 species as high diversity areas.  For 

both sets, I calculated the correlation between the actual and predicted species numbers for high 

diversity and average/below average diversity groups.  
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5.0 Results 

5.1  Predicting Above-Average Species Richness 

Satellite Image-Based Models 

Logistic Regression Analysis 

 The model using the satellite image-based variable RB7 gave the lowest Akaike Information 

Criteria (AIC) value and highest AIC weight ( ω i ) (Table 6).  Based on the highest percent 

accuracy (65.3%) and the lowest AIC number, the stepwise selection procedure selected the 

same model (Table 7).  The model (Table 8) correctly identified 72.4% of the high tree diversity 

areas in the Amani N.R (Table 9).  This prediction is 31% ( K̂ ) better than just random 

assignment of plots to above-average richness classes. Of the predicted high dive rsity areas 

identified by the model, 62.6% were correct.  I projected the model on the Landsat ETM image 

of the area, where each pixel represents the logistic model, and the areas with high probability 

(i.e. θ = ≥  0.5) of hosting above-average tree species richness are highlighted (Figure 9). 

 

The model for Amani N.R. produced 62.3% overall accuracy ( K̂ = 0.24). when applied to the 

Nilo F.R. (high diversity:≥ 13 tree species per plot) (Table 10).  Model application in the Nilo 

F.R. correctly identified 60.7% of the high tree diversity areas and, 53.1% of the classified high 

diversity areas were correct.  When I defined the above average tree species richness for the Nilo 

F.R. based on the Amani N.R. data (i.e. ≥ 16 tree species per plot), the overall percent of 
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correctly classified area was 58% and K̂  reduced to 0.14. (Table 11).  The model correctly 

identified 56.5% of the high tree diversity areas, and 40.6% of the predicted high diversity 

locations actually hosted ≥ 16 tree species. 

 

The logistic regression models with the Amani-Nilo pooled dataset (high biodiversity areas: ≥ 15 

tree species/plot) (Table 12, Table 13) and the combined dataset (high diversity areas: ≥ 16 tree 

species/plot for records from the Amani N.R. and ≥ 13 tree species/plot for records from the Nilo 

F.R. records), generated similar predictability (Table 14, Table 15).  Analysis with both sets, 

selected Landsat ETM satellite band 7 (RB7) as the best predictor variable in the stepwise 

selection process. 

Discriminant Analysis Models 

Like the logistic regression analysis (Table 9), the stepwise selection process in the discriminant 

analysis selected the brightness values of Landsat ETM satellite band 7 (RB7) as the best 

predictor variable (Table 16 and Table 17). When I applied the discriminant function (Table 16) 

to the Nilo F.R. area, the ability of the model to correctly identify high tree diversity areas of 

Nilo F.R. (Table 18) were identical to Amani N.R. logistic model application to the Nilo F.R. 

(Table 10).   

Rapidly Collectible Field Data and Satellite Image-Based Models 

Logistic Regression Analysis 

The lowest AIC and highest AIC weight ( ω i) indicate that the model based on the number of 

trees ≥ 10cm dbh (Ntree) and the RB7 is the best (Table 6).  The same model was chosen by the 

stepwise selection procedure in the logistic regression analysis, based on highest percent 
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accuracy (76.3%) and lowest AIC number (134.28) (Table 7).  The logistic model (Table 19) 

using RB7 and number of trees, could predict 81% of the high tree diversity areas in the Amani 

N.R. (Table 20).  Of the predicted high diversity areas, 73.4% were correct.  This prediction is 

53% ( K̂ ) better than just random assignment of plots to above-average richness classes. Thus, 

addition of field data greatly improved the model’s ability to correctly isolate the average/below 

average diversity areas; and marginally improved its ability to identify the high diversity areas. 

 

I applied the Amani N.R. field/satellite model to the Nilo F.R.  The overall accuracy of the Nilo 

F.R. field/satellite model (76.8% Table 21), was very similar to that from the Amani 

N.R.(76.3%, Table 20).  The K̂  also improved from 24% in the satellite model application to 

49% in the field/satellite application. However, the Amani N.R. model application to the Nilo 

F.R., less accurately (53.5%) identified high tree diversity areas and more accurately identified 

the average/below average diversity areas (93%, Table 21).  This improved the users’ accuracy 

for high diversity areas (i.e. percent of predicted high diversity areas that actually were high 

diversity) to 83% in the field/satellite model application.  Compared to the satellite image-based 

model (Table 18), the field/satellite model application in the Nilo F.R. (Table 21), correctly 

identified a lower percent of high diversity areas, and, in contrast, recorded higher percent 

accuracies in all other categories.  The improved accuracies were due to the model’s improved 

ability to identify average/below average diversity areas with the inclusion of the field-based 

predictor. 

 

I used stepwise selection procedures in the logistic field/satellite models for the two Amani-Nilo 

datasets: pooled set (high diversity: ≥ 15 species/plot) and the combined set (high diversity: ≥ 16 
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species/plot for Amani N.R. records, and ≥ 13 species/plot for Nilo F.R. records).  The stepwise 

procedure selected Landsat ETM satellite bands 7 (RB7), and number of trees (Ntree) as the best 

predictors for both sets (Table 22 and Table 24).  Compared to the satellite image-based models 

for the pooled (Table 13) and the combined set (Table 15), the field/satellite models both 

improved with the inclusion of the field variable (Table 23 and Table 25).  

Discriminant Analysis Models: 

Initially, the variable selection process in the discriminant analysis selected the number of 

seedlings (Nseed) and the number of trees (Ntree) as appropriate field-based predictor variables, 

along with Landsat ETM band 7.  However, the predictabilities of the discriminant function 

analysis, using only the tree density (Ntree) and the satellite image band (76.3%, Table 28), 

improved more than when using the number of seedlings (Nseed) also (71.1%, Table 26).  The 

cross-validated discriminant analysis results for Amani N.R. using satellite image-based variable 

and the tree density (Table 28) resulted in exactly the same overall accuracy (76.3%) as the 

logistic regression field/satellite model (Table 20).  The discriminant analysis could include 

84.4% (Table 28) of the high diversity areas in the model, while the logistic could include 81% 

(Table 20).   The logistic result, on the other hand, could ensure that 73.4% the high diversity 

areas designated by the model actually were high diversity, as compared to 72% by the 

discriminant model. 

 

 I applied the discriminant function (Table 27) from the Amani N.R. field/satellite model, which 

used RB7 and tree density, to the Nilo F.R.  The result (Table 29) showed an improved 

predictability over the satellite model application to the Nilo F.R. (Table 18), primarily in its 

ability to identify the average/below average diversity areas.  The predictabilities of the 
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discriminant model (Table 29) were similar to the logistic field/satellite model application to the 

Nilo F.R. (Table 21). 

 

5.2 Predicting Species Number 

Multiple Linear Regression Models 

The stepwise selection process in multiple linear regression with only satellite image-based 

variables selected RB7 as the most predictive variable (Figure 10).  However, the regression (p§ 

0.001) resulted in an R2 value of only 0.11 (Table 30).  I plotted the predicted tree species 

number against the residual (Figure 11).  It seemed one data point could be acting as an outlier 

exerting influence on the result (also visible in Figure 10).  Amani N.R. dataset had few other 

similar records but they were eliminated from the field data set due to incomplete record or other 

reasons.  However, just to test how much influence a single data point is exerting, I removed the 

record from the dataset and ran the multiple linear regression analysis once again.  The stepwise 

selection process in multiple linear regression with only satellite image-based variables still 

selected RB7 as the most predictive variable.  The regression (p ≤ 0.001) result improved only 

slightly from in an R2 value of only 0.11 in presence of the outlier to 0.14.  The residual plot for 

the second analysis did not show any difference except for absence of removed record (Figure 

12). 

 

Just to be able to compare with the results from the logistic regression (Table 9), I compared the 

actual tree species count per plot with the predicted number of tree species per plot generated by 

the multiple linear regression model using all records. I grouped into high diversity class if the 
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actual species numbers were ≥ 16 per plot.  The overall predictability of the multiple linear 

regression model was 61.8% (Table 31) as opposed to 65.3% in the logistic regression model for 

Amani N.R.(Table 9). 

 

While using both satellite image-based and field variables from Amani N.R., the stepwise 

selection procedure of the multiple linear regression chose brightness values of RB7 and the 

number of trees per plot as the best predictors (Figure 13).  Compared to the satellite model, the 

results (p ≤  0.05) improved, to an R2 value of 0.35 (Table 32).  I plotted the predicted tree 

species number against the residual (Figure 14).  The same data point, identified in the satellite 

model, seems to be a potential outlier in the field/satellite model also.  To test how much 

influence that particular record is exerting, I removed the record from the dataset and ran the 

multiple linear regression analysis once again.  The stepwise selection process in multiple linear 

regression with field and satellite image-based variables still selected RB7 and number of trees 

per plot as the most predictive set of variables.  The regression (p ≤ 0.001) result did not improve; 

the R2 value remained at 0.35 in absence of the record.  The residual plot for the second analysis 

also did not show any difference except for absence of removed record (Figure 15). 

 

Once again, I compared the actual tree species numbers by plot with the predicted numbers 

generated by the multiple linear regression analysis using all records, to compare the result with 

the logistic model (Table 20), I summarized the results considering areas with ≥ 16 tree species 

per plot as high diversity (Table 33).  The overall predictability and ability to identify high 

diversity areas for the multiple linear regression model was 72.8% and 74.1% respectively 

(Table 33) compared to 76.3% and 81% for the logistic regression model (Table 20).   
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K-nearest neighbor Analysis  

The cross-validated K-nearest neighbor (KNN) analysis result, using RB7 and tree density as 

predictors, yielded a 68% overall correlation (r = 0.68) between the actual and predicted species 

numbers calculated by the analysis.  The calculated mean of 13.875 was also close to the actual 

mean (Table 34).  However, the primary objective of this exercise was to be able to identify or 

predict species numbers for areas that host above average tree species richness.  The correlation 

between actual and predicted species number of average/below average tree diversity areas was 

above 60% (r = 0.69 and 0.68) for both pooled (high diversity: ≥ 15 tree species/plot) and 

combined (high diversity: Amani plots with ≥ 16 tree species and Nilo plots with ≥ 13 tree 

species) datasets. This relation was much lower for above average richness areas (Table 35).  To 

compare with the logistic results for the pooled (Table 23) and the combined set (Table 25), I 

grouped the actual tree species number and their corresponding predicted numbers from the 

KNN analysis into above-average and average/below average diversity groups.  Then from the 

group, I obtained the pooled-KNN (high diversity: ≥ 15 tree species/plot) and the combined-

KNN (high diversity: Amani plots with ≥ 16 tree species and Nilo plots with ≥ 13 tree species) 

results.   The overall percent of correctly classified plots in pooled-KNN is 69.5% (Table 36), 

which is comparable to the logistic pooled model result of 72.1% (Table 23).  The pooled-KNN 

results showed a slight improvement in its ability to detect high tree diversity areas (74.7%), and 

to ensure that 74.4% of the high diversity areas identified by the model are above-average 

species diversity.  The overall predictability of the combined-KNN model is 72.7%, (Table 37) 

as opposed to 75.9% by the combined logistic model (Table 25).  Compared to the combined 

logistic model results, the KNN combined set model showed lower ability to identify the high 
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diversity areas and its ability of the predict high tree diversity areas (69%), and could ensure that 

of the predicted high diversity areas only 69.8% were correct. The two other satellite variable-

based KNN, one predicting tree species numbers and the other predicting tree densities, were 

deemed unsuccessful as they only yielded overall correlation (r) between 0.1 to 0.3. 

 

5.3 Models Compared 

In all types of models, addition of the field variable, tree density, improved the predictability of 

the models compared to the satellite image (RB7) based models.  However, within model classes 

(satellite only, field/satellite) the different statistical techniques (Logistic regression, 

Discriminant analysis, Multiple linear regression, and K-nearest neighbor analysis) generated 

similar predictions (e.g. 61.8 – 65.3 total % correct for the Amani N.R. satellite models, Table 

38).   
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6.0 Discussion 

The “classification-free” approach using Landsat ETM mid- infrared band 7 predicted above 

average tree species richness locations within the Amani N.R. forest with reasonable accuracy.   

The results of the model improved further when the number of trees, a rapidly collectable field 

variable, was added to the model.  The results suggest that above average diversity areas can be 

relatively rapidly assessed and to some extent mapped, within the humid tropical forest. The 

models held well when applied to the Nilo F.R., another reserve within the East Usambara, 

suggesting the models could be applicable to other forest sectors in the East Usambara, within or 

outside the protected areas. 

 

No other the classification-based or classification-free approach has reported that a single 

infrared (Landsat ETM) band-based model could locate above average tree species richness areas 

within a tropical humid forest habitat. Compared to any known available models, the current 

ones are simple, and require a minimum manipulation of satellite imagery.  The simplicity of the 

model will allow managers to adopt it for rapid assessment, especially where recent baseline data 

are not available.  Even when such data are available, the model will enable periodic updating of 

the data, assessing, and monitoring.   

 

It remains to be determined if similar results can be obtained from other forest blocks within the 

Eastern Arc Mountain or humid tropical forests in other regions or continents.  Although Landsat 

ETM band 7 is predictive of high tree diversity areas within forests, initially other visible bands 

(band 1 and then band 3) were selected by the regression analysis as predictive variables.  The 
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underlying physical factors that drive the relationship between band and ground conditions are 

unknown. However, from the areas designated as above-average tree diversity in the images by 

different band-based models, it seems the underlying conditions that were influencing visible 

blue band (RB1) were very different from those influencing visible red band (RB3) or the mid-

infrared band (RB7).  Plant pigments primarily absorb visible lights; chlorophyll pigments are 

known to absorb violet-blue and red lights.  There absorption changes over season and plant 

species (Verbyla 1995).  These factors and others may have contributed to the differences in the 

images for various band-based models. Understanding these underlying factors influencing 

various bands may allow comparison of the ecology and management of areas.     

 

Tuomisto et al. (1995) and Nagendra and Gadgil (1999) believe that edaphic conditions greatly 

influence the plant species composition and vegetation cover.  Both the soil and vegetation 

characteristics, in turn, have a strong influence on variances in satellite image reflectance.  

Landsat ETM band 7  (RB7) also is indicative of soil moisture conditions (Verbyla 1995; 

Campbell 1996).  While mineral imaging for hydrothermally altered rocks (like clay and iron 

oxide) with Landsat ETM image over heavily vegetated areas in Philippines, Carranza and Hale 

(2002) found band 7 (and band 5) to be indicative of clay mineral areas.  Sandy-clay or clay with 

Ferralsols (soils enriched with oxides of iron and aluminum) characterize the soils in East 

Usambara forests (Hamilton 1989).  Carranza and Hale (2002) also reported that the vegetation 

and hydrothermally altered minerals are similar in their reflectance in Landsat ETM band 7 (and 

band 5), posing difficulty in their use for mineral study.   
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Mid-infrared wavelengths also may indicate moisture conditions in general, or leaf moisture 

(Wilson and Sader 2002); and hydrologic conditions influence the plant cover (Silvertown et al. 

1999).  My informal observations on habitat and tree characteristics within the Amani N.R. 

suggest a strong influence of moisture condition.  The undisturbed, and previously disturbed but 

well-recovering high diversity plots, to me, seemed distinctly more humid, moist, and had bodies 

of water within or adjacent to the plot.  They also were typically associated with low reflectance 

in mid- infrared bands.   

 

To investigate whether moisture influenced the mid- infrared values, I calculated the normalized 

difference moisture index (NDMI) and included it in the analysis to see if the model selection 

process chose it as a predictor variable.  If the moisture index-variable had been selected and 

showed a high predictability for above-average diversity areas, it would have suggested a strong 

influence of the moisture regime in identifying high tree species rich areas.  The model did not 

select NDMI.  However, NDMI is perhaps not the ideal indicator of moisture regime.  NDMI is 

called “moisture” or “wetness” index in lieu of a better term (Wilson and Sader 2002).  It is 

sensitive to leaf water content, shadowing, and some other factors yet unidentified (Horler and 

Ahern 1986) and/or it represents the combined effect of differences in forest structure and water 

content (Cohen et al. 1995).  When NDMI for a forest area was calculated and recorded over 

time and compared with results from other indices, like the Normalized Difference Vegetation 

Index (NDVI); NDMI showed an improved ability to detect changes in forest characteristics, 

especially changes due to partial cuts or thinning within forests (Wilson and Sader 2002).  NDMI 

is also known to differentiate between old growth and mature forests better than other procedures 

(Fiorella and Ripple 1993).  This research applies NDMI slightly differently.  It compares the 
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index between plots, which is a much smaller scale of application than the studies that have used 

NDMI in the past.  Perhaps NDMI was not selected as one of the best predictors because it was 

suited for larger, regional scale analysis than plot-wise comparison.  Thus, it remains unclear if 

moisture gradient is one of the main biophysical characters that somehow influenced the number 

of species in the study areas.  Contrasting gradients in biophysical parameters, like moisture, (i.e. 

presence, abundance, absence of water/moisture etc), may have a strong localized influence on 

species richness, composition, and tree density in East Usambara.  This can be tested if humidity 

is recorded from within the forest and/or perennial and non-perennial streams within forests are 

mapped.  However, moisture alone may not be able to explain the species richness or 

composition in all areas, and in some areas, other gradients (like soil nutrition, slope orientation, 

and so on) may be more important (Condit 1996).     

 

To a certain degree, the current research was successful in identifying above-average high tree 

diversity areas within the humid forests.  However, multiple influencing factors, including 

moisture condition, may determine the specific species richness and composition within the 

plots.  The absence of data on all factors influencing the actual species distribution in the East 

Usambara could be one explanation why the multiple linear regressions and non-parametric 

KNN method could not predict number of tree species per plot.  Logistic regression was 

successful because it only differentiated between above average tree species rich areas and 

others.  However, all analytical techniques were moderately successful in identifying above 

average tree species richness.  Multiple linear, logistic regression, and discriminant analyses all 

identified the same set of parameters (Landsat ETM band 7 and number of trees) to be the most 

predictive of all available variables.  Using KNN, Rajaniemi et al. (in press) estimated species 



Nina Sengupta                                                                                                                                           6.0 Discussion 

 41 

richness for Pteridophytes (ferns) and Melastomataceae (small trees and shrubs) within lowland 

humid forests in the Amazonian Ecuador.  Their species definition included both morphospecies 

and taxonomic species and could estimate fern species fairly accurately (root mean square errors 

between 1.9 and 5) (Rajaniemi et al. in press).  Even though the plot-based correlation between 

actual and predicted data is not available in their paper, the study clearly indicates promising 

results and an avenue for further research to improve estimating species richness of different 

rainforest plant groups.  Although KNN did not produce good result in the current research, the 

analysis, especially for predicting tree density per plot, can potentially be improved.  When 

successful, the pixel-wise results of the KNN analysis allow researchers to map the parameter of 

interest on the satellite image.  Thus, improved pixel-wise tree density estimates will allow 

mapping the logistic and/or KNN models that use both satellite image-based variable and tree 

densities.  Perhaps setting a limit for the geographic and spectral distance for the K nearest 

neighbor used for calculation, or incorporating Mahalanobis distance in predicting parameters 

and/or application of the new weighted KNN (pers. comm. E.Tomppo 2003) can improve the 

predictions.   

 

Spectral signa tures of pixels in a satellite image may be determined by one or more factors.  

Thus, the same spectral signature could be generated from different habitat types and it will not 

be always possible to predict a field or habitat characteristic from the spectral signature.  

Similarly , when predicting species richness, application of a model beyond the area in which the 

model was constructed may produce spurious results.  This phenomenon is known as the 

“signature extension” problem (Jensen 1996).  The signature extension problem also may exist 

within habitat types.  My results suggest that Landsat ETM band 7 reflectance corresponds to 
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“local peaks” in tree species richness or a combination of factors that co-vary with tree species 

richness, instead of a specific species number.  This could yet be another reason why the multiple 

linear regression models and KNN analyses did not reliably predict species numbers. I could 

have tested this local peak concept by applying the Amani N.R.-based model to similar plot-

based data from areas outside the natural forest near Amani, in species poor areas.  If the Amani 

N.R. models predicted species numbers, then extrapolation to areas outside the natural forest 

would not identify any high diversity areas.  However, if the model represents/corresponds to 

local peaks in species number, then when extrapolated, the model would distinguish more 

speciose areas from the poorer areas.  In the absence of such data, I tried to test this pattern in 

another way.  I applied the model to Nilo F.R., first, maintaining high tree diversity definition 

from the Amani N.R. (≥ 16species/plot); then, defining high diversity based on local peaks in 

Nilo F.R. records ( ≥ 13 tree species).  The latter model showed considerably better predictability.  

 

Assuming the signature extension problem exists for the East Usambara forests, and the model 

detections correspond to a “local peak” in tree species, exporting the model far beyond the area 

in which it was fit may produce poor results.  Possibly, a model should be used within a certain 

optimal area. The size of such an optimum area may differ from one humid tropical forest to 

another.  This could be evaluated by using data from a large forest area, such as, the Udzungwa, 

the largest forest block of the Eastern Arc.  A model could be constructed locally with the high 

diversity areas defined with local data.  The model could then be tested in concentric areas of 

increasing size. The point where an addition in area results in decreasing accuracy may indicate 

the optimum size over which the definition of local-peak in species richness holds true.  The size 

of the optimum area will differ from place to place; the greater the habitat  and environmental 



Nina Sengupta                                                                                                                                           6.0 Discussion 

 43 

variability over space, the smaller will be the optimal area.  An indication of the existence of 

such an optimal size for a particular definition of above-average diversity is perhaps present in 

the current research.  After developing the model for the Amani N.R. and applying it to the Nilo 

F.R., I combined the data from both forest sectors and fitted a logistic regression model.  I did 

this twice, first taking the above average tree species richness of the pooled data set as the 

definition of high diversity area ( ≥ 15species/plot).  I then maintained the definition of high 

diversity area in each forest sector ( ≥ 16species/plot for Amani N.R. records and 

≥ 13species/plot for Nilo F.R.) in the combined set.  The latter always showed slightly better 

results in its ability to identify a higher percent of actual species rich areas in the forest sectors 

(i.e. higher producer’s accuracy).  Since the models do not reliably predict species numbers, this 

sensitivity to the local peak rather than peak species number is actually beneficial for the model 

application.  Because of this, the model can be much more flexible and applicable to different 

forest areas than if it had predicted a specific species number. 

 

Both classification-based and classification-free analyses for within-forest variations in biota or 

biogeophysical characteristics in the humid tropical forests have benefited when remote sensing/ 

satellite image-based data were used in combination with spatial ground and/or other ancillary 

data (Gastellu-Etchegorry et al. 1993; Riaza et al. 1998; Muchoney and Strahler 2002).  Accurate 

and up-to-date field or geographic data are rare for tropical forest areas.  Remote sensing with 

supplementary data, which can sometimes be inaccurate, and/or out of date, often is used for 

estimating forest related variables over a small area (Rao et al. 1998).  Collecting field data is 

time consuming, expert-intensive, and thereby expensive.  To formulate a rapid assessment and 

monitoring program within a tropical rainforest, the field data incorporated in a model should 
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able to be rapidly collected.  It should also be such that a large number of people with varied 

expertise could be easily trained on how to collect them if needed.  From the available Amani 

N.R. and Nilo F.R. dataset, only a few variables fit this description, and the model selection 

process picked only one: tree density.  The number of trees, along with Landsat ETM band7, 

improved the prediction for above average tree species richness in the study area. 

 

The addition of tree density usually increased the models’ predictability, with marked 

improvement in the detection of average/below average diversity areas.  Huang et al. (2003) 

found tree density to be higher in intact forests compared to those formally logged, burned, or 

cultivated.  Above-average tree diversity areas in the current research may include intact forests 

as well as some that previously burned or were disturbed but are presently well recovering (pers. 

comm. Albert Ntemi and Kathrine Doody 2001).  The average/below average diversity plots 

include those that may be presently disturbed, previously burned, disturbed, or cultivated, and 

sites that naturally hosts a low number of species.  My findings suggest that most above-average 

diversity plots host high tree density also.  However, misclassifications of average/below average 

diversity areas as high diversity areas after adding tree density data in the model suggest that on 

occasion average/below average tree diversity areas may have high tree numbers.  Upon adding 

tree density data in the model, especially in Nilo forests, the model could detect fewer above-

average diversity areas compared to the satellite model; indicating not all high tree diversity 

areas have high tree densities, and low tree density might also occur in high diversity plots.  

However, in general by adding tree density data, the predictability of the model improved mostly 

due to their improved abilities to isolate the average/below average areas; suggesting that the 

average/ below average diversity plots are more closely associated with low tree density.   
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Huang et al.(2003)’s study aimed at understanding the impact of human disturbance in different 

forest sectors of East Usambara. They found no difference in number of tree species between 

intact forests and those formally logged, burned, or cultivated. The authors also pointed out that 

disturbance regime can be an important, but not necessarily the only factor that determines 

species diversity within humid tropical forests (Huang et al. 2003).  The above-average species 

diversity areas in the current research may include intact, naturally species-rich areas, previously 

disturbed but well recovering patches, etc.  The distribution pattern of above-average richness 

may be due to a number of underlying ecological processes, including lack of disturbance (intact 

plot), intermediate disturbance (Molino and Sabatier 2001), ecotonal or edge effect, limited 

dispersal (Chave and Leigh 2002), species aggregation (Condit et al. 2000), patchiness of 

resources (Nee and May 1992; Pacala and Tilman 1994), random variation (Gentry 1988), or 

effects of other, unmeasured environmental variations.   

 

In general, in the Amani and Nilo forests, areas that have low tree-species numbers host fewer 

trees; in contrast, species-rich locations have high tree density.  The high frequency of trees in 

high species locations is perhaps due to the presence of common and rare species.  The latter 

tend to aggregate more than common species (Condit et al. 2000).  In addition, some of the high 

species sites, being relatively undisturbed, host few, but large, canopy trees.  Great variability 

exists in understory light condition in undisturbed or old growth forests (Nicotra et al. 1999).  

Understory species are more diverse than canopy species (Croat 1978).  The light conditions, in 

turn, could encourage the presence of both light and shade tolerant varieties, and species of 
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different plant functional types (Huston 1994).  All these factors may contribute to high tree 

numbers and high tree species in some plots.  However, departure from this pattern is observed 

in areas where high tree counts are associated with a low number of species and vice versa.  In 

the East Usambara forests, 0.22% of the most common species account for 90.2% of the total 

number of trees (Huang et al. 2003).  Some plots may host a higher number of trees, but most of 

them are common species, and therefore report low species richness.  In addition, species 

richness decreased with increased frequency of some commonly occurring tree species (Huang et 

al. 2003).  This may account for some of the misclassifications in the field/satellite model.   

 

On the other hand, undisturbed, old growth forest patches that are stable and dominated by a few 

canopy species, may show high species number but not a high number of trees.  This is evident 

from the results of the model application to the Nilo F.R. area, where, with the addition of tree 

density data, a smaller percentage of actual species-rich sites could be detected.  At the same 

time, the ability to detect average/below average diversity locations increased greatly.  This 

supports the observation that, while some high species sites host low tree numbers, most of the 

low tree density sites are associated with low species count in the Nilo forest.  Nilo F.R. is 

distinct among the East Usambara forest blocks because of its high altitude and steep gradient 

(Seddon et al. 1999).  In contrast, Amani N.R. has, in general, gentler slopes and thereby greater 

accessibility.  Consequently, chances of anthropogenic disturbance probably are greater in 

Amani N.R.  It is possible that high stem density is more closely associated with relatively 

undisturbed or well-recovering high species richness plots in the Amani N.R. than in the Nilo 

F.R.  In Nilo, forest structure, species composition, and similar factors, rather than number of 

trees, perhaps could differentiate areas of above-average tree species richness more easily.  It is 
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important to investigate these underlying relationships and origins of species richness, or 

endemism, further.  If identified, the underlying factors can be appropriately incorporated in 

management and conservation actions; for example, to maintain a certain disturbance level if 

intermediate disturbance explains the richness, to avoid management practices in areas where 

endemism can be explained by long term adoption to stability, and so on (Lovett et al. 2000).   

 

As demand for forest resources and land currently under forest continues to grow, it is important 

to be able to quickly assess and monitor high diversity areas within existing patches.  Current 

research shows that the models for the Amani N.R. perform well in Amani and can reliably 

detect the high tree diversity areas within the Nilo F.R.  Given that much of the remaining 

tropical humid forestland is rapidly degrading (WCMC 1992; Nepstad et al. 1999; Achard 2002), 

the current research responds to the urgent need for a set of simple models that can roughly 

suggest the locations of tree species-rich areas within rainforests.  This, itself, is the first step 

toward helping managers and researchers gain the ability to measure, assess, quickly identify 

threats and thereby make more informed decisions about conservation of trees and the species 

that associate with trees.     

 

Most developing countries have no system of monitoring biodiversity, even though countries like 

Tanzania, as signatory to the Convention of Biological Diversity (CBD) treaty, are obligated to 

assess and monitor diversity (Danielsen et al. 2000).  Sheil (2002) suggested that, with low 

financial and human resources, technical data collection is not cost effective for the tropical 

forest regions.  He also criticized research practices by pointing that, while scientists are 

obsessed with precision measurements, managers would rather identify and address threats 
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quickly in the tropical forests (Sheil 2002).  The simple rapid assessment and monitoring model 

derived by this research addresses the needs of both managers and scientists.  It provides them 

with rapid, usable, and updatable information.  The increased capabilities of hand-held GPS to 

record coordinates, and the ability of personal computers to perform memory- intensive but 

simple satellite image analyses, make these models easy for managers and researchers in 

Tanzania to adopt and use in the field.  Moreover, these models could be the first step towards 

understanding the pattern and the underlying distribution of species in East Usambara and in the 

Eastern Arc forests.  This may enable managers and researchers to address the real mechanisms 

or factors that are affected by a threat, as well as the threat (biological or otherwise) itself.   

 

In the current research, all satellite or field/satellite models developed by the different analytical 

techniques generated similar predictabilities.  In finer comparison, the choice was between a 

model’s ability to correctly detect percent of above-average richness areas (i.e.%  actual correct) 

and its ability to ensure that a high percent of the areas predicted as above-average richness by 

the model actually contained high number of tree species (i.e. % predicted correct).  Logistic and 

discriminant analysis showed better predictabilities than other models. However, discriminant 

analysis assumes that data are normally distributed, while this was the case in this study, it may 

not be true in all studies.  If data are non-normally distributed, logistic regression should generate 

better results (Press and Wilson 1978).    Moreover, logistic models are simpler to apply when 

producing maps from satellite images. If discriminant analysis models generated distinctly better 

results compared to the logistic regression model in identifying above-average richness areas, 

despite the complexity, it would have been better to adopt the discriminant model for further and 
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future analysis.  However, given the results, logistic regression appears to be the preferred 

analytical technique now. 

 

The level of prediction achieved by the current models can and should be improved through 

further research to discover the underlying factors influencing the satellite image reflections. If, 

in the near future, KNN analysis can be improved or other recent techniques can be adopted to 

reliably detect stem density (Brandtberg et al. 2003; Gray 2003; Thenkabail et al. 2003) the 

field/satellite model could be mapped, without extensive fieldwork.   However, researchers and 

managers need not wait for such further improvements to apply the current model.  The current 

models by themselves will improve their abilities to assess and monitor the within forest 

diversity and in turn can contribute towards further improvement of the same or similar models 

in the future.   

 

If in the future, it becomes difficult to obtain Landsat ETM images, or if Landsat or other images 

do not record bands equivalent to the current Landsat ETM+ band 7 (2.09-2.35 µm), perhaps 

similar models can be developed based on other mid- infrared bands.  For example, Landsat 

ETM+ band 5, 1.55-1.75 µm, which is highly correlated with Landsat ETM band 7 (RB7), or 

similar bands from other satellite sources, but have lower predictive capabilities than RB7, may 

still be used for similar model generation.  During the initial analyses, Landsat ETM visible red 

band, RB3 (0.63-0.69 µm)-based model showed better results than other visible bands. Perhaps, 

in absence of Landsat mid- infrared band 7 or equivalent ones, the visible red band by itself could 

be used for prediction, or perhaps the predictability of the model to detect above-average 

diversity could be improved by combining it with other available mid- infrared bands. 
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Source: Eastern Arc. 2002 The Bugwood Network – University of Georgia, College of Agricultural 
and Environmental Sciences and Warnell School of Forest Resources. August 8th 
2001.http://www.easternarc.org/html/map.html 
 

 
Figure 1: The Eastern Arc Mountain Forest in Tanzania and Kenya. 
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  Source: Modified from Doody et al. 2001; Beharrell et al. 2002 

 

Figure 2: East Usambara forest sectors in Tanzania, with the Amani and the Nilo 
reserves highlighted. 
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Source: Adopted from Doody et al. 2001. 

 
 
 

Figure 3: Schematic Diagram of the sampling design followed in the Amani Nature 
Reserve, East Usambara, Tanzania.
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The Center point locations of the Amani N.R. plots are overlaid on the 
Landsat ETM image for the area.  The darker clumps represent the previous 
cloud or cloud-shadow areas.  A fine dotted line demarcates the approximate 
boundary for the Amani Nature Reserve. 
 
Figure 4: Locations of vegetation sample plots within the Amani Nature Reserve, 
East Usambara, Tanzania. 
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  Landsat ETM raw image representing bands 4 (near-infrared band in red), 3(in green) and 2 (in blue)  

 
Figure 5:  Locations of the Amani N.R. and the Nilo F.R. forests, East Usambara, Tanzania, on 
the Landsat ETM satellite image used in the current research. 
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Center points of the sampled plots in 
Amani N.R. and Nilo F.R., marked 
(green dots) and overlaid on Landsat 
ETM satellite image for the area  

 
 

Figure 6: Sample plot locations of plots included in the analysis from the Amani N.R. and the 
Nilo F.R. forests, East Usambara, Tanzania.
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Figure 7: Logistic regression models for tree species richness areas projected on Landsat ETM 
satellite image for Amani N.R., East Usambara, Tanzania, where each pixel highlighted in blue 
reflects a probability (θ ≥ 0.5) of hosting above-average tree species richness based on three 
different bands, visible band 1, visible band 3, and mid- infrared band 7.

Landsat ETM band 1 (RB1)
Landsat ETM band 3 (RB3)

 

Landsat ETM band 7 (RB7)

 

Non-forest habitat (tea 
estate) within Amani N.R. 
boundary 
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Figure 8: Number of pixels indicating above-average tree species richness in the non-forest 
habitat (tea-estate) within the boundaries of the Amani N.R., East Usambara, Tanzania, as 
predicted by logistic regression model based on visible band 1, visible band 3, and mid-infrared 
band 7. 

Non-forest habitat (tea estate) within the 

boundaries of Amani N.R. 

 
Landsat ETM band 1 (RB1) 

12194 pixels 

Landsat ETM band 3 (RB3) 

6385 pixels 
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Figure 9: Above average tree species richness areas within the Amani N.R. forest, East 
Usambara, Tanzania, are highlighted. Each highlighted pixel reflects a probability (θ ≥ 0.5) of 
hosting above-average tree species richness identified based on a logistic regression model using 
Landsat ETM mid- infrared band 7.

   Each pixel in the image represents the probability of hosting above -average tree    
  species richness , θ (θ =1 / [1 + exp { -(β o  + ∑  (j=1tok)  β j . Xij)}], i = 1, 2,…n,  

θ= 0.68 - 0.84 

θ= 0.60 - 0.67 

θ= 0.5 - 0.59 
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Figure 10: Chart showing the distribution of tree species number per 0.1 ha plot in the Amani 
N.R., East Usambara Tanzania, against the brightness value of the Landsat ETM band 7 (RB7). 
The trend line showing the correlation (R2).
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Figure 11: Chart showing the distribution of predicted tree species number per 0.1 ha plot in the 
Amani N.R., East Usambara Tanzania, against the residuals generated from the Landsat ETM 
band 7 (RB7) – based model. 
 

 

 

 

 

 

 

 

 

 

 

 

Figure 12: Chart showing the distribution of predicted tree species number per 0.1 ha plot 
against the residuals generated from the Landsat ETM band 7 (RB7) – based model for the 
Amani N.R. forest, East Usambara Tanzania, after records from one plot, a possible outlier, was 
removed.
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Figure 13 : Chart showing the distribution of tree species number per 0.1 ha plot in the 
Amani N.R., East Usambara Tanzania, against the brightness value of the Landsat ETM 
band 7 (RB7) and Number of Trees (per 0.1 ha plot).  
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Figure 14: Chart showing the distribution of predicted tree species number per 0.1 ha plot in the 
Amani N.R., East Usambara Tanzania, against the residuals generated from the tree frequency 
per plot and Landsat ETM band 7 (RB7) - based model. 
 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 15: Chart showing the distribution of predicted tree species number per 0.1 ha plot 
against the residuals generated from the tree frequency per plot and Landsat ETM band 7 (RB7) 
– based model for the Amani N.R. forest, East Usambara Tanzania,  after records from one plot, 
a possible outlier, was removed. 
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Table 1.  Field and satellite-image-based variable selection from the Amani N.R. data set, East 
Usambara, Tanzania, for further analysis. 
Variables:            Mean or Percent   W Scores or χ 2 Value P-value 

               High-div area(58)   Not-high div area(60)  
Field Data 
Number of trees 73.4  46 4259    <0.0001 
Number of seedlings 65.4  53.7 3797   0.0295 
Altitude 67.9  51.3 3940   0.0043 
Percent litter cover 67.2  51.9 3901   0.0065 
Slope 63.3  55.7 3676   0.1136 
Percent herb cover 55.2  63.5 3207   0.0923 
Percent bare soil  62.5  56.5 3625   0.1584 
Canopy height (%) 15.25  84.75 6.9637  0.0083 
Percent ground cover (%) 18.64  81.36 1.7696  0.1853 
Percent shrub cover (%) 32.2  67.8 3.3987  0.0652 
Percent tree canopy cover (%) 55.08  44.92 0.1235  0.7253 
Water association(%) 33.9  66.1 1.0715  0.3006 

Satellite Image-based Data 
Raw band 1 45.6 72.8 2650  <0.0001 
Raw band 2 47.1 71.4 2732    0.0001 
Raw band 3 46.3 72.1 2691  <0.0001 
Raw band 4 51.9 66.8 3010    0.0178 
Raw band 5 50.1 68.5 2906    0.0034 
Raw band 7 49.5 69.1 2873    0.0018 
Mean(3X3) band 1 46.7 71.8 2709  <0.0001  
Mean(3X3) band 2 47 71.5 2728    0.0001 
Mean(3X3) band 3 46.8 71.7 2715   <0.0001 
Mean(3X3) band 4 52.2 66.5 3030    0.0238 
Mean(3X3) band 5 50 68.5 2905    0.0033 
Mean(3X3) band 7 49 69.6 2843    0.0011 
Mean(5X5) band 1 47.1 71.4 2733    0.0001 
Mean(5X5) band 2 46.8 71.7 2714   <0.0001 
Mean(5X5) band 3 47 71.5 2729    0.0001 
Mean(5X5) band 4 51.9 66.7 3014    0.0189 
Mean(5X5) band 5 49 69.5 2845    0.0011 
Mean(5X5) band 7 47.7 70.8 2770    0.0002  
Mean(7X7) band 1 47.1 71.4 2732    0.0001 
Mean(7X7) band 2 46.5 72 2701   <0.0001 
Mean(7X7) band 3 47.2 71.3 2738    0.0001 
Mean(7X7) band 4 51.3 67.4 2976    0.0106 
Mean(7X7) band 5 48.1 70.4 2792    0.0004 
Mean(7X7) band 7 47.2 71.3 2742    0.0001 
Texture(3X3) band 1 53.3 65.4 3097    0.0569 
Texture(3X3) band 2 51.5 67.1 2991    0.0149 
Texture(3X3) band 3 53.5 65.3 3103    0.0613 
Texture(3X3) band 4 57.5 61.3 3339    0.5484 
Texture(3X3) band 5 52.6 66.1 3054    0.0324 
Texture(3X3) band 7 53.9 64.8 3131    0.0881 
Texture (5X5) band 1 52.7 66 3058    0.0346 
Texture (5X5) band 2 51 67.6 2962    0.0086 
Texture (5X5) band 3 50.4 68.2 2925    0.0047 
Texture (5X5) band 4 59.7 59.2 3465    0.9422 
Texture (5X5) band 5 54.3 64.4 3151    0.1075 
   

           Continued
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Variables:            Mean or Percent   W Scores or χ 2 Value P-value 
               High-div area(58)   Not-high div area(60)  
 
Texture (5X5) band 7 53.9 64.9 3127    0.0816 
Texture (7X7) band 1 53.4 65.3 3102    0.0607 
Texture (7X7) band 2 53.2 65.5 3086    0.0497 
Texture (7X7) band 3 52.8 65.9 3062    0.0367 
Texture (7X7) band 4 59.6 59.4 3457    0.9764 
Texture (7X7) band 5 55.6 63.1 3230    0.2352 
Texture (7X7) band 7 54.7 64.1 3174    0.1393 
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Table 2.  List of satellite image-based variables that were included in the in terim data set for variable 
selection process, before initiating model fitting to detect above average tree species richness 
areas within the humid tropical forest of Amani N.R., East Usambara, Eastern Arc, Tanzania. 
 

Source          Variables  
 

Satellite image-based variables -Original Landsat ETM image (without bands 1, 2, 3, 4, 5, 7  
 cloud cover) 
- Mean image calculated from original bands 1, 3 
  image where mean calculated within 
  a 3 X 3 window 
- Mean image calculated from original bands 2 
  image where mean calculated within 
  a 5 X 5 window 
- Mean image calculated from original bands 2 
  image where mean calculated within 
  a 7 X 7 window  
- Normalized Difference Moisture Index NDMI1, NDMI2 
  (NDMI)  
    

Normalized Difference Moisture Index or NDMI = (near infrared band – mid infrared band)/ (near 
infrared band + mid infrared band): NDMI1 calculated with band4 and band 7, NDMI2 with band 4 and 
band 5.
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Table 3. Satellite image-based variable selection based on predictions for above average tree species 
richness or high tree diversity areas in Amani N.R, East Usambara, Tanzania using logistic regression 
equation.  

             Actual1          Total           Correct 
 
Predicted2    High tree diversity   Not high diversity          n       % 
 
Landsat ETM band 1 (RB1)-based Model 
High tree diversity area  47   28      75  62.6 
Not high diversity area  11   32      43  74.4 
Total (n)    58   60     118  
Correct (%)   81.0   53.3    66.9 
 
Landsat ETM band 3 (RB3)-based Model 
High tree diversity area  45   26      71  63.3 
Not high diversity area  13   34      47  72.3 
Total (n)    58   60     118  
Correct (%)   77.5   56.6    66.9 
 
Landsat ETM band 7 (RB7)-based Model 
High tree diversity area  42   25      67  62.6 
Not high diversity area  16   35      51  68.6 
Total (n)    58   60     118  
Correct (%)   72.4   58.3    65.3 
 
Landsat ETM band 4 (RB4) and NDMI1 -based Model 
High tree diversity area  22   14      36  61.1 
Not high diversity area  36   46      82  56.0 
Total (n)    58   60     118  
Correct (%)   37.9   76.6    57.6  
 
Number of high tree diversity locations = 58, Not high tree diversity locations = 60  (Above average species tree richness or high 
tree diversity locations for Amani N.R. are those with ≥ 16 trees per plot). 
1Actual column records number of above average (high) or average/below average (not-high) diversity areas included in the 
dataset used to create the model. Actual Correct % for high tree diversity (highlighted) refers to the percent of known above 
average tree species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  
 
NDMI1 (Normalized Difference Moisture Index) = (band 4 – band7)/ (band 4 + band 7)
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Table 4. List of satellite image-based variables that were included in the final data set before initiating 
model fitting to detect above average tree species richness areas within the humid tropical forest of Amani 
N.R., East Usambara, Eastern Arc, Tanzania. 
 

Source          Variables  
 

Field based variables    East Usambara M.S. Access data base number of trees, 
      (maintained by EUCAMP)  number of seedlings,  
         and altitude 
 
Satellite image-based variables -Original Landsat ETM image (without bands 4, 7  

 cloud cover) 
- Mean image calculated from original bands 4, 5, 7 
  image where mean calculated within 
  a 3 X 3 window 
- Mean image calculated from original bands 4, 5, 7 
  image where mean calculated within 
  a 5 X 5 window 
- Mean image calculated from original bands 4, 5, 7 
  image where mean calculated within 
  a 7 X 7 window  
- Normalized Difference Moisture Index NDMI1, NDMI2 
  (NDMI)  
    

          
All fourteen variables were present for each record in Amani N.R. data set. Records for number of 
seedlings and altitude were missing from some records of Nilo F.R. data. All Nilo F.R. records included 
in the analysis had satellite image-based variables and number of tree records. 
 
Normalized Difference Moisture Index or NDMI = (near infrared band – mid infrared band)/ (near 
infrared band + mid infrared band): NDMI1 calculated with band4 and band 7, NDMI2 with band 4 and 
band 5. 
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Table 5.  A list of analyses performed to predict areas of  high tree species richness or species number in 
Amani N.R. and Nilo F.R. forests of East Usambara, Tanzania. 
 
   Data used: Amani N.R.        Nilo F.R.   Amani and Nilo 
                  combined 
Analysis 
Logistic Regression 
    - Satellite model   
          -Extrapolated satellite model 

         (with Nilo F.R. high diversity 
         are defined as ≥ 13 sp per plot) 

          - Extrapolated satellite model 
          (with Nilo F.R. high diversity 
          are defined as ≥ 16 sp p er plot) 
    - Field/satellite  model 
          - Extrapolated field/satellite model 
          (with Nilo F.R. high diversity 
          are defined as ≥ 13 sp per plot) 
           - Pooled model (where  
           high diversity area 
           defined as ≥ 15sp per  
                plot  
           - Combined model (where  
           high diversity area for  
           Amani defined as ≥ 16 
                              sp and for Nilo ≥ 13sp 
    - Satellite model 
   (using moisture index 
   as a variable) 
    - Satellite model 
   (using moisture index 
   as a variable) 
Discriminant Analysis 
    - Satellite model 
         - Extrapolated satellite model 
          (with Nilo F.R. high diversity 
         are defined as ≥ 13 sp per plot) 
  - Field/satellite model  

  (with Nseed as one 
  of the field variables) 

 
  -  Field/satellite model 
     

     - Extrapolated field/satellite model 
       (with Nilo F.R. high diversity 
       are defined as ≥ 13 sp per plot)  

Linear regression Analysis 
  - Satellite model 
  - Field/satellite model       
K-nearest neighbor Analysis 
    -Satellite model 
    - Field/satellite model 
    - Field/satellite model (with number of tree as dependent  
       and all other variables except number of species 
      as dependent variable 
 
”Satellite model” refer to all models using one or more of the eleven satellite image-based variables, and “Field/satellite  model” 
refer to models using satellite and field based variables. All field/satellite models except otherwise mentioned used Landsat ETM 
band 7 and number of trees in the model. 
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Table 6.  Model selection in logistic analysis for predicting above average tree species richness areas 
within the tropical forest of Amani N.R., East Usambara, Tanzania, using Akaike’s Information Criteria 
(AIC). 
 
Model     Band  AIC  ∆ i AIC  ω i 
 
Satellite Image-based models   RB7  150.73   0  0.879572 
     M55B7  157.954  7.224  0.023747 
     M77B7  158.039  7.309  0.022758 
     M33B7  158.428  7.698  0.018736 

M33B5  158.790  8.060  0.015634 
     M55B5  159.171  8.441  0.012922 
     M33B5  159.710  8.980  0.009869 
     RB4  159.833  9.103  0.009281 
     M77B4  161.951  11.221  0.003219 
     M55B4  162.701  11.971  0.002212 
     M33B4  162.853  12.123  0.002050 
  Field data Used  
Satellite Image  Number of trees    RB7  134.276   0  0.928034 
And field data-          -do-  RB4  142.781  8.505  0.013205 
based models          -do-  M33B7  143.023  8.747  0.011700 
           -do-  M55B7  143.373  9.097  0.009821 

         -do-  M55B5  143.749  9.473  0.008138 
         -do-  M33B5  144.02  9.744  0.007107 

           -do-  M77B5  144.083  9.807  0.006887 
           -do-  M77B7  144.198  9.922  0.006502 
           -do-  M77B4  145.735  11.459  0.003015 
           -do-  M55B4  146.09  11.814  0.002525 
           -do-  M33B4  146.283  12.007  0.002292 
  Number of seedlings RB7  149.474  15.198  0.000465 
  Altitude   RB7  151.685  17.409  0.000154 
  Number of seedlings RB4  155.017  20.741  0.000029 

         -do-  M55B7  155.945  21.669  0.000018 
         -do-  M77B7  156.013  21.737  0.000017 

           -do-  M77B5  156.124  21.848  0.000016 
           -do-  M33B7  156.344  22.068  0.000015 
           -do-  M55B5  156.486  22.21  0.000014 
           -do-  M33B5  156.904  22.628  0.000013 

         -do-  M77B4  157.889  22.613  0.0000069 
           -do-  M55B4  158.633  24.357  0.0000047 
           -do-  M33B4  158.667  24.391  0.0000046 
  Altitude   M55B7  159.376  25.1  0.0000032 

         -do-  M77B7  159.387  25.111  0.0000032 
         -do-  M33B7  159.953  25.677  0.0000024 

           -do-  M77B5  160.023  25.747  0.0000023 
           -do-  M55B5  160.481  26.205  0.0000018 
           -do-  RB4  160.942  26.666  0.0000015 
           -do-  M33B5  161.098  26.822  0.0000013 

         -do-  M77B4  163.222  28.946  0.0000004 
           -do-  M55B4  164.098  29.822  0.0000003 
           -do-  M33B4  164.324  30.048  0.0000002 
 
∆i AIC or Delta-AIC = AICi  - minimum AIC. That is, the difference between AIC values of each i model and the smallest AIC 

value in the models compared. ω i or Akaike weights =  exp (- 1/2∆AICi) / ∑ =

R

r 1
exp (- 1/2∆AICr), where R is the number of 

models.  
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Table 7. Logistic regression models for predicting above average tree species richness areas within the 
tropical forest of Amani N.R., East Usambara, Tanzania. 
 
Logistic Model                  Model Selection   Model verification 
Variables2         AIC  Overall % Correct1         Hosmer & Lemeshow 
           Goodness of Fit Test 
 
Satellite-image-based models 
 
Variables used (11):       164.37          54.2    0.41 
RB4, RB7, M33B4, M33B5, M33B7, 
M55B4, M55B5, M55B7, M77B4,  
M77B5, M77B7  
 
Variable used (1)3: 
RB7        150.73          65.3    0.89 
 
Satellite-image and field based models 
 
Variables used (14):       147.38          69.5    0.38 
RB4, RB7, M33B4, M33B5, M33B7, 
M55B4, M 55B5, M55B7, M77B4,  
M77B5, M77B7, Ntree, Nseed, Alti 
 
Variable used (2)3: 
RB7, Ntree       134.28          76.3    0.29 
1 Overall percent correct is measured at θ i.e. the probability of high diversity area = 0.5. [The logistic 
equation: θ = 1 / [1 + exp { -(βo  + ∑ (j=1tok) βj . Xij)}], i = 1, 2,…n, where βo  is the beta value of the 
intercept,  βj is the beta value of the j independent variables, and Xij are data value of the independent 
variables present or selected by the regression process]. 
 
2 Variables: All satellite image-based variables are brightness values recorded for the pixels corresponding 
to the ground sampled locations for different bands: RB4 and RB7 refers to (raw) values of bands 4 and 7 
respectively. Mean values of certain pixels surrounding the sampled pixels were included. If the mean is 
taken over 3X3 window then ‘33’ appears in the variable name, and M33B4, M33B5, M33B7 refer to 
mean brightness values over 3X3 pixels taken for bands 4, 5, and 7. Three window sizes are used 3X3, 
5X5, and 7X7. Accordingly, M55B4, M55B5, M55B7 and M77B4, M77B5, and M77B7 refer to window 
sizes 5X5 and 7X7 for bands 4, 5, and 7 respectively.  Field Variables: Ntree = number of trees ≥  10cm 
dbh, Nseed = number of seedlings, Alti = alt itude measured in meters within each plot. 
 
3 The best model using selected variables was chosen by comparing Akaike Information Criteria (AIC) of 
different models. The same variables were also selected in the model when logistic stepwise selection 
procedure was used to select the most appropriate variables.
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Table 8. Logistic regression* parameter estimates for predicting high tree diversity areas within the 
tropical forest of Amani N.R., Tanzania using only satellite image-based variables. 
 
 Variables      Parameter Estimates 

     β  SE      χ2              P-value 

 Intercept     5.7770  1.6802  11.8215  0.0006 
 RB 7    -0.1790  0.0519  11.8741  0.0006 

*The logistic equation: θ = 1 / [1 + exp { -(βo  + ∑ (j=1tok) βj . Xij)}], i = 1, 2,…n, where θ is the probability of high diversity area,  
βo  is the beta value of the intercept,  βj  is the beta value of the j independent variables, and Xij are data value of the independent 
variables selected by the stepwise regression process. 

 
 
 
 
Table 9. Predictions for above average tree species richness or high tree diversity areas in Amani N.R, 
East Usambara, Tanzania based on logistic equation using Landsat ETM satellite image-based variable, 
band 7 (RB7).  
 

             Actual1          Total           Correct K̂  
 
Predicted2  High tree diversity   Not high diversity          n       %  
 
High tree diversity area  42   25      67  62.6 
Not high diversity area  16   35      51  68.6 
Total (n)    58   60     118  
Correct (%)   72.4   58.3    65.3 0.31 
 
Number of high tree diversity locations = 58, Not high tree diversity locations = 60  (Above average species tree richness or high 
tree diversity locations for Amani N.R. are those with ≥ 16 trees per plot). 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
 
 

 



Nina Sengupta  Tables  

82 

Table 10.  Results of applying logistic regression model (with satellite image-based variable Landsat 
ETM band 7 (RB7) as predictor) generated in Amani N.R. to Nilo F.R. area to predict high tree diversity 
or the above average tree species richness areas in Nilo F.R., East Usambara Tanzania. High tree diversity 
area in Nilo F.R. has been defined based on the Nilo forest record (≥13 tree species per plot). 
 

             Actual1          Total          Correct K̂  
 
Predicted2   High tree diversity  Not high diversity          n       %  
 
High tree diversity area  17   15      32  53.1 
Not high diversity area  11   26      37  70.2 
Total (n)    28   41      69  
Correct (%)   60.7   63.4    62.3 0.24 
 
Number of high tree diversity locations in Nilo = 28, Not high tree diversity locations = 41  (Above average species tree richness 
or high tree diversity locations for Nilo F.R. are those with ≥ 13 trees per plot).  
 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct. 
 

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
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Table 11. Results from applying logistic regression model generated in Amani N.R. to Nilo F.R. area to 
predict high tree diversity or the above average tree species richness areas in Nilo F.R., East Usambara 
Tanzania. High tree diversity area in Nilo F.R. has been defined based on the Nilo forest record (≥16 tree 
species per plot). 
 

             Actual1           Total             Correct K̂  
 
Predicted2   High tree diversity  Not high diversity          n       % 
 
High tree diversity area  13   19      32  40.6 
Not high diversity area  10   27      37  73.0 
Total (n)    23   46      69  
Correct (%)   56.5   58.6    58.0 0.14 
 
Number of high tree diversity locations in Nilo = 23, Not high tree diversity locations = 46  (Above average species tree richness 
or high tree diversity locations for Nilo F.R. are those with ≥ 16 trees per plot). 
 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct. 
 

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
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Table 12. Logistic regression1 parameter estimates for predicting above average tree species richness 
areas within the tropical forest in Tanzania from the pooled2 Amani N.R and Nilo F.R. forests using only 
satellite image-based variables. 
 
 Variables      Parameter Estimates 

     β  SE      χ2              P-value 

 Intercept     3.1066  0.9977   9.6962  0.0018 
 RB 7    -0.0982  0.0302  10.5564  0.0012 

1. The logistic equation: θ = 1 / [1 + exp { -(βo  + ∑ (j=1tok) βj . Xij)}], i = 1, 2,…n, where θ is the probability of high diversity area,  
βo  is the beta value of the intercept,  βj  is the beta value of the j independent variables, and Xij are data value of the independent 
variables selected by the stepwise regression process. 
 
2. In the pooled data set, above average species tree richness or high tree diversity locations were those with ¥15 tree species per 
plot.  Number of high tree diversity locations = 87, Not high tree diversity locations = 100   
 
 
 
Table 13. Predictions based on logistic regression for above average tree species richness or high tree 
diversity areas in the pooled dataset* that include records from Amani N.R, Nilo F.R., East Usambara, 
Tanzania using Landsat ETM satellite image-based variable, band 7 (RB7). 
 

      Actual1                 Total correct  K̂  
 
Predicted2   High tree diversity  Not high diversity          n       % 
 
High tree diversity area  47   31       78  60.0 
Not high diversity area  40   69      108  63.8 
Total (n)    87   100      187  
Correct (%)   54.0   69.0    62.0 0.23 
 
* In the pooled data set, above average species tree richness or high tree diversity locations were those with ≥ 15 tree species per 
plot.  Number of high tree diversity locations = 87, Not high tree diversity locations = 100   
 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

 

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
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Table 14.  Logistic regression1 parameter estimates for predicting above average tree species richness 
areas within the tropical forest in Tanzania from the combined2 Amani N.R and Nilo F.R. forests using 
only satellite image-based variables. 
 
 Variables      Parameter Estimates 

     β  SE      χ2              P-value 

 Intercept    4.4724  1.1392  15.4130  <0.0001 
 RB 7    -0.1410  0.0349  16.3327  <0.0001 

1. The logistic equation: θ = 1 / [1 + exp { -(βo  + ∑ (j=1tok) βj . Xij)}], i = 1, 2,…n, where θ is the probability of high diversity area,  
βo  is the beta value of the intercept,  βj  is the beta value of the j independent variables, and Xij are data value of the independent 
variables selected by the stepwise regression process. 
 
2. In the combined data set, above average species tree richness or high tree diversity locations were defined based on the 
individual forest the records came from. Plots from Amani N.R. with ≥ 16 tree species per plot and from Nilo F.R. with ≥ 13 
tree species per plot were defined as high diversity areas or areas with above average species richness. Number of high tree 
diversity locations = 86, Not high tree diversity locations = 101. 
 
 
 
Table 15. Predictions based on logistic regression for above average tree species richness or high tree 
diversity areas in the combined dataset* that include records from Amani N.R, Nilo F.R., East Usambara, 
Tanzania using Landsat ETM satellite image-based variable, band 7 (RB7). 
 

   Actual1                 Total correct  K̂  
 
Predicted2   High tree diversity  Not high diversity          n       % 
 
High tree diversity area  47   31       78  60.2 
Not high diversity area  39   70      109  64.2 
Total (n)    86   101      187  
Correct (%)   54.6   69.3    62.6 0.24 
 
*In the combined data set, above average species tree richness or high tree diversity locations were defined based on the 
individual forest the records came from. Plots from Amani N.R. with ≥ 16 tree species per plot and from Nilo F.R. with ≥ 13 
tree species per plot were defined as high diversity areas or areas with above average species richness. Number of high tree 
diversity locations = 86, Not high tree diversity locations = 101. 
 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

 

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
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Table 16 Linear discriminant function* parameters to predict high tree diversity areas within the tropical 
forest of Amani N.R., Tanzania using only satellite image-based variables.  
 
Variable               Parameter Estimates  
 
      High tree diversity (=1)   Not high diversity (=0) 

Constant -18.07899 -22.73494 
RB7  1.16964  1.31163 
*The linear discriminant function can be written as: = constant + β1X1  + β2X2 ….+ βjXj , where βj  is the beta value of the j 
independent variables, and Xij are data value of the discriminating variable. 
 
 
 
Table 17. Predictions for above average tree species richness or high tree diversity areas in Amani N.R., 
East Usambara, Tanzania based on discriminant analysis using Landsat ETM satellite image-based 
parameter band 7 (RB7). 
 

    Actual1          Total            Correct K̂  

 
Predicted2   High tree diversity  Not high diversity          n       % 
 
High tree diversity area  42 (61.5%)  25      67  62.6 
Not high diversity area  16   35 (65.2%)     51  68.6 
Total (n)    58   60    118  
Correct (%)   72.4   58.3    65.3 0.31 
 
Number of high tree diversity locations in Amani N.R. = 58, Not high tree diversity locations = (Above average species tree 
richness or high tree diversity locations for Amani N.R. are those with ≥ 16 trees per plot).  Numbers in parenthesis indicate 
posterior probabilities of observations of belonging to the group that were classified. 
 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

 

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
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Table 18. Results from applying discriminant function generated in Amani N.R. to Nilo F.R. area to 
predict high tree diversity or the above average tree species richness areas in Nilo F.R., East Usambara 
Tanzania using only satellite image-based variable (Landsat ETM band 7, RB7).  High tree diversity area 
in Nilo F.R. has been defined based on the Nilo forest record (≥13 tree species per plot).  
 

     Actual1           Total            Correct K̂  

 
Predicted2   High tree diversity  Not high diversity          n       % 
 
High tree diversity area  17   15      32  53.1 
Not high diversity area  11   26      37  70.2 
Total (n)    28   41      69  
Correct (%)   60.7   63.4    62.3 0.24 
 
Number of high tree diversity locations in Nilo = 28, Not high tree diversity locations = 41  (Above average species tree richness 
or high tree diversity locations for Nilo F.R. are those with ≥ 13 trees per plot). 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
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Table 19.  Logistic regression* parameter estimates for predicting high tree diversity areas within the 
tropical forest of Amani N.R., East Usambara, Tanzania using satellite image and field-based variables. 

 Variables      Parameter Estimates 

     β  SE      χ2              P-value 

 Intercept     3.9542  1.9634   4.0562  0.0440 
 RB 7    -0.2100  0.0630  11.0961  0.0009 
 Ntree    0.0647  0.0170  14.4259  0.0001 
*The logistic equation: θ = 1 / [1 + exp { -(βo  + ∑ (j=1tok) βj . Xij)}], i = 1, 2,…n, where θ is the probability of high diversity area,  
βo  is the beta value of the intercept,  βj  is the beta value of the j independent variables, and Xij are data value of the independent 
variables selected by the stepwise regression process. 

 
 
 
 
 
Table 20. Predictions for above average tree species richness or high tree diversity areas in Amani N.R, 
East Usambara, Tanzania based on logistic equation using Landsat ETM satellite image-based variable, 
band 7 (RB7) and rapidly collectable field parameter, number of trees (≥10cm dbh). 
 

            Actual1           Total                 Correct K̂  
 
Predicted2   High tree diversity  Not high diversity          n       % 

High tree diversity area  47   17      64  73.4 

Not high diversity area  11   43      54  79.6 
Total (n)    58   60     118  
Correct (%)   81.0   71.6    76.3 0.53 
 
Number of high tree diversity locations = 58, Not high tree diversity locations = 60  (Above average species tree richness or high 
tree diversity locations for Amani N.R. are those with ≥ 16 trees per plot). 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

 

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
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Table 21.  Results of applying logistic regression model (with satellite image-based variable Landsat 
ETM band 7 (RB7) and  field variable, number of trees (Ntree) as predictors) generated in Amani N.R. to 
Nilo F.R. area to predict high tree diversity or the above average tree species richness areas in Nilo F.R., 
East Usambara Tanzania. High tree diversity area in Nilo F.R. has been defined based on the Nilo forest 
record (≥13 tree species per plot).  
 
                   Actual1          Total             Correct K̂  
 
Predicted2   High tree diversity  Not high diversity          n       % 

Model  
High tree diversity area  15   03      18  83.4 
Not high diversity area  13   38      51  74.5 
Total (n)    28   41      69  
Correct (%)   53.5   92.6    76.8 0.49 
 
Number of high tree diversity locations in Nilo = 28, Not high tree diversity locations = 41  (Above average species tree richness 
or high tree diversity locations for Nilo F.R. are those with ≥ 13 trees per plot). 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 

 
 



Nina Sengupta  Tables  

90 

Table 22. Logistic regression1 parameter estimates for predicting above average tree species richness 
areas within the tropical forest in Tanzania from the pooled2 Amani N.R and Nilo F.R. forests using both 
satellite image-based and field variables. 
 
 Variables      Parameter Estimates 

     β  SE      χ2              P-value 

 Intercept    0.0283  1.2777   0.0005   0.9823 
 RB 7    -0.0885  0.0367   5.8133   0.0159 
 Ntree     0.0710  0.0128  30.9334  <0.0001 

1. The logistic equation: θ = 1 / [1 + exp { -(βo  + ∑ (j=1tok) βj . Xij)}], i = 1, 2,…n, where θ is the probability of high diversity area,  
βo  is the beta value of the intercept,  βj  is the beta value of the j independent variables, and Xij are data value of the independent 
variables selected by the stepwise regression process. 
 
2. In the pooled data set, above average species tree richness or high tree diversity locations were those with ≥ 15 tree species per 
plot.  Number of high tree diversity locations = 87, Not high tree diversity locations = 100   

 
 
 
 
Table 23. Predictions based on logistic regression for above average tree species richness or high tree 
diversity areas in the pooled dataset* that include records from Amani N.R, Nilo F.R., East Usambara, 
Tanzania using Landsat ETM satellite image-based (band 7, RB7) and field variables (number of trees, 
Ntree). 

 

Actual1                 Total correct  K̂  
 
Predicted2   High tree diversity  Not high diversity          n       % 

Model  
High tree diversity area  61   26       87  70.0 
Not high diversity area  26   74      100  74.0 
Total (n)    87   100      187  
Correct (%)   70.1   74.0    72.1 0.44 
 
* In the pooled data set, above average species tree richness or high tree diversity locations were those with ≥ 15 tree species per 
plot.  Number of high tree diversity locations = 87, Not high tree diversity locations = 100   
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
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Table 24. Logistic regression1 parameter estimates for predicting above average tree species richness 
areas within the tropical forest in Tanzania from the combined2 Amani N.R and Nilo F.R. forests using 
both satellite image-based and field variables. 
 
 Variables      Parameter Estimates 

     β  SE      χ2              P-value 

 Intercept    2.0262  1.4082   2.0703   0.1502 
 RB 7    -0.1533  0.0433  12.5570  <0.0004 
 Ntree    0.0722  0.0131  30.4966  <0.0001 

1. The logistic equation: θ = 1 / [1 + exp { -(βo  + ∑ (j=1tok) βj . Xij)}], i = 1, 2,…n, where θ is the p robability of high diversity area,  
βo  is the beta value of the intercept,  βj  is the beta value of the j independent variables, and Xij are data value of the independent 
variables selected by the stepwise regression process. 
 
2. In the combined data set, above average species tree richness or high tree diversity locations were defined based on the 
individual forest the records came from. Plots from Amani N.R. with ¥16 tree species per plot and from Nilo F.R. with ≥ 13 tree 
species per plot were defined as high diversity areas or areas with above average species richness. Number of high tree diversity 
locations = 86, Not high tree diversity locations = 101. 
 
 
 
 
 
Table 25. Predictions based on logistic regression for above average tree species richness or high tree 
diversity areas in the combined dataset* that include records from Amani N.R, Nilo F.R., East Usambara, 
Tanzania using Landsat ETM satellite image-based (band 7 ,RB7) and field variable (number of trees, 
Ntree). 
 

             Actual1                 Total correct  K̂  
 
Predicted2   High tree diversity  Not high diversity          n       % 
 
High tree diversity area  65   24       89  73.0 
Not high diversity area  21   77       98  78.5 
Total (n)    86   101      187  
Correct (%)   75.5   76.2    75.9 0.52 
 
*In the combined data set, above average species tree richness or high tree diversity locations were defined based on the 
individual forest the records came from. Plots from Amani N.R. with ¥16 tree species per plot and from Nilo F.R. with ≥ 13 tree 
species per plot were defined as high diversity areas or areas with above average species richness. Number of high tree diversity 
locations = 86, Not high tree diversity locations = 101. 
 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

 
 

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
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Table 26. Discriminant analysis results of locating high tree diversity areas in Amani, N.R, East 
Usambara Tanzania based on satellite image (raw band 7) and field-based predictors  (number of trees 
and number of seedlings). 
 

                      Actual1          Total          Correct K̂  
 
Predicted2   High tree diversity  Not high diversity          n       % 
 
High tree diversity area  46 (68.7%)  22        68  67.6 
Not high diversity area  12     38 (73.6%)     50  76.0 
Total (n)    58   60     118  
Correct (%)   79.3   63.3    71.1 0.43 
 
Number of high tree diversity locations = 58, Not high tree diversity locations = 60  (Number of species per plot ≥ 16 considered 
as high tree diversity location for Amani N.R). Percent figures in parenthesis indicate posterior probability of the observations 
belonging to that correctly classified group. Number if parentheses indicate posterior probability of observations belonging to the 
group that it has been classified. 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
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Table 27. Linear discriminant function* for Nspdiv, where Nspdiv=1 are the high tree diversity areas 
(and Nspdiv=0 are not) in Amani, N.R, East Usambara Tanzania based on satellite image variable (raw 
band 7: RB7) and field based variable (number of trees: Ntree). 
 
Variable                          Nspdiv  
      High tree diversity (=1)   Not high diversity (=0) 
 

Constant -24.48385 -26.59101 
RB7  1.19750  1.33325 
Ntree  0.24685  0.19155 
*The linear discriminant function can be written as: = constant + β1X1  + β2X2 ….+ βjXj , where βj  is the beta value of the j 
independent variables, and Xij are data value of the discriminating variables. 
 
 
 
Table 28. Discriminant analysis results of locating high tree diversity areas in Amani, N.R, East 
Usambara Tanzania based on satellite image (raw band 7) and field-based predictor  (number of trees). 
 

                  Actual1          Total            Correct K̂  
 
Predicted2   High tree diversity  Not high diversity          n       % 
 
High tree diversity area  49 (67.3%)  19        68  72.0 
Not high diversity area   9     41 (71%)     50  82.0 
Total (n)    58   60     118  
Correct (%)   84.4   68.3    76.3 0.53 
 
Number of high tree diversity locations = 58, Not high tree diversity locations = 60  (Number of species per plot ≥ 16 considered 
as high tree diversity location for Amani N.R). Percent figures in parenthesis indicate posterior probability of the observations 
belonging to that correctly classified group. Number if parentheses indicate posterior probability of observations belonging to the 
group that it has been classified. 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
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Table 29. The results of extrapolating field/satellite  discriminant analysis model (based on band7 and 
Number of trees) from Amani N.R. to Nilo F.R. area to predict high tree diversity areas in Nilo F.R., East 
Usambara, Tanzania. High tree diversity area in Nilo F.R. based on Nilo forest records (≥13 trees species 
per plot).   
 
                 Actual1           Total              Correct K̂  
 
Predicted2   High tree diversity  Not high diversity          n       % 

 
High tree diversity area  16   03      19  84.2 
Not high diversity area  12   38      50  76.0 
Total (n)    28   41      69  
Correct (%)   57.1   92.6    78.3 0.53 
 
Number of high tree diversity locations in Nilo = 28, Not high tree diversity locations = 41  (Number of species per plot ≥ 13 
considered as high tree diversity location for Nilo). 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy)



Nina Sengupta  Tables  

95 

Table 30.  Multiple linear regression analysis results for predicting tree species number per plot  in 
Amani, N.R, East Usambara Tanzania based on satellite image-based variable (Landsat ETM band 7, 
RB&). 
 
         R-Square = 0.11  
                                   Analysis of Variance 
                                        Sum of            Mean 
 Source                    DF         Squares          Square     F Value     Pr > F 
 
 Model                         1         291.6849       291.684       15.41      0.0001 
 Error                     116       2195.8828  18.9300 
 Corrected Total    117       2487.5678 
 

Parameter Standard 
Variable        Estimate  Error     Type II SS   F Value   Pr > F 
 
Intercept       24.61084       2.45324     1905.13195     100.64   <.0001 
RB7     -0.28946       0.07374        291.68496       15.41    0.0001 
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Table 31 Predictions for above average tree species richness or high tree diversity areas in Amani N.R, 
East Usambara, Tanzania based the predicted tree species numbers generated by the multiple linear 
regression model using Landsat ETM satellite image-based variable, band 7 (RB7).  
 

             Actual1          Total           Correct K̂  
 
Predicted2   High tree diversity   Not high diversity          n       % 
 
High tree diversity area  32   19      51  62.7 
Not high diversity area  26   41      67  61.1 
Total (n)    58   60     118  
Correct (%)   55.1   68.3    61.8 0.24 
 
Number of high tree diversity locations = 58, Not high tree diversity locations = 60  (Above average species tree richness or high 
tree diversity locations for Amani N.R. are those with ≥ 16 trees per plot). 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy)
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Table 32 Multiple linear regression analysis results for predicting tree species number per plot  in 
Amani, N.R, East Usambara Tanzania based on satellite image-based variable (Landsat ETM band 7, 
RB7) and field data (number of trees per plot, Ntree). 

 
   R-Square = 0.35 

 
                                Analysis of Variance 
                                        Sum of            Mean 
 Source                    DF          Squares          Square     F Value     Pr > F 
 
 Model                         2         892.43902 446.21951       32.17     <.0001 
 Error                     115       1595.12877   13.87068 
 Corrected Total    117       2487.56780 
 
                      Parameter Standard 
Variable        Estimate  Error     Type II SS   F Value   Pr > F 
 Intercept        16.08336       2.46756     589.27416     42.48    <.0001 
RB7    -0.21866      0.06403     161.75535     11.66    0.0009 
Ntree    0.14676        0.02230     600.75407     43.31    <.0001 
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Table 33 Predictions for above average tree species richness or high tree diversity areas in Amani N.R, 
East Usambara, Tanzania based the predicted tree species numbers generated by the multiple linear 
regression model using Landsat ETM satellite image-based variable, band 7 (RB7) and rapidly collectable 
field parameter, number of trees (≥10cm dbh). 
 

             Actual1          Total           Correct K̂  
 
Predicted2   High tree diversity   Not high diversity          n       % 
 
High tree diversity area  43   17      60  71.6 
Not high diversity area  15   43      58  74.1 
Total (n)    58   60     118  
Correct (%)   74.1   71.6    72.8 0.34 
 
Number of high tree diversity locations = 58, Not high tree diversity locations = 60  (Above average species tree richness or high 
tree diversity locations for Amani N.R. are those with ≥ 16 trees per plot). 
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy)
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Table 34.  Results of K-nearest neighbor analysis with combined Amani N.R. and Nilo F.R. data set 
using Landsat ETM band 7 (RB7) and number of trees per plot (Ntree) as predictors, where K nearest 
neighbor used to calculate species per plot is six (K=6). 
 
Number of Nearest Actual     Calculated     RMSE Bias Std.Error of Bias     r 
Neighbor used  Mean      Mean           

    
 
 6  13.8395       13.875     3.657       0.035            0.267  0.68 
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Table 35.  Results of correlation between actual tree species numbers, and numbers predicted by the K-
nearest neighbor analysis with combined Amani N.R. and Nilo F.R. data set using Landsat ETM band 7 
(RB7) and number of trees per plot (Ntree) as predictors, where K nearest neighbor used to calculate 
species per plot is six (K=6).  
 

High diversity plots  Not-high diversity plots 
 
Correlation (r ) between actual and    0.23    0.69 
predicted tree species numbers  
corresponding to high tree diversity  
areas (high diversity: ≥ 15 tree species  
per plot) 
 
Correlation (r )  between actual and    0.20   0.68 
predicted tree species numbers  
corresponding to high tree  
diversity areas (high diversity:  
≥ 16 tree species per plot for  
Amani N.R. records and 
 ≥ 13 tree species per plot for Nilo  
F.R. records) 
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Table 36. Predictions based on actual tree species numbers from Amani N.R. and Nilo F.R., East 
Usambara, Tanzania, grouped as the pooled dataset* then compared to the corresponding group based on  
predicted tree species numbers generated by the K-nearest neighbor analysis using Landsat ETM satellite 
image-based (band 7, RB7) and field variables (number of trees, Ntree).  

 

Actual1                 Total correct  K̂  
 
Predicted2   High tree diversity  Not high diversity          n       % 

Model  
High tree diversity area  65   35      100  74.7 
Not high diversity area  22   65        87  65.0 
Total (n)    87   100      187  
Correct (%)   74.7   65.0    69.5 0.39 
 
* In the pooled data set, above average species tree richness or high tree diversity locations were those with ≥ 15 tree species per 
plot.  Number of high tree diversity locations = 87, Not high tree diversity locations = 100   
1 The actual column contains the number of above average (high) or average/below average (not-high) diversity areas in the 
dataset used to create the model. Actual Correct % for high tree diversity refers to the percent of known above average tree 
species richness areas that are predicted by the model to contain high /above-average tree species richness. 
 
2Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model 
are actually correct.  

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
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Table 37. Predictions based on actual tree species numbers from Amani N.R. and Nilo F.R., East 
Usambara, Tanzania, grouped as the combined dataset* then compared to the corresponding group based 
on  predicted tree species numbers generated by the K-nearest neighbor analysis using Landsat ETM 
satellite image-based (band 7, RB7) and field variables (number of trees, Ntree).  

 

Actual                 Total correct  K̂  
 
Predicted    High tree diversity  Not high diversity          n       % 

Model  
High tree diversity area  58   25        83  69.8 
Not high diversity area  26   78      104  75.0 
Total (n)    84   103      187  
Correct (%)   69.0   75.7    72.7 0.45 
 
* In the combined data set, above average species tree richness or high tree diversity locations were defined based on the 
individual forest the records came from. Plots from Amani N.R. with ≥ 16 tree species per plot and from Nilo F.R. with ≥ 13 
tree species per plot were defined as high diversity areas or areas with above average species richness. Number of high tree 
diversity locations = 86, Not high tree diversity locations = 101. 

Actual column records actual number of above average (high) or average/below average (not-high) diversity areas included in the 
model. Actual Correct % for high tree diversity refers to the percent of known above average tree species richness areas that are 
included in the model. 
 
Predicted row records the number of above (high) or average/below average (not-high) diversity areas that are predicted by the 
model.  Predicted Correct % refers to the percent of above or average/below average tree diversity areas  predicted by the model 
are actually correct. 

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
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Table 38. Comparison of different models and analytical methods to predict above average tree species 
richness in Amani and Nilo forests, East Usambara, Tanzania, using either only Landsat ETM band 7 
(RB7) or using both RB7 and rapidly collectible field variable, number of trees as predictors.  

 

               Total % correct            Actual ( % correct)1         Predicted (% correct)2          K̂  
 
                   High diversity  Not -high diversity    High diversity   Not -high diversity 
 
Satellite Image-based Model  
Amani N.R. Logistic    65.3  72.4 58.3 62.6 68.6  0.31  
Amani N.R. Discriminant 65.3  72.4 58.3 62.6 68.6  0.31 
Amani N.R. Multiple -Linear 61.8  55.1 68.3 62.7 61.1  0.24 
 
Nilo F.R. Logistic 62.3  60.7 63.4 53.1 70.2  0.24 
Nilo F.R. Discriminant 62.3  60.7 63.4 53.1 70.2  0.24 
 
Amani-Nilo pooled3 Logistic 62.0 54.0 69.0 60.0 63.8  0.23 
Amani-Nilo combined4 Logistic  62.6 54.6 69.3 60.2 64.2  0.24 
 
  
Field/Satellite Image-based Model  
Amani N.R. Logistic  76.3 81.0 71.6 73.4 79.6 0.53 
Amani N.R. Discriminant 76.3 84.4 68.3 72.0 82.0 0.53 
Amani N.R. Multiple -Linear 72.8 74.1 71.6 71.6 74.1 0.34 
 
Nilo F.R. Logistic 76.8 53.4 92.6 83.4 74.5 0.49 
Nilo F.R. Discriminant 78.3 57.1 92.6 84.2 76.0 0.53 
 
Amani-Nilo pooled3 Logistic 72.1 70.1 74.0 70.0 74.0 0.44 
Amani-Nilo combined4 Logistic  75.9 76.2 75.5 73.0 78.5 0.52 
 
Amani-Nilo pooled3 KNN 69.5 74.7 65.0 74.7 65.0 0.39 
Amani-Nilo combined4 KNN 72.7 69.0 75.7 69.8 75.0 0.45 
 
 
1 Actual Correct % for high tree diversity refers to the percent of known above average tree species richness areas that are 
predicted by the model to contain high /above-average tree species richness. 
 
2 Predicted Correct % refers to the percent of above or average/below average tree diversity areas predicted by the model are 
actually correct.  
3 In the pooled data set, above average species tree richness or high tree diversity locations were those with ≥ 15 tree species per 
plot.  Number of high tree diversity locations = 87, Not high tree diversity locations = 100   
 
4 In the combined data set, above average species tree richness or high tree diversity locations were defined based on the 
individual forest the records came from. Plots from Amani N.R. with ≥ 16 tree species per plot and from Nilo F.R. with ≥ 13 
tree species per plot were defined as high diversity areas or areas with above average species richness. Number of high tree 
diversity locations = 86, Not high tree diversity locations = 101. 

K̂  = (overall classification accuracy – expected classification accuracy)/ (1- expected classification accuracy) 
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911 University City Boulevard. Apt A-11 

Blacksburg. VA 24060. USA. 
FAX  540-231-7580  Phone  540-961-0615  E-mail nsengupt@vt.edu 

 
SUMMARY 
Training and work experience in: tropical biodiversity conservation, management, and planning issues 
including rapid biodiversity assessment (using satellite and ground data), spatial patterns of biodiversity, 
watershed conservation, integrating conservation with sustainable development goals in participation with 
local people, recommending improvements in Environmental Impact Assessments for biodiversity. 
 
WORK EXPERIENCE 
1.Teaching Assistant, and Research Associate at Virginia Tech (Since August 1996): for courses like 
Conservation of Biodiversity, Human dimensions in Wildlife Management, Population Ecology, and so 
on. (Served as a student member of the University Council, a prime decision-making body of the 
university). Currently a research associate in NASA-funded “Carbon from community” project in Mali.  
2. Short-term Consultant (biodiversity assessment) 

• The World Bank, Washington, D.C. (2002): Reviewed selected projects from south Asian countries 
to assess their conformity with the existing biodiversity/natural habitat related Bank policies and 
recommended some necessary changes. 

• United Nations Development Program/GEF,India  (1999): Participated in a project development 
(PDF) activity for spatial biodiversity information based decision-making system for the tropical 
forests of the Andaman Islands. Base work including satellite image interpretation for the area 
was initiated and carried out since 1996 in collaboration with Virginia Tech and Society for 
Environment and Development, a local NGO in India. 

• The Rijksherbarium/Hortus Botanicus, Netherlands (1997): Reviewed environmental assessment 
reports of projects funded by the World Bank and International Finance Corporation in limestone 
or karst areas of south and Southeast Asian countries. The project results were discussed at an 
international conference in Hanoi, Vietnam in 1999 and were included in a World Bank 
publication called Biodiversity and Cultural Property in the Management of Limestone 
Resources, Lessons from East Asia’. 

• The World Bank, Washington, D.C.  (1995): Reviewed environmental assessment reports from 
almost all South and Southeast Asian countries to assess the extent to which biodiversity issues 
were addressed and suggested options for improvement.  Suggestions were adapted as guidelines in 
the Bank for future projects involving biodiversity issues. Both this and the assessment done in 
1997 were later incorporated in the World Bank’s ‘Biodiversity and Environmental Assessment 
Toolkit’ (http://wbln0018.worldbank.org/essd/essd.nsf/Biodiversity/Front+Page) 

3.  Ecologist - Development Alternatives – DA. (1994) a large multi-disciplinary NGO based in India. 
Selected projects undertaken are listed later.  
4. Research Student -Dept. of Ecology, French Institute (1990) – vegetation cover analysis with visual 
interpretation of SPOT satellite image and ground data. 
Voluntary work/Community Involvement - Speaker and film coordinator for International Club, a 
student organization at Virginia Tech, interested in global issues. Volunteer in a local community-based, 
not-for-profit movie theatre and whenever possible in other community events. Also, involved with 
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Association of India’s Development, a group that monitor small grass-root level developmental projects 
in India for funding. 
 
ACADEMIC RECORDS 
1.  Doctoral candidate in Wildlife Science at Virginia Tech, USA (completed 2003).  Research involved 

integrating field and satellite data from within rainforest of East Usambara, Tanzania to identify and 
test high biodiversity areas. Results will help rapid assessment, monitoring, and proactive management 
in the data-poor rainforest areas. Project collaborators: Virginia Tech, UNDP-East Africa, EUCAMP-
Tz, Frontier-Tz, and CARE. 

2.  Master of Science in Ecology at Salim Ali School of Ecology, Pondicherry University, India. Thesis 
was on behavior and conservation of the endangered Gaur (Bos gaurus gaurus), the largest of the 
bovines. Worked on a rare high-altitude population in Western Ghat, India. 

3.  Bachelor of Science at Calcutta University, Calcutta, India. Geography, Economics, and Political 
Science.                       
             

RECENT HONORS & SELECTED WORKSHOP/TRAINING  
1. Part of winning team in the World Bank Development Marketplace 2003 for “C-neutral bio-diesel 

project” (#1551) where natural resource monitoring and conservation are integral 
(www.developmentmarketplace.org/).   

2. 2003 Women’s Leadership Award from American Association of University Women and YMCA. 
3. K-nearest neighbor (non-parametric) method developed/adopted and used to assess forestry parameters 

in temperate regions. The method has potential for use in natural tropical forests. Received training on 
invitation from Prof E.Tomppo, who developed the application at METLA, Finnish Forest Research 
Institute at Helsinki in June-July 2001. 

4. Invited participant to the international workshop at Edinburgh, U.K. in 1997 on the prospects of Rapid 
biodiversity assessment of tropical rainforests. 

5. Scholarship from The World Bank Graduate Scholarship Program (WBGSP) 1994-1996. 
6. Wildlife management and its application in Tanzania (November-December 1991). Organized by the 

Wildlife Conservation and Management Training Program, Smithsonian Institution, USA. 
 

 
SELECTED PROJECTS UNDERTAKEN (Over the years) 
Integrating Conservation Objectives with Development/Management Options:  
(Developing conservation/management modules and employment generation options for local people.)  
 

• Nature Reserves 
(1) Jaldapara Asian Rhino Sanctuary, India . Involved rapid survey of the sanctuary and 

participatory assessment in adjoining villages, critical analysis of all information. Project 
funded by IUCN. 

(2) Utilization of Wilderness in Wandoor, a village in the Andaman Islands, India . Involved 
assessment of forest and wilderness resources in and around the village, need and wilderness 
resource use patterns by villagers. Wandoor village adjoining the Wandoor Marine National 
Park was not included within the Park management. Recommendations to Forest Dept. lead 
to its inclusion later. Project funded by Development Alternatives in collaboration with 
ANET, a local NGO. 

• Micro Enterprise 
(3) Biodiversity & Micro Enterprise: Worked in a team on an initial report on biodiversity, 

development and inter-linked social aspects in order to identify a few biomass-based micro-
enterprises that may be conducive to conservation (and gender equity) in Madhya Pradesh, 
India.   
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• Other Sectors  
(4) Impact of Mining on Tribal Community in Rajmahal, Bihar. Developed a realistic compensation 

and training package for the local ‘santhal’ tribal community about to be relocated due to a 
coalmine expansion. Options were sensitive to their economic, socio-cultural needs and 
environmental concerns. Project funded by a Canadian mining firm working with the Eastern 
Coalfields Ltd., India. 

* Publications on these projects are available with Development Alternatives / funding a gencies 
           
LANGUAGES KNOWN 
 Bengali, English, Hindi. 
 
COUNTRY EXPERIENCE 
India (extensive), Tanzania (dissertation work + was trained on wildlife management issues). Worked 
through consultancies on biodiversity and natural resource conservation issues of: China, South Korea, 
Philippines, Malaysia, Indonesia, Vietnam, Thailand, Bhutan, Bangladesh, and Sri Lanka. Recently 
received training on some new forest analysis method in METLA, Finland. 
 
 


