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ABSTRACT 

Trees which are found both inside and outside forest environments if managed significantly, they have an 

essential role in climate change mitigation and adaptation. Effective management of trees both inside and 

outside forests secures and maximizes the contribution of trees to climate change mitigation actions. 

Similar to trees inside forest environments, tree resources outside the forest (TOF) play a significant role 

in climate change mitigation actions by storing carbon and providing fuel to substitute fossil fuels. Hence 

quantitative and qualitative assessment of TOF AGB/carbon is vital to understand the contribution of 

TOF with regards to climate change mitigation actions. However the heterogeneity and complexity of 

TOF systems in terms of spatial distribution, low tree density and occurrence pattern pose a number of 

difficulties in evaluating accurately these tree resources.  

In this study the potential of very high resolution satellite imagery and aerial photography for estimation 

of AGB/carbon was explored using the object based image analysis (OBIA) and Fourier textural 

ordination (FOTO) method. First AGB/carbon was calculated based on a previously established 

allometric equation using tree DBH measurements collected from field. The DBH measurement has 

shown a significant difference among the patch TOF configuration and linear TOF configuration with a p 

value<0.05. Hence AGB/carbon estimation based on field data was separately calculated for linear and 

patch TOF configuration. OBIA was then employed to segment crown projection area (CPA) of trees 

from the very high resolution Pleiades-1B imagery. The segmented CPA was then correlated with field 

measured DBH for different configuration of TOF to examine whether there is sound relationship with 

segmented CPA and field measured DBH. It was observed that trees in linear TOF configuration has a 

strong relationship with field measured DBH than trees on patch TOF configuration with R2=0.78 and 

R2=0.88 for patch and linear TOF configuration respectively. A non-linear regression model was fitted 

between the remotely sensed independent variable which is CPA and the dependent variable carbon to 

estimate carbon stock in the study area for linear and patch TOF configuration. The developed model was 

validated by plotting the predicted carbon against the observed carbon. 

In addition to OBIA method the FOTO method was also used based on the aerial photography acquired 

from Google Earth platform. Three texture indices (TC) where selected as predictors of AGB/carbon of 

patch configuration TOF by using the 2D fast Fourier transform (2DFFT) algorithm in MatLab and 

principal component analysis. The relationship between FOTO texture indices and field derived 

AGB/carbon was calibrated using a linear multiple regression model. The developed model was then 

validated by using the field measure AGB/carbon of patch TOF configuration.  

The OBIA method was found to be successful in predicting the AGB/carbon of both the linear and patch 

TOF configuration at R2=0.86 and R2=0.75 respectively. On the contrary the FOTO method was found 

suitable only for the prediction of AGB/carbon of patch TOF configuration. However the developed 

model for estimation of carbon based on the FOTO derived texture indices was able to explain 68% of 

the variations in observed carbon stock of only patch TOF configuration in the study area. Hence the 

study explored the merits of a freely available aerial photography from Google earth against very high 

resolution commercial satellite imagery for the estimation of AGB/carbon of the two main TOF 

configurations. 

Key words: trees outside the forest, object based image analysis, Fourier textural ordination, above ground 

biomass 
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1. INTRODUCTION 

1.1. Background 

Earth‟s climate is warming at an unprecedented rate. Burning of fossil fuels and consequent increase of 

carbon dioxide (CO2) concentration in the atmosphere is identified as the prime cause for the rise in 

atmospheric temperature by 0.5°C in the past 100 years and it is predicted to rise from 0.6 to 5°C in the 

coming 100 years (IPCC, 2000). In the fight against global warming trees have a vital role to play being the 

largest terrestrial reservoirs of carbon after coal and oil (Baro et al., 2014). Trees act as a sink for CO2 by 

fixing carbon during photosynthesis and storing carbon as biomass. This is a major pathway during which 

carbon is removed from the atmosphere making forest ecosystems primary focus in climate change 

discussions. In addition to forest ecosystems, tree resources outside the forest also have great potential for 

atmospheric carbon sequestration (Singh & Chand, 2013). Hence the current demanding issue of global 

warming presents “trees outside the forest” (hereafter referred as TOF) an opportunity to serve as 

potential carbon sinks and thus perhaps be could incorporated in the future carbon trade negotiations 

(Stoffberg et al., 2010).  

 

The world has billions of trees that are not included in the class of forest nor integrated with the category 

of other wood land. Presence of favourable ecological conditions in any given landscape might induce tree 

growth in different quantity and spatial arrangements (Foresta et al., 2013). Different countries have 

various valid ways of defining what a forest is and what a woodland is according to their list of predefined 

standards, however regardless of how a forest or a woodland is defined all trees can never be contained 

within that definition (Foresta et al., 2013). To this Food and Agriculture Organization (FAO) tailored a 

definition in an endeavour to clearly distinguish tree resources which are absent from the class of forest 

and woodlands. According to FAO by default TOF are tree resources which don‟t belong to the category 

of forest areas and other woodland (FAO, 2003). Hence TOF exhibit a wide spectrum ranging from single 

standalone trees on homesteads to groups of trees in patches that don‟t qualify to be forest. 

 

TOF grow in the form of three main patterns or configurations, namely compact tree patches, scattered 

standalone trees and trees in linear formations (FAO, 2003). Patches are group of trees that constitute an 

area less than 0.5 hectare (Ha) of land where as linear TOF configuration are trees planted in the form of 

continuous lines such as roadside trees and windbreaks covering an area with length more than 25 meter 

(m) and width less than 20 meters. As for scattered standalone trees there is no specific area threshold 

however in order for a tree to be considered as a single standalone tree the stem to stem distance with a 

neighbouring tree if there is any, should be more than 10m while the crown to crown distance should be 

more than 7.5 m (Singh, 2013; Foresta et al., 2013).   

 

The above mentioned TOF configurations can be found manifested in different land cover land use 

classes such as in agricultural lands in the form of windbreaks, on built up areas in the form of road side 

plantations, in barren land in the form of single standalone trees and in the form of orchards or agro-

forestry plantations. In terms of spatial arrangements they may be found scattered on farmlands or  

growing  continuously along roads, canals and water courses or in  small  aggregates  such  as blocks of  

trees (Alexandrov et al.,  1999).  
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The need for reporting carbon stocks in a detailed and systematic way that embraces all trees which are 

inside and outside a forest have prompted the demands for accurate surveying methods (IPCC, 2007). 

Current assessment of TOF carbon sequestration ability heavily relay on field measured tree variables such 

as diameter at breast height, tree height or other easily measurable tree allometry that can be related to 

standing biomass (dry mass) using certain allometric equations and consequently converted to carbon 

stock (Stoffberg et al., 2010). However biomass/carbon assessment of TOF based on traditional field 

surveys solely is less effective because it is time consuming, date lagged and often too expensive given the  

low density and wide distribution of TOF elements (Xie et al., 2008). On the other hand remote-sensing 

data obtained through instruments mounted on satellites or airplanes can be processed to give estimation 

of tree biomass that can easily be converted using statistical relationships to carbon measurements (Gibbs 

et al., 2007). According to the IPCC (2004) report, remote sensing is becoming the most suitable and cost 

effective technique applied for quantification of above ground biomass (AGB) facilitating extensive 

estimation of carbon stocks.  

 

Remote sensing data can provide comprehensive and reliable information on TOF presence, spatial 

distribution, type, quality, and temporal changes which covers larger areas (Foresta et al., 2013). These data 

can be acquired through various remote sensing techniques, such as optical remote sensing, Radar, Light 

Detection and Ranging (LiDAR) and aerial photography (Xie et al., 2008). Previous studies in TOF have 

used different remote sensing data from satellite imagery in combination with field collected data to assess  

TOF (Kleinn, 2000). Aerial photography from Google Earth (hereafter referred as GE) however is so 

often used only for the purpose of visualization, sampling and classification of different TOF categories.  

1.2. Problem Statement and justification 

International institutions such as United Nation Framework Convention on Climate Change (UNFCCC) 

require incorporation of carbon information for trees both inside and outside forest to cater holistic 

decision with regards to climate change mitigation engagements ( Schnell, 2015; IPCC, 2007; Foresta et al., 

2013). However in proportion to the number of studies conducted to quantify the significant role of trees 

inside forests in absorbing, storing, and releasing carbon little has been done for the very same roles of 

trees that exist outside the forest (Kleinn, 2000). But the need to bridge the knowledge gab about trees 

that exist inside and outside the forest all together has been gaining attention recently due to the growing 

awareness of climate change issues and its mitigation measures with the appreciation of the role of trees 

inside and outside forests for carbon sequestration (Foresta et al., 2013).  

 

Reliable data on the extent, location, distribution and biophysical information of TOF both on global and 

national scale is always difficult to find (Zomer et al., 2014). The most frequently mentioned reason for 

insufficient information about TOF is that assessing TOF poses a number of challenges as compared to 

assessing forests (Schnell, 2015; Johnson et al., 2015). TOF doesn‟t constitute a land category rather it is a 

resource that occurs in various non-forest land cover land use classes. Moreover the complexity and 

heterogeneity of TOF systems and their limited spatial footprint is among the various setbacks that hinder 

efficient assessment of TOF (Zomer et al., 2014). Thus even though TOF have the ability to influence and 

affect climate change they are often neglected because their ecosystem services in relation to this issue is 

not well quantified (Nowak et al., 2013). Therefore prior to assessing the role of TOF in carbon 

sequestration by measuring AGB, a robust and consistent method for classification and mapping of the 

different TOF configurations should be considered (Long & Nair, 1999).  

 

Quantification of carbon stock and flux of trees depend on the estimation of the living AGB which is the 

largest carbon pool with in each individual tree (Gibbs et al., 2007). Currently AGB estimation of TOF is 

most often done by using established forest allometric equations that rely on field measured tree variables 
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(Foresta et al., 2013). However traditional ground based data is acquired at an expensive cost, covers small 

area and its labour intensive. In contrary current advances in the remote sensing science provides a 

number of alternative ways of assessing tree biophysical parameters such as AGB efficiently and less costly 

(Schnell et al., 2015). But the difference in spatial and spectral resolution of various sensors influences the 

accuracy of assessing the AGB/carbon of TOF (FAO, 2003). Therefore the sparse tree density and the 

heterogonous landscape TOF exist require a correct choice of remote-sensing imagery and processing 

method to be used.  

 

Apart from being expensive very high resolution (hereafter referred as VHR)remote sensing images are 

currently identified to be potential solutions to assess the ABG/carbon of trees (Hussin et al., 2014). In 

the case of TOF high resolution images were utilized so far as supplementary data mostly for the purpose 

of classification, mapping and visualization of different categories of tree resources outside the forest 

(Pujar et al., 2014;  Meneguzzo et al., 2013; Singh & Chand, 2013; Schnell et al., 2015). In their evaluation 

of the most suitable spatial resolution of a remote sensing data for assessing TOF, Schnell et al. (2015), 

outlined that VHR imagery can be promising technique when complemented with object based image 

classification (OBIA) not only for mapping of TOF but for estimation of TOF biophysical parameters 

such as AGB. OBIA divides a given remote sensing imagery into a number of image objects similar to the 

way human beings conceptualize those objects in real life (Hay & Castilla, 2006). However OBIA aided 

AGB/carbon assessments are most often done for tree resources which are found on forest environments 

(Zomer et al., 2014). Nevertheless the contextual and spectral attributes present in OBIA can be efficient 

to single out TOF tree crowns from the complex and very heterogeneous landscape where TOF are 

present for AGB/carbon assessment of TOF.  

 

Aerial photography available in GE is free and it supports wall-to-wall assessment of TOF. Unlike trees 

inside forest environments TOF have a relatively low tree density per any given area and wider 

distribution. Therefore the freely accessible images in the GE interface allow TOF assessment in any 

preferred scale. However Aerial photography has a low spectral resolution when compared to satellite 

imagery of the same spatial resolution. Hence the relatively poor spectral resolution of aerial photography 

makes pixel and object based image analysis for AGB/carbon estimation very difficult (Hu et al., 2013). 

Thus with regards to TOF the use of aerial photography is most often used to visual image interpretation 

and sampling TOF elements (Kleinn, 2000). The richness in texture and high spatial resolution of aerial 

photography compensates for the low spectral resolution of this data and thereby enabling a number of 

textural operations such as Fourier textural ordination (FOTO). The FOTO method depends on textural 

indices (TC) to estimate biomass (Couteron et al., 2005). The method employs the 2DFFT algorithm in 

MatLab to convert the spatial domain of an image in to a frequency domain. The obtained frequency 

domain is further processed to produce TC which are used as predictors of AGB (Bastin, 2014).  

 

Hence this study aims to explore and compare the estimation of AGB/carbon of TOF from VHR satellite 

imagery using the OBIA and aerial photography from GE using the FOTO method in the study area 

which is located in Gronau Germany.  
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1.3. Research Objectives  

 
 The main objective of this research is to compare above ground biomass and carbon estimation 

of trees outside the forest in the study area using Object based image analysis (OBIA) and Fourier 

textural ordination (FOTO) method based on very high resolution satellite imagery and an aerial 

photography from Google earth. 

 

 

Specific Objectives  

 

 To assess the segmentation accuracy of Object based image analysis (OBIA) in delineating tree 

crowns of different trees outside the forest (TOF)configurations 

 To assess the relationship between tree DBH measured from field and CPA segmented from very 

high resolution satellite imagery of different trees outside the forest (TOF) configurations 

 To assess the relationship between above ground biomass (AGB) derived from Fourier textural 

ordination (FOTO) method and above ground biomass (AGB) derived from field data of trees 

outside the forest (TOF). 

 To develop a model for assessing above ground biomass (AGB) and carbon of trees outside the 

forest (TOF) from very high resolution satellite imagery and aerial photography from GE of the 

study area. 

 

Research questions  

 

 How accurately can tree crowns in different trees outside the forest (TOF) configurations be 

segmented? 

 How significant is the relationship of segmented CPA and field measured DBH of trees between 

different trees outside the forest (TOF) configurations? 

 How significant is the relationship between FOTO predicted above ground biomass 

(AGB)/carbon and field calculated above ground biomass (AGB)/carbon of trees outside the 

forest (TOF)? 

 Which of one of the two remote sensing images used is more accurate for estimation of above 

ground biomass/carbon of trees outside the forest when compared with field measured above 

ground biomass/carbon? 

 

Hypothesis 

 
1. H0: The segmentation accuracy for TOF tree crown segmentation of the different 

configurations using VHR imagery is < 70%. 

Ha: The segmentation accuracy for TOF tree crown segmentation of the different 

configurations using VHR imagery is > 70%. 

2. H0: There is no significant relationship between  CPA from VHR imagery and DBH 

measured from the field in different TOF configurations at 95% confidence level 

Ha: There is significant relationship of CPA from VHR imagery and DBH measured 

from field between different TOF configurations at 95% confidence level 
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3. H0: there is no significant relationship between FOTO predicted AGB/carbon  using 

aerial photography from Google earth and AGB/carbon measured from the field  at 95% 

degree of confidence 

Ha: there is significant relationship between FOTO predicted AGB/carbon  using aerial 

photography from Google earth and AGB/carbon measured from the field  at 95% 

degree of confidence  

4. H0: There is no significant relationship between FOTO predicted and OBIA predicted 

AGB/Carbon estimation with field measured AGB/carbon 

Ha: There is significant relationship between FOTO predicted and OBIA predicted 

AGB/Carbon estimation with field measured AGB/carbon 
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2. LITERATURE REVIEW 
 

2.1. Definitions and concepts of trees outside the forest (TOF) 

 

Forest and TOF are two features of the same resource hence the definition given to tree resources inside 

and outside the forest varies greatly from country to country however they all have certain similarities 

(Kleinn, 2000). TOF are trees that do not comply with the criteria of Forest, so the TOF realm depends 

on the definition used for Forest. Hence any tree resource that is not considered as a forest in any specific 

country is classified as tree resources that exist outside a forest ecosystem (refer to figure 1) (Foresta et al., 

2013). The whole idea of viewing trees outside the forest apart from the category of forests and other 

wood land emerged in 1995 (Foresta et al., 2013). The term was introduced with the intention of 

emphasizing the importance of TOF for ensuring sustainable livelihood on one hand and raising 

awareness with regards to TOF for landscape restoration on the other hand. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Functions of TOF 2.1.1.

 

The number of ecological, economic and social functions offered by TOF range from recreational services 

to environmental functions such as carbon sequestration (Davies et al., 2011). TOF influence local climate 

and carbon cycles and contribute their share to mitigate climate change through carbon sequestration 

(David et al., 2012). For instance trees outside the forest constitute 516 Terra gram of carbon in China 

with annual carbon sequestration rate of 19.1 terra grams (Guo et al., 2014). Similarly in USA and India 

TOF store 700 and 931 terra gram of carbon respectively that means tree resources outside the forest 

make up 14% of the total carbon sequestered by US forests (Nowak et al., 2013; McPherson et al., 2013). 

Therefore various international organizations related to climate change mitigation activities such as the 

UNFCCC are interested on accurate information of TOF as it relates to international reporting 

obligations.  

 

Moreover TOF also provide a wide range of services related to other socio-economic services which are 

provided by forests such as timber and fodder (Pujar et al., 2014). Most of the time forest areas are found 

Figure 1. Land classification framework and the position of  TOF (Foresta et al., 2013) 

Forest 
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in the form of forest reserves or national parks and they are inaccessible because of restrictions and 

national laws employed on how and when to use forest trees (Foresta et al., 2013). Therefore TOF can fill 

the service gap and in some places if they are present in enormous amount they can even substitute the 

services rendered by forests.  

 

According to the reports of FAO and Forest Resource Assessment (FAO, 2003), TOF play a vital role on 

promoting sustainable livelihoods by enhancing the contribution of TOF through sustainable and 

integrated land management. TOF provide a variety of goods and services, some of which are 

independent of land use while others are land-use specific (Foresta et al., 2013). Agroforestry and shifting 

cultivation are some of the agricultural practices that enhance tree regeneration while at the same time 

taking advantage of the land for agricultural purposes. Moreover TOF render variety of goods and 

services that can positively impact income level of people especially in rural areas by selling several of the 

goods and services that can easily be harnessed from TOF such as fruits, fuel wood and medicine (Foresta 

et al., 2013). 

 

Tree resources which are not considered part of a forest also provide a wide range of services in urban 

areas which have trees inside and outside their peripheries (Nowak et al., 2013). Most cities are gifted with 

facets of trees in the form of recreational parks which are considered as TOF, these trees provide 

environmental and aesthetic function. Furthermore trees in urban areas also monitor local climate and 

contribute to air purification caused through anthropogenic pollution through their unique process of 

evapotranspiration and photosynthesis (Foresta et al., 2013). 

 Classification of TOF 2.1.2.

 

Classification of TOF in a comprehensive manner is necessary to avoid the confusion and ambiguity 

related with this natural resource (Kleinn, 2000). An effective classification scheme is very useful for 

achieving reasonable uniformity between the objects of the inventoried resource and it encourages and 

simplifies the comparison of different research outputs of the same resource. Concerning TOF a clear 

classification scheme further enables easy representation and mapping of all the diversity embraced with in 

the TOF realm (Fernandez, 2003). However a common and conventional classification scheme with 

regards to TOF is often hard to find as there are several equally important criteria‟s were TOF can be 

grouped in to meaningful classes (Schnell, 2015). Both land cover and land use where TOF exist should be 

taken into consideration to avoid confusion and error in classification of TOF. For example a rubber 

plantations or trees in an agroforestry ecosystem would qualify as a forest if a classifications scheme is 

solely based on the percentage of land covered by tree crowns. Hence it is necessary to mutually consider 

the land cover and land use type where TOF exist for a clear and inclusive TOF classification (Kleinn, 

2000).    

 

Tree resources that exist outside the forest can be classified in to various classes according to various 

criteria. According to land use TOF can be classified as agroforestry, trees that grow during shifted 

cultivation, urban trees such as roadside trees and so on. TOF can also be classified in to different groups 

according to the function they serve. Windbreaks, fences and trees for scenic beauty are some of the TOF 

classes related to certain kind of function. However the most frequently adopted classification is based on 

the geometrical pattern TOF grow in certain landscape. This is the highly appreciated type of classification 

of TOF because it addresses and further more resolves the ambiguities that surround the classification of 

TOF to a certain reasonable level. According to Kleinn (2000) spatial arrangement or geometry of TOF 
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one of the two most practical principal attributes for designing an effective TOF classification system. 

Moreover geometry based classifications enables easy representation and mapping of TOF in a clear and 

homogenous manner (Fernandez, 2003). According to their geometrical configurations TOF are classified 

as: 

1) Patch or blocks of trees: are group of trees which are doomed to be considered as non- forests 

because of the area they span (Forest et al., 2013). According to FAO (2003) all patches of trees which are 

found in a predominantly agricultural or urban land belong to tree resources outside the forest (see figure 

5 page 23). In addition to that the term “tree” in TOF includes other resources as shrubs and palms in 

which some countries consider them as very important part of their resources (Schnell, 2015). 
 

2) Linear formation trees: are tree lines: Linear tree formations include shelterbelts, windbreaks, living 

fences, hedges, tree lines, road trees etc.  Most of the time they are closely linked to certain type of land 

use and, they are planted to supplement or serve a certain kind of land use system. In the study area the 

most reoccurring linear formation TOF are road side trees and boundary trees such as windbreaks.  

Therefore the linear formation TOF are further divided in to three classes for the purpose of sampling 

and data analysis, namely windbreaks, single tree lines along roads and double tree lines along roads 

 

a) Windbreaks: Windbreaks are plantation of trees in the form of a row to provide shelter from 

wind and soil erosion to the adjacent agricultural fields (Current, 2011). Most often a mixture of 

deciduous and coniferous plants is chosen for an effective and long lasting service (Weiderman, 

2012), see figure 5 page 23. 

 
b) Single & double tree lines along the roads: which are sometimes also called “ tree avenue” are 

plantation of trees along small or big roads for the purpose reducing traffic speeds and to create 

safer walking environments for pedestrians in addition to their aesthetic services (Burden, 2006), 

see figure 5 page 23. 

 

3) Standalone/individual trees: are trees which are found scattered in different land-cover/land-use 

classes serving different kind of purposes. 

 

2.2. Biomass and carbon 

 
Biomass is the total  living or dead organic material of any plant which is found below or above ground 

per unit of an area occupied by the plant (IPCC, 2003). Biomass of a plant is further divided in to below 

and above ground biomass. Above ground biomass (AGB) refers to the organic material of a plant that is 

found above the soil whilst below ground biomass all the plant organic material that is found below the 

soil which is the plant root (Kajimoto et al., 1999). Carbon constitutes 45-50% of an oven dried biomass 

(Gibbs et al., 2007). Plants consume carbon dioxide from the atmosphere for the process of 

photosynthesis this is one of main routs carbon is removed from the atmosphere (IPCC, 2003). In an 

equilibrium state the rate of carbon removed from the atmosphere equals the rate carbon is released to the 

atmosphere. However nowadays the natural balance of carbon cycle is disturbed mainly due to several 

man made or anthropogenic activities (Poorter et al., 2011). The amount of carbon present with in the 

biomass of a given tree can be quantified in a number of ways. Among them is an allometric equation 

based biomass estimation. Allometric equations relate easily measurable tree dimensions such as diameter 

at breast height (DBH) and height to estimate biophysical parameters such as biomass (Gibbs et al., 2007). 

Biomass and carbon estimation also is possible based on a remotely sensed data given that it is validated 

with a field estimation (Gibbs et al., 2007).  
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2.3. Crown projection area (CPA) 
 

Canopy projection area or canopy cover refers to the percentage of an area in the forest floor which is 

covered by the vertical projection of a tree crown (Jennings et al., 1999). CPA is one of the most 

important and commonly utilized tree variables for the estimation of biophysical parameters such as 

biomass especially from a remotely sensed data (see figure 2).  

 

 

 

 

 

 

 

 

 

 

 

 

 

2.4. Allometric equation  

 

Allometric equations are established equations which are formulated to assess properties of trees which 

are difficult to physically evaluate such as AGB/carbon based on other tree properties or dimensions 

which are fairly easy to measure. Tree DBH is one of the most commonly used biometric measurement 

which is used for formulation of allometric equations using empirical allometric models (Chave et al., 

2014).  Though there are also a number of allometric equations which utilize height measurement in 

combination with DBH measurements or only height measurements, the inclusion of tree height 

dimension has always been controversial (McHale etal., 2009).  Tree height has often been ignored in 

carbon-accounting programs because measuring tree height accurately is difficult in forests especially in 

closed-canopy forests (Hunter etal., 2013).  

2.5. OBIA (object based image analysis) 

 

OBIA is an automated object based high resolution satellite imagery analysis which used to extract 

information from satellite images. Pixel-based classification methods fall short to satisfy classification 

accuracy acquired from very high-resolution images due to the fact that VHR images provide very 

abundant information ( Burnett & Blaschke, 2003; Wei et al., 2005).  This gave rise the need to develop a 

method which overcomes this limitations. In addition to the classification criteria‟s pixel based classifiers 

take in to consideration OBIA includes contextual information of objects to interpret an image into 

meaningful objects and their mutual relationships besides to single pixels. With respect to TOF the OBIA 

approach has produced satisfactory results in classifying and mapping different elements of TOF 

(Meneguzzo et al., 2013). OBIA starts by segmenting the image in polygons which are known as primitive 

image objects.  Image segmentation is the process of partitioning an image into multi-pixel regions or 

image objects based on spatial, spectral and textural characteristics of pixels (Ryherd & Woodcock, 1996). 

Figure 2. Illustration of crown projection area (CPA) and other tree dimensions  
Source: (http://formind.org/model/what-are-the-main-processes-of-formind/growth/) 
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Successful image segmentation is the first and most important prerequisite for efficient OBIA because it is 

at this step that image objects are created through the aggregation of homogenous pixels. Segmentation 

process if done properly reduces the spectral variation of pixels with in the same class thereby 

contributing to highest classification and statistical accuracy (Dragut et al., 2010). 

 

Traditional segmentation approaches are divided in to top-down and bottom-up segmentation 

approaches. The bottom up approach or commonly the region based approach entails the chessboard, 

quad tree based and multi-resolution segmentation whereas the top-down segmentation algorithm 

involves multi-threshold segmentation and spectral difference segmentation (Ouyang, 2015). 

 

The bottom-up segmentation approaches starts with segmenting the image in to small regions and then 

categorize regions that correspond to a single object. On the other hand the top-down approach starts 

with larger objects and divides it in to smaller image objects. With regards to TOF multi resolution 

segmentation which is a bottom-up segmentation approach gives a satisfactory result in distinguishing and 

delineating TOF elements from the other non-TOF land cover classes and further mapping the three 

main TOF configurations (Herrera et al., 2004) .    

 

 Multi-resolution segmentation 2.5.1.

 

Multi-resolution segmentation is an optimization procedure which minimizes the average heterogeneity 

and maximizes the respective homogeneity of pixels within image objects. In multi-resolution each pixel is 

assumed as a single object afterwards, groups of image objects (pixels) are merged to form object 

primitives, refer to figure 3 (Darwish et al., 2003). The merging process in the multi-resolution 

segmentation depends on the so called “local homogeneity criterion” that describes the similarity and 

dissimilarity between neighboring image objects. The homogeneity criterion consists of color (spectral 

values) and shape properties that is explained in terms of smoothness and compactness of image objects 

and it measures how homogenous or heterogeneous an image object is with neighboring objects (Ryherd 

& Woodcock, 1996). Based on the homogeneity criterion threshold set by the user the merging process in 

the multi-resolution segmentation clutch‟s image objects that fall within the defined threshold in to one 

group to create object primitives. The process ends when the smallest increase in the parameters of the 

homogeneity criterion surpasses the user defined Scale Parameter threshold. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Entire 

Image object 

level 

Pixel level 

Figure 3. Illustration of multi-resolution image segmentation (Definiens, 2007) 



APPLICATION OF VERY HIGH RESOLUTION AND AERIAL IMAGERY FOR ESTIMATION OF ABOVE GROUND BIOMASS/CARBON OF TREES OUTSIDE FOREST 

21 

2.6. FOTO (Fourier Textural Ordination) 

 

Texture is defined as the spatial arrangement of achromatic or grey scale pixels in an image providing a 

measure of tonal change (Zhu, 1996). The Fourier textural ordination (FOTO) is a common method used 

for delineating surface structures explained in an array of tones ranging from white to black. Therefore to 

derive the quantitative textural measurements of such canopy grain one has to measure the degree of 

repetitiveness expressed in grey scale tones in frequency cycles/km(Proisy et al., 2011). This variation is 

measured by partitioning the image into equal size windows. This texture information can be extracted 

using 2 dimensional fast Fourier transform (2DFFT) techniques available in MatLab based on any remote 

sensing imagery but preferably high resolution imagery. The textural analysis using the 2DFFT method 

depends on the spatial distribution of continuous canopy grain of trees within a given scene and the 

shapes and size of their crowns. The 2DFFT algorithm in Mat-lab shifts canopy grain properties from the 

spatial domain to the frequency domain to generate texture indices which are used for the prediction of 

AGB/carbon. Ploton et al. (2012) discovered canopy texture has high correlation (70%) with AGB. 
 

A recent advance in remote sensing data from aerial photography has added a new eye in the sky by 

providing extensive spatial coverage in a global scale such as GE imagery. Virtual interfaces such as GE 

nowadays provide bird‟s eye view of the earth‟s surface. GE releases free high spatial resolution images 

that are potentially instrumental for land use land cover mapping through remote sensing and GIS 

techniques. These data are of slightly lower quality when compared to the multispectral high resolution 

commercial images however they have proven to be efficient in deriving consistent characterizations of 

forest canopy crowns through textural analysis such as FOTO method (see figure 4) for AGB/carbon 

estimations (Barbier et al., 2012; Proisy et al., 2007; Ploton et al., 2012). Hence apart from LULC mapping 

some studies have managed to produce reliable biomass/carbon map based on aerial photography from 

GE for a tropical forest (Ploton et al., 2012).  

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 4. AGB using FOTO analysis of Google earth imagery (Ploton et al., 2012) 
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3. RESEARCH MATERIAL AND METHOD 

3.1. Study area  

3.1.1      Location and climate  

 

The study area is located in North western part of Gronau Germany which is 10 kms east of Enschede, 

the Netherlands. It spans over an area of 40 km2 both in north eastern part of Enschede and north 

western part of Gronau with an altitude of 81 meters ASL (above sea level) and with average temperature 

of 260c.  

3.1.2    Criteria for the selection of study area  

 

 Presence of all TOF configurations 

 Accessibility and proximity  

In addition to the above mentioned points it was important for the study area to fall in one image scene 

available in the GE platform. 

3.1.3   TOF in the study area  

 

The area is dominated by plain agricultural fields. It is also characterized by different TOF configurations 

scattered in the landscape (see figure 5). The study area contains all the three classifications of TOF based 

on geometrical configuration. The most dominant classification of TOF is linear configuration trees found 

in the form of windbreaks and single tree lines along the roads. Windbreak trees often exist related to 

individual agricultural fields serving as a border between two consecutive agricultural fields. Therefore 

almost all the agricultural fields in the study area possess some form of windbreak trees.  

 
The second most dominant class of TOF in the study area is small forest patches that are considered as 

tree resources outside the forest. The trees with in this forest patches share higher resemblance with the 

temperate forest type which is persistent  and indigenous to that place  with mixed tree species such as 

scots pine, beech, spruce and other deciduous trees such as oak.  

 

Standalone individual trees which are the third classification of TOF based on geometrical configuration 

are found in a very sparse and scattered manner in the study area. Moreover this class of TOF are most 

frequently located within private property of residents in the study area therefore this situation has made 

their accessibility for sampling very difficult. Hence in this research only the patches and all kinds of linear 

formation trees will be assessed for their AGB/carbon contribution in the study area. 

 

 

 

 

 

 

 

 

 

 

 



APPLICATION OF VERY HIGH RESOLUTION AND AERIAL IMAGERY FOR ESTIMATION OF ABOVE GROUND BIOMASS/CARBON OF TREES OUTSIDE FOREST 

23 

 

 

 

 

 

 

 

 

 

 

                                                       

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                                                  

 

 

 

 

d 

c 

b 

a 

Legend:                Study area 

Figure 5. Location map of Google earth image (bottom left) and Pleiades-1B (top right) of the study area  
(a. Single line, b. Double line, c. Patch and d. Wind break) 
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3.2. Materials 

3.2.1    Remote sensing dataset  

 

a) Pleiades-1B: The Pleiades image comprises 4 bands of which there are in the visible 

electromagnetic spectrum namely, Blue, Green, Red and NIR_1. The image for the study area 

which includes both the multispectral and panchromatic is attained from the second generation 

Pleiades-1B sensor acquired on September 9 2015. It is an orthorectified image which is projected 

to a WGS 84 coordinate system. Further specification of the Pleiades high resolution image is in 

the table below. 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

                                            

b) Aerial photograph from GE: The aerial photograph from GE was downloaded and the digitized 

boundary in kml format was opened in Google earth. Open source software called ElshayalSmart 

(Elshayal, 2015) was downloaded and used to extract the Google earth images that fall within the 

study area boundary. The advantage of Elshayal smart software is that it downloads orthorectified 

images along with the coordinate information from Google earth and hence the downloaded 

images can be directly utilized for any kind of GIS analysis without the need for georeferencing. A 

total of 705 strips of images acquired on July 20 2016 which covers the entire study area were 

downloaded. A scale (zoom level) of 80 m was used for downloading the images on Elshayal 

software to acquire a reasonably high spatial resolution of the Google earth imagery. It‟s evident 

that the zoom level in GE affects the spatial resolution of the downloaded image, hence for this 

study the zoom level was chosen based on the visibility of tree crowns. With this zoom level 

individual tree crowns were visible and this is important for the FOTO analysis on the 

downloaded aerial photography from GE. The individual images were then mosaicked to form 

one single image and converted from geographic coordinate system (latitude/longitude) to 

projected coordinate system (northing/easting) using Universal Transverse Mercator (UTM) 

projection in Arc GIS 10. 

3.2.2   Field instrument  
 

The field instruments for field data collection and measurement of tree parameters include: iPAQ, Garmin 

eTrex vista GPS, Laser range finder, densitometer, Suunto compass, Suunto Clinometer, Haga altimeter, 

caliper, diameter tape (5m), measuring tape (30m) and data record sheet to record tree parameter 

measurements were used. A detailed description of field instruments and their respective functions can be 

observed in table 3.  

Image specification  Pleiades-1B 

Spatial resolution 0.5m panchromatic and 2m multispectral 

Multispectral band wavelength  480-830nm 

Acquisition data   2014 September 4th 10:50:42 

Sun elevation (degree) 150 

Off nadir  20km at nadir 

Revisit time  daily 

Coordinate system  WGS 1984 

Cloud cover 1% 

Table 1 Specifications of Pleiades-1B image 
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    Table 2. Field data collected and instruments used 

3.2.3 Software and tools  

 
The research has utilized a number of software‟s starting from ElshayalSmart (Elshayal, 2015) for 
downloading rectified Google earth images until e-cognition and Matlab for running FOTO method data 
processing. eCognition software was used to make object based image classification to segment crown 
projection area (CPA) of trees from Pleiades-1B very high resolution imagery. ERDAS imagine 2013 was 
used for visualization, mosaicking of aerial photography from GE and ArcGIS 10.3 is used for further 
data analysis and processing of the outputs of the two images. MatLab software was used for texture 
analysis of GE imagery. Statistical analysis was done in R studio, SPSS and Microsoft Excel. Other 
Microsoft office 2010 like MS Word, MS Visio and MS PowerPoint were used for thesis write up and 
analysis. Below is a list of the software‟s employed in this research and their respective purposes. 

 

 

Software Purpose 

ENVI 5.3 Pan sharpening of Pleiades-1B image  

ElshayalSmart (Elshayal, 2015) Downloading Google Earth image  

eCognition developer 9.0.2 Image-segmentation and processing 

ArcMap 10.3.1 Image processing and visualization 

ERDAS IMAGINE 2015 Mosaicking of Google earth image and image processing  

MatLab R2015b 2D Fourier transform textural analysis for Google earth 
image  

R Studio, SPSS statistics22 and MS Excel Statistical analysis and data presentation 

Microsoft word 2010, Microsoft power point 
2010 writing 

Thesis writing and presentation  

3.3.  Research Methods 

 

The research method adapted to address the specific research question in this study can be viewed from 

three dimensions those are the OBIA, FOTO and the AGB/carbon estimation based on field data. If 

looked from general point of view the methodological structure comprises the comparison of VHR 

satellite images and aerial photography from GE platform analysed through object based image 

classification (OBIA) and FOTO method for the respective remote sensing images to assess AGB 

S/N Tree Variable Description Instrument 

1 Plot Coordinate  X & Y data of plot center Garmin 12 XLS GPS 
receiver 

2 Tree diameter at breast height (DBH) Tree DBH>10cm  Diameter tape 

3 Tree height  Height of the tree Haga altimeter 

4 Tree specie Specie of each tree  

5 Canopy cover Open/close canopy of sample 
plots 

Ocular measurment 

6 Configuration type/class Geometrical configuration of 
each plot (patch, standalone 
tree or linear formation trees) 

Ocular measurement  

7 Road width  Width of the road for road 
side trees 

Diameter tape 

Table 3. List of software’s used and corresponding functions 
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biomass and carbon of trees outside the forest in the study area. The step by step procedure is depicted in 

the flowchart below. 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.3.1 Pan-sharpening of Pleiades-B1 image  

There are a number of Pan-sharpening techniques available in different GIS software packages that enable 

to improve multispectral data using high spatial resolution panchromatic data. Among them are the Hue-

Intensity-Saturation (HIS), Principal Components (PC) and High Pass Filter (HPF), Hyper-spherical color 

Sharpening (HCS), Gram-Schmidt (GS). Gram-Schmidt (GS) pan-sharpening method is the most accurate 

Figure 6. Flowchart of Research Methodology  

Pleiades-1B 
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and it‟s recommended for most applications (Maurer, 2013). Gram-Schmidt is usually more accurate 

because it uses the spectral response function of a given sensor to estimate what the panchromatic data 

look like therefore for this research Gram-schmidt (GS) is utilized for the purpose of pan sharpening 

Pleiades-1B image.  

3.3.2 Visualization of TOF configurations in the study area 

Visual image interpretation of TOF resources is frequently treated as the most important pre field work 

task. The GE platform represents a possibility for efficient visualization and mapping of TOF enabling a 

design of representative sampling scheme (Schnell et al., 2015). Visual image interpretation of TOF in the 

study area prior to the designing of sampling strategy supported practical selection of sampling units 

(Schnell et al., 2015). Furthermore preliminary classification of TOF elements into homogenous classes 

was done from visually analysing TOF elements in the landscape on the images in GE for an efficient and 

inclusive sampling scheme. Therefore visual photo interpretation was employed to study and to have an 

overview of the spatial pattern, configurations and distribution of TOF elements on the landscape.  

3.3.3 Sampling Design   

In assessing TOF there is always a trade-off between the size and number of sample plots to be used 

(Tomppo et al., 2011). However Schnell et al. (2015) suggests application of two- phase sampling strategy 

can be the most convenient way to address the above mentioned trade off. Two-phase sampling design is 

a sampling design where the sample selection is performed in two phases, where in the first phase the 

auxiliary variable x is observed and in the second phase the study variable y is observed. Hence the study 

applied this approach as follows:  

 

1. Delineation of study area based on a RS data 

2. Generation of the first-phase sampling units with TOF  

3. Stratification of the first-phase sample units. Therefore TOF in the study area  were 

stratified in to patches, standalone trees and tree lines based on the criteria of 

geometrical configuration 

4. Determining the number of second-phase sample units, i.e. field plots for each 

stratum. The   field   sample units were allocated   in proportion to the stratum 

importance and variance.  

 

Therefore the research utilized the above mentioned strategy and a total number of 59 sample plots were 

surveyed to measure tree parameters. 

3.3.4 Field data collection 

 Biophysical data 

The field work was conducted between September and October 2016. The main objective for biometric 

field data collection was to gather information about tree parameters so that it can be used as a validation 

data for the methods that is executed in this research. To collect the appropriate field data different plots 

size and shape was used for each stratum. Typical plot sizes used for TOF assessment range from 150 m2 

to 500 m2 for patches and 10 m (width) by 125 m (length) rectangular plots for tree lines where different 

linear tree configuration are considered as one class. However these thresholds can vary from place to 

place, and plot shape and size can be adapted in relation to specific area (Fridman et al., 2014). In this 

research according to the stratified map a circular sample plot of 300 m2 was used for patches. Linear tree 

lines were break down into three strata for the purpose of sampling, hence for windbreak tree 

configuration a 25m length and a 5m width rectangular plot was laid, whereas for single and double tree 

lines along the road 5m*50m and 10m*50m rectangular plots was respectively taken.  
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Subedi et al. (2010) confirmed the use of  GPS  tracking  as  an  efficient  and  accurate  method  for  

boundary location. Therefore iPAQ is used alongside printed maps obtained from GE to locate the 

various sample plots. Trees with DBH 10 cm or greater within a plot were only measured as trees less than 

10 cm diameter contribute little to the AGB/carbon (Brown, 1997). Moreover tree height was measured 

from the tree  base  to  the  tip  of  the  highest  point  using  the  Haga (refer to table 2). Furthermore 

name of the individual tree species and number of trees in each plot was recorded in the record sheet. All 

the collected field data were then compiled in excel file for further analysis. 

3.3.5 Image segmentation of Pleiades-1B satellite imagery   

 

The multi resolution segmentation process of the Pleiades-1B image has started by sub setting the image 

for developing a rule set prior to the segmentation of the whole image of the study area and selection of 

scale parameter.   

3.3.5.1 Estimation of scale parameter 

 

Scale parameter is an abstract value which defines the level of acceptable heterogeneity within a given 

image object during a segmentation process (Definiens, 2009). The choice of a scale parameter value in 

this research was first attempted by using the ESP tool. The ESP tool calculates the scale parameter by 

measuring the local variance (LV) as the mean of standard deviation (SD) of the objects for each object 

level obtained through segmentation. The rate of change in local variance (ROC-LV) per given iteration is 

then plotted against the increasing scale values consequently showing the optimum scale value were the 

image can be segmented successfully (refer figure 7).  

 

 

 

 

 

 

 

 

 

 

 

 

However the estimation of scale parameter using the ESP tool didn‟t yield a reliable value. Hence a 

subjective approach was employed and segmented polygons were visually inspected in a number of 

iterations before choosing scale parameter of 20 which was assumed to give ideal value for the 

segmentation of tree crowns both in linear and patch TOF configuration.  

 3.3.5.2 Multi-resolution segmentation 

 
Object primitives where created after the scale parameter value was chosen by setting the threshold value 

for the homogeneity criterion parameters such as the shape and compactness. Different threshold values 

where attempted to observe how the variation in the values of homogeneity criterion parameters influence 

the accuracy of the segmentation process. Finally after several iterations and based on the visual evaluation 

of segmented polygons a scale parameter of 20 shape value of 0.9 and compactness/smoothness value of 

Figure 7. Estimation of scale parameter using the (ESP) tool  
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0.8 was chosen as the suitable combination of thresholds for segmenting the Pleiades-1B imagery. Further 

details of the segmentation process can be found in figure 8 below.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.3.5.3 Watershed transformation & Morphology 

Watershed transformation is an algorithm present in the eCognition software which is very useful in 

separating or dividing a group of intermingled tree crowns in to the ideal crown size observed in the image 

(Beucher, 1992). In the case of trees outside the forest intermingling of tree crowns is mainly observed in 

patch configuration however it was also observed though in a lesser extent in linear TOF configuration 

mainly in windbreaks. Hence the process of watershed transformation was very helpful in minimizing the 

problem of under-segmentation and splitting group of tree crowns in to individual tree crowns.  

 
On the other hand morphology is the process of smoothing and enhancing the shape of a segmented 

image object so that it resembles its real world replica (Definiens, 2009). The morphology operation in 

eCognition has two options the open and closed image object. Open image object option eliminates pixels 

from within the image object in order to achieve smoothed figure. While on the other hand the closed 

option embraces similar neighboring pixels to fill the gap to achieve the desired shape. Moreover the mask 

option in the morphology algorithm gives a basis upon which image objects are replicated. In this research 

the open image object option was chosen with a very small circular mask to have minimal adjustment in 

the shape of TOF crowns.  

 

 

 

Figure 8. Multi-resolution segmentation rule set (workflow) 
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Refining of segmented polygons  

 

Furthermore the relation to borders algorithm eCognition was utilized enormously in further refining the 

classification and removing of non TOF elements. The Relative border to (Rel. border to) algorithm in 

eCognition refers to the length of the shared border of neighboring image objects. The feature describes 

the ratio of the shared border length of an image object with a neighboring image object assigned to a 

defined class to the total border length (Definiens, 2009). If the relative border of an image object to 

image objects of a certain class is 1, the image Object is totally embedded in these image objects. If the 

relative border is 0.5 then the image object is surrounded 50% by polygons from a certain class and the 

remaining 50% from another class. Hence in this research the polygons which were misclassified as TOF 

where removed iteratively by changing the percentage of the border they share with the other non-TOF 

land cover classes. In the figure below, the red dashed circles indicate the removal of the polygons in the 

agricultural field which were misclassified as TOF. 

 

 

 

 

 

 

 

 

 

 

3.3.5.4 Segmentation accuracy assessment 

 
Segmentation accuracy assessment is a procedure used to assess and evaluate the result of a segmentation 

process (Clinton et al., 2008). Accuracy assessment of segmented image objects is commenced to quantify 

the extent to which segmented image objects correspond with manually delineated training objects in 

terms of over-segmentation, under-segmentation and distance to a perfect match. Segmentation accuracy 

assessment prior to further image analysis is very essential because the segmentation result might influence 

A   B   C 

Figure 9. a) Multi-resolution              b) Watershed process                        c) Morphology process 

 

A 
B 

Figure 10. a) Before Rel.to border algorithm                                   b) After Rel.to border algorithm  
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the consecutive processes that depend on the segmented image primitives. The quality of a segmentation 

result is closely linked image quality such as presence/absence of noise, spatial and spectral resolution as 

well as selection of segmentation parameters which supports the similarity of segmentation results with 

target objects (Clinton et al., 2008).  In this study the segmentation accuracy of the image was assessed 

based on the comparison between the topological and geometric relationship of the segmented and 

manually delineated image objects. The topological relationship of image objects describe the “overlap” 

and “containment” of two image objects whereas the geometrical relationship stresses on the difference of 

object position (Möller et al., 2007). To assess the topological relationship of image objects an overlay 

function in GIS operation was used and segmented image objects were tested for their topological 

relationship with their respective reference objects (figure 11). Whereas geometrical relationships are 

assessed by measuring the distance from the center of a segmented object to the center of the manually 

delineated object.  

 

 

 

 

  

 

 

 

 

Most empirical accuracy assessment methods quantify over segmentation and under segmentation based 

on the manually delineated objects to calculate the overall segmentation accuracy result. In this study to 

measure the over and under segmentation of segmentation process a set of manually delineated polygons 

referred as “x” were compared against segmented image objects referred as “y”. Then over segmentation 

and under segmentation was calculated as follows. 

 

  Over segmentation    =    1 -              --------------------------------   

 

 

 Under segmentation   =    1-                  ------------------------------       

 

 

Finally the under-segmented and over-segmented value was used to calculate the goodness of fit of the 

segmented polygons. The goodness of fit is measured by the distance index “D” the distance index is 

calculated based on the over and under segmentation result and its value ranges from 0 to 1, where 0 is a 

perfect match and 1 is the minimum mismatch tolerated.  

     D =    √over-segmentation + under-segmentation ------------------------------  

 

According to Zhan et al. ( 2005), another evaluation of segmentation accuracy is the 1:1 matching where it 

measures the enclosure a segmented and digitized polygon. A 50% overlap of a digitized and segmented 

polygon is acceptable and the polygons are assumed to have a 1:1 correspondence. Hence this measure 

was also used for this study to evaluate the 1:1 correspondence between segmented and manually 

delineated objects.  

Area {X} 

Area {XՈY} 

Area {XՈY} 

Area {Y} 

2 

Equation 1 

Figure 11. Topological relationship of segmented and manually digitized objects (Zhang, 1996) 

Equation 2 

Equation 3 
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3.3.6 FOTO method  

The FOTO method starts by masking all land cover classes which are not of genuine interest to the study. 

However the study area in this research is characterized by numerous scattered agricultural fields which 

don‟t have a regular occurrence pattern. Therefore only forest areas that are not considered as TOF are 

masked out to eliminate over estimation of TOF AGB/carbon. Therefore all the non TOF land cover 

classes are identified based on the R-spectrum curves and frequency peaks they yielded and removed from 

the principal component analysis for developing texture indices to predict AGB/carbon of TOF in the 

study area.  

3.3.6.1 Windowing  

The proceeding step is windowing of the GE image in to equal size grids in which each window should 

include several repetitions of the largest crown diameter of minimum 5 to 7 trees (equation 4). Choosing 

the correct window size is critical and important as the 2DFFT function in MATLAB captures the 

repetition in the canopy gradient with in each specific window. However for this study area it was difficult 

to find a window value that constitutes only of a continuous tree canopy, almost all windowed grids in the 

image contain non-TOF land cover classes mainly agricultural fields and grasslands (see figure 12). 

Moreover Linear TOF configuration was eliminated from the textural analysis as windowing the image in 

to window sizes that correspond with the plot size used for field data measurement of linear TOF 

configuration was so difficult to be implemented in the FOTO analysis. 

 

                       The window size is expressed in meters where window size (WS) is: 

 

                                WS = N.ΔS ---------------------------------------  

 

Where N is the number of pixels in X or Y direction and ΔS is the pixel size in meters (Proisy et al., 2011).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.3.6.2 2Dimensional Fast Fourier transform (2DFFT) 

 

After windowing the image in to equal size grids the windowed image was subjected to the 2DFFT 

transformation method in MatLab for the computation of the r-spectra table. The table of r-spectra gives 

 
Equation 4 

Figure 12. Windowed aerial photography from Google Earth  
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the frequency distribution for the repetitive pattern of forest canopy with in a given window. The r 

indicates the number of times that a pattern in this study it can be a tree crown or a continuous field of 

grass or a building whatever happens to be in any given window repeats itself . Therefore an image with a 

coarse texture gives a radial spectrum which is tilted toward low frequencies; while fine texture more or 

less balanced spectra  

 
3.3.6.3 Principal component analysis (PCA) 

The acquired r-spectra table which is mainly the table of frequency in cycles/km for every given window 

in the image is submitted for PCA analysis for ordination and standardization. PCA is executed to 

standardize or ordinate the column frequency values considering it as a quantitative variable. The PCA 

enables an overall comparison between textural profiles of each and every window in the image expressed 

in cycles/km hence the windows having similar textural profiles are characterized by similar PCA scores 

and vice versa (Proisy et al., 2007). Out of all the computed „PCA scores‟ the prominent axes which 

explain more than 70% of the textural variation in the image are chosen as texture indices (TC) for 

predicting AGB/Carbon. In many studies the first three PCA axes are chosen as texture indices for 

predicting AGB/carbon because this TC define the majority of the variation observed in the image. 

Moreover these first three TC have proven to show good correlation with field estimated AGB (Proisy et 

al., 2007).  

 

In this research the ordination of the frequency table(r-spectra table) was performed using the principal 

component analysis (PCA) present in SPSS. Only frequencies ranging from 50 cycles/km up to 450 

cycles/km were considered for standardization using PCA to be used for further textural analysis because 

frequency other than this ranges belong to other land cover classes of the study area. The three first 

factorial principal axes (PCA) accounted for more than 73% of the total variability. Therefore this PCA 

which hereafter will be referred as texture indices (TC) values were chosen to be used as predictors for 

AGB. Hence the three TC scores for each window in the image were calculated.  

  

3.3.7 Above ground biomass (AGB) and carbon stock calculation based on field data 

 
Biomass estimation based on allometric equations are developed by establishing a relationship between the 

various physical parameters of the trees such as the diameter at breast height, height of the tree trunk, total 

height of the tree, crown diameter, tree species, etc. (DeFries et al., 2007). Most allometric equations for 

AGB biomass calculation involve diameter at breast height (DBH) and tree height (H) and sometimes a 

combination of both as explanatory variable. However according to a study by Zianis & Seura (2005), 

most AGB calculation either solely depend on diameter at breast height (DBH) values alone or use tree 

height as second explanatory variable. This situation is mainly attributed to the fact that height 

measurements can be less accurate and subjected to human induced apparent errors and might introduce 

discrepancy in final AGB calculation. In addition to that allometric equations which are specifically 

designed for the purpose of AGB estimation of TOF is hard to find (Schnell, 2015). Therefore in this 

study the general equation which is proposed by IPCC for calculating AGB biomass and quantification of 

carbon will be used to assess the AGB and carbon stock of the study area (citation). 

         Y = 0.5 + [(25000 • (DBH) 2.5) / ((DBH2.5) + 246872)] -------------------  

Where,  

Y= aboveground dry matter, kg (tree)-1  

DBH =diameter at breast height 

Equation 5 
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Carbon stock is calculated once the biomass is calculated using the conversion factor proposed by IPCC 

(IPCC, 2003) 

         C= B ∗ CF ------------------------------------------------------------  

Where, 

 C: carbon stock (Mg/C) 

 B: dry biomass 

 CF: carbon fraction of biomass (0.47) 

 

3.3.8 Regression analysis and model validation 

 
Regression analysis was used to assess the relationship between the dependent and the independent 

variables and to develop a predictive model for AGB and carbon estimation. The predictive variables for 

the AGB and carbon estimation derived from remotely sensed data using both methods include the crown 

projection area (CPA) and texture indices. The field data were divided into training and testing datasets. 

For the estimation of AGB/carbon of TOF based on OBIA out of the total number of trees which has 

showed 1:1 correspondence with manually delineated tree crowns 70% were used as training data set to 

develop models and the remaining 30% of the data set for model validation (Foody, 2003). The same 

procedure was employed in the regression analysis of AGB/carbon estimation based on the FOTO 

method. Were 70% of the patch sample plots where used for model development and the remaining 30% 

was used for model validation. The performance of the model was evaluated by using a Root Mean Square 

Error (RMSE) and coefficient of determination (R2). To calculate the RMSE, the values of observed (field 

data) and predicted (derived from the model) were compared using the equation below 

  

RMSE = √1Ʃ (Yp – Yo)2               ---------------------------------------------                              

 

Where, 

RMSE = Root mean square error  

Y p = predicted 

Y o = observed 

N = number of observations 

3.3.9 AGB and Carbon Mapping 

 
Using the best fit prediction model AGB of the study area will be calculated and then carbon which is 0.47 

of AGB (IPCC, 2006) will be calculated and two maps from VHR and GE will be generated. Comparison 

of the coefficient of determination (R2) of the VHR and GE will be compared to assess the estimation of 

carbon from the two very high resolution imageries. 

  

 

 

 

 

 
Equation 6 

Equation 7 
n 

n 
1 
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4. RESULT 

4.1.  Descriptive analysis of field data 

Descriptive statistics is introduced to describe the patterns, spread and characteristics of the field collected 

data. The pie chart below depicts the total percentage of trees observed in patches, windbreaks, single tree 

lines along roads and double tree lines along roads.  

 

          

 

 

 
 

 

The tables below illustrate a descriptive summary of the overall tree DBH and Height measured in the 

field for the different TOF configurations. As table 4 indicates patches have the lowest men DBH and 

single tree lines along the roads have the highest mean DBH. In addition to that all the DBH 

measurements in all TOF configurations are skewed to the right though the degree of skewness varies. 

 

 

 

 

 

 

 

 

 

 

 

Table 5 indicates a statistical summary of height measurement in the different TOF configurations. As it 

can be observed from the table trees in patches were found to have the highest mean height followed by 

windbreak trees, single tree lines along the roads and double tree lines along the roads. 

 

 

 

 

 

 

30% 
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TOF Configuration 
Patch Windbreaks
Single tree lines Double tree lines

Figure 13. Pie- chart percentage of trees sampled for different TOF configurations 

Table 4. Statistical summary of DBH measurement in the different TOF configuration 
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Moreover as the box plot for DBH in the different configurations indicates the measurements were 

characterized by uneven spread from the second quartile (median) of the observations and more outliers 

were found in patch configuration TOF as compared to the other TOF configurations.   

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

A normality test was also done to examine the distribution of for the DBH and height measurement of 

trees in the study area, and it was found that both DBH and height measurement are not normally 

distributed. The normality test through both the Kolmogorov- sminrov and the Shapiro-wilk method has 

indicated both measurements have a p value < 0.05 at 569 degrees of freedom.  

 

 

 

 

 

 

 

 

 

 

 

Figure 14. Boxplot of different TOF configurations DBH  

 

Table 6. Normality test result of DBH and Height measurements 

Table 5. Statistical summary of height measurements in different TOF configurations 
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Paired t-test of mean DBH measurements between different TOF configurations  

 

The paired samples t-test was conducted on SPSS to test whether there is a significant difference in tree 

DBH measurements in the different TOF configurations. In other words to the test of significance was 

done to observe weather mean tree DBH measurements vary significantly among the different TOF 

configurations. First the test was done to evaluate whether there is a significant difference in the classes of 

the linear configuration TOF namely, windbreaks, double tree lines along roads and single tree lines along 

the roads. According to the result of the test DBH measurements among all the linear formations trees 

has shown no significant difference with a p value > 0.05 (table 7) at 95% confidence level. Whereas DBH 

measurement in patches and DBH measurement in the linear formation trees collectively has showed a 

significant difference at a p value equal to zero at 95% confidence level (table 8).  

 

 

 

 

 

 

 

 

 

 

 

 

 

     

 

 

 

 

Throughout the 59 sample plots 7 dominant tree 

species where identified in the study area. 

Dominance and occurrence of tree species vary 

per configuration. In patch TOF configuration the 

most dominant tree species include, Betula pendula 

(birch), Fagus sylvatica (beech) and Quercus robur 

(oak), however Populus (poplar) and Pinus sylvestris 

(scots pine) are also found in few numbers. In the 

linear formation trees especially in double and 

single tree lines along the roads Quercus robur (oak) 

constitute the highest percentage. In windbreaks 

Quercus robur (oak) are also the most reoccurring 

tree species followed by Fagus sylvatica (beech) and 

Betula pendula (birch) see figure 15. 
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Figure 15. Percentage of different tree species in different classes 

 

Table 7. Paired sample test of the three classes in linear configuration trees 

Table 8. Paired sample t test among DBH of trees in patches and linear formation TOF 
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4.2. Multi-resolution segmentation 

 

Multi-resolution segmentation was done on the Pleiades-1B very high resolution satellite imagery to 

generate CPA for the estimation of AGB/carbon of TOF, the step by step work flow of the multi-

resolution segmentation process can be observed from the rule set in figure 16.  

 

 
 

 

 

 

 

 

 

 

 

 

 

4.3. Segmentation validation 

 
The segmentation accuracy for the multi resolution segmentation of the high resolution satellite imagery 

was done by comparing the segmented image with a 120 manually delineated tree crowns to address 

research question one. Most segmentation accuracy assessments are based on two approaches i.e. measure 

of goodness of fit through “D” value calculation and 1:1 matching of segmented and digitized polygons 

(see figure 17). For this segmentation a “D” value of 0.28 was attained that is equivalent to 78% goodness 

of fit accuracy value. In addition to this, the 1:1 matching of the segmented and reference polygons was 

used and out of 110 polygons 78 polygons (which accounts to 71%) were found to have a 1:1 

correspondence with the digitized polygons area overlapped greater than 50% with the reference 

polygons. Hence the overall segmentation accuracy is 72% where over-segmentation of segmented 

polygons is more pronounced than under-segmentation of segmented polygons. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 17. Comparison of segmented and manually digitized polygons 

Figure 16. Illustration of the final output of the multi-resolution segmentation process in eCognition 
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4.4. AGB/carbon  modelling based on OBIA  

 
After the analysis of the Pleiades-1B satellite imagery using OBIA method a model for calculating TOF 

AGB/carbon in the study area was developed by using CPA as predictive variable. The significance 

analysis between the DBH measurement of patch and linear TOF configuration has proved there is 

significant difference in DBH measurements between the two configurations (table 8). Moreover the 

relationship between DBH and CPA has shown a strong correlation in linear configuration trees 

(R2=0.89) as compared to the trees in patches (R2=0.78). Therefore it was assumed to be practical to 

assess the AGB/carbon of linear TOF configuration and patches separately to avoid biasness and error in 

the estimation of AGB/carbon. Hence separate models were developed for linear configuration trees and 

patches. 

 Relationship between DBH and CPA of linear and patch configuration TOF  4.4.1.

 

The figures below illustrate the correlation between DBH and CPA of trees in patches and linear TOF 

configuration to address research question 2. In figure 18a the segmented CPA polygons have showed 

good correlation with field measured DBH at an R2 = 0.88 at 95% confidence level in linear TOF 

configuration. This can mainly be due to a lesser presence of tree intermingling witnessed in linear 

configuration in which this in turn has resulted in more accurate CPA segmentation of linear TOF 

configuration than patch TOF configuration. On the other hand diagram 18b demonstrates the 

relationship between CPA and DBH if patch configuration TOF which was observed to be smaller than 

linear TOF configuration at R2 = 0.79 at 95% confidence level.  

 

   

 

 

 

 

 

 

 

 

 

 

 Model development  4.4.2.

 Modelling carbon from CPA in linear TOF configuration  4.4.2.1.

 

A number of 50 trees were selected from the 80 trees in the linear formation trees which have shown a 1-1 

matching for model development. Subsequently the model was developed based on the regression analysis 

conducted by assessing the relationship of Carbon which is assumed as dependent variable and CPA 

which is the independent variable.  A non-linear polynomial relationship has generated a strong 

relationship between carbon and CPA of linear formation trees at 95 % confidence level. Moreover the 

ANOVA test performed to analyse whether there is significant difference between mean carbon in kg and 

mean CPA has proved there is no significant difference which further supports the relationship between 

segmented CPA and carbon. According to the R2 value obtained the 82% of the variation in carbon 

measurement is explained by CPA (see figure 19).  

Figure 18. a) Scatter plot of CPA & DBH of linear configuration    b) Scatter plot of DBH & CPA of patch configuration 
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Carbon = 0.319CPA2 - 4.4359CPA + 116.7------------------------------       -- 

 

The one-way ANOVA conducted to verify the significance of the obtained R2 value also confirms that the 

regression analysis was significant at 95% confidence level. Below is a table of summary of the regression 

analysis and the ANOVA test (see table 9). 

 

Table 9. Result of regression analysis of linear formation trees 

 

 

 

  

 

 

 

 

 

 

 

 

 Modelling carbon from CPA in patch TOF configuration  4.4.2.2.

 
The regression analysis to assess the relationship among CPA and carbon of trees found in patches was 

conducted to analyse how much the predictive variable which is CPA is in agreement with the response 

variable which is carbon measured in kg. A polynomial function predictive model was fitted to calculate 

carbon based on a remote sensing data using a number of 65 trees out of 95 trees which were able to be 

recognized in the image and which has shown a 1:1 matching with the digitized tree crowns.  

 

 

 

 

Figure 19. Scatter plot of carbon and CPA 
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Carbon = 0.5511CPA2 – 13.13CPA + 120.6     ----------------------------------                ---------- 

 

The R2 which is the statistical measure of goodness of fit of the independent and dependent variable was 

found to be 0.77 for trees which are considered as TOF located in small patches. The significance of the 

obtained R square has a P value > 0.05 which is statistically significant. Moreover it was observed that the 

obtained R2 for trees which are found in patches is lower than the R2 obtained for trees which are found 

in linear formation configuration. The table of the summary statistics of the regression model along with 

the result for the ANOVA test is presented below (table 10). 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 Model Validation  4.4.3.

4.4.3.1 Model Validation of linear TOF configuration  

 
The predicted carbon in kg/tree which was calculated through the best fitting model was plotted against 

the carbon calculated using the AGB conversion factor. For validating the predictive model 30 sample tree 

crowns which remained from the model development were used. The R2 obtained from the validation 

Equation 9 

Table 10. Summary of regression analysis for patches 

Figure 20. Scatter plot of CPA and Carbon of trees on patches 
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model was 0.89 meaning that the predicted carbon is 89% in agreement with the observed carbon. More 

over the RMSE was calculated to assess the relative error in carbon measurements between the predicted 

and observed carbon and it was found to be 27%.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.4.3.2 Model Validation of Patch configuration TOF 

 
Similarly the predicted carbon in kg/tree was plotted against the observed carbon in patch configuration 

of trees outside the forest. Both the R2 as well as the RMSE was calculated to assess the statistical measure 

of goodness of fit and how carbon calculated from the remote sensing data is in agreement with the 

carbon measured from the field. The R2 for the fitted validation model was obtained to be 0.82 meaning 

that carbon calculated based on remotely sensed variable CPA has 82 % agreement with carbon calculated 

from the field. Moreover the RMSE value calculated has also indicated that there is a 34% relative error or 

discrepancy in the measurement of carbon predicted from the remote sensing data when compared with 

the field calculated carbon.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 Carbon stock mapping of linear and patch TOF configuration  4.4.4.

the carbon stock mapping was done separately for linear formation trees and patches based up on the fact 

that a significant difference has been discovered both on DBH measurement of trees on patches as well as 

Figure 21. Scatter plot of model validation for linear formation TOF configuration 

 

Figure 22. Scatter plot of model validation for Patch TOF configuration 
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on linear TOF configuration. Moreover according to the correlation test done the relationship between 

CPA and DBH in linear TOF configuration and patch TOF configuration was also found to be different  

based on the calculated correlation coefficients.
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4.5 Modelling of AGB/carbon based on FOTO derived texture indices  

 

According to the principal component analysis conducted to identify the most prominent texture indices 

that explain the highest variation in the image the first three axes where chosen as texture indices (TC) for 

AGB/carbon estimation. Therefore the first three principal components of the r-spectra table explained 

73% of the total variation in the high resolution GE imagery. Therefore these FOTO texture indices were 

considered as predictive variables for AGB/carbon estimation. The FOTO based AGB/carbon prediction 

model was calibrated using a linear multiple regression model between the TC as independent variables 

and field plot AGB/carbon as dependent variable.  

 
The scatter plots in figure 25 allow a comparison of field measured carbon and FOTO measured carbon 

to respond to research question 3 of this research. From the scatter plot it can be observed that 68% of 

the FOTO measured carbon is in agreement with the field measured carbon in patch configurations with 

R2 value of 0.68 and RMSE value of 39%.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

   

 

4.5.1 Carbon stock mapping based FOTO 

 

Finally the validated model was used to calculate carbon in tons/plot using the three texture indices which 

were considered as predictive variables. The AGB/carbon estimation was performed using multiple linear 

regression models by means of the three textural indices (scores of the three main PCA axes) as 

independent variables. Figure 26 depicts the final carbon map produced using the FOTO method, the 

carbon map has a spatial resolution which is equal to the window size used for the purpose of the 2D FFT 

approach in MatLab, which 20m*20m therefore the spatial resolution of the map is courser as compared 

to the original aerial photography from GE. The map below demonstrates that the FOTO method yielded 

carbon stock map of TOF with reasonable accuracy (this addresses research question number 4). 

 

 

 

 

 

Figure 25. Scatter plot of FOTO carbon estimation validation 

 

R² = 0.6847 

0

1

2

3

4

5

6

7

8

0 1 2 3 4 5 6 7

Fo
to

 D
e

ri
ve

d
 C

ar
b

o
n

 (
t/

p
lo

t)
 

Field Measured Carbon (t/plot) 



APPLICATION OF VERY HIGH RESOLUTION AND AERIAL IMAGERY FOR ESTIMATION OF ABOVE GROUND BIOMASS/CARBON OF TREES OUTSIDE FOREST 

48 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

4.6 comparison of FOTO and OBIA method in TOF AGB/carbon estimation 

 

The carbon derived from the Pleiades-1B estimation using the OBIA method was compared with the 

carbon estimated from aerial photography from GE using FOTO method for patch TOF configuration 

based on the field measured AGB/carbon. Since AGB/carbon estimation based FOTO method for linear 

TOF configuration was found to be not applicable the comparison is for patch configuration TOF only.  

 

The performance of the two methods is estimated based on how the predicted carbon value from the two 

methods is close to the field measured carbon based on the two estimators of goodness of fit that is R2 

and RMSE value. According to the coefficient of determination obtained for the prediction of carbon 

from OBIA and FOTO for patch configuration TOF that is R2=0.82 and R2=0.68. The OBIA was 

observed to better explain the variation between field measured and predicted carbon in both linear and 

patch TOF configuration with higher coefficient of determination value (0.82) and lower RMSE (34%).  

  

In addition to that a correlation test was done to assess the significance of the relationship between field 

measured AGB/carbon and FOTO predicted carbon and OBIA predicted carbon. Hence the correlation 

test indicates that both FOTO predicted carbon and OBIA predicted carbon has significant relationship 

with field measured carbon but with different correlation coefficient (see table 11 & 12 below).  

Figure 26. FOTO Derived Carbon Stock Map of Patch Configuration of the Study Area 
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Table 11. Pearson correlation test between field measured carbon and OBIA predicted carbon 

Table 12. Pearson correlation test between field measured carbon and FOTO predicted carbon 
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5. DISCUSSION  

5.1         Distribution of field measured data  

 

The measurement of DBH has shown significant difference between patch and linear TOF configuration 

with a p value < 0.05 (refer to table 7 & 8). Hence based on this finding AGB/carbon was separately 

calculated for linear and patch configuration to avoid biasness and to minimize error propagation.  Among 

the main factors which influenced the difference in DBH measurements between linear and patches TOF 

configurations can be the difference in management practices. According to Schnell (2015) linear TOF 

configuration have larger DBH and smaller height when compared to patch TOF configuration. Roadside 

and windbreaks trees which are considered as linear TOF configuration are constantly subjected to 

intensive management practices such as spacing, pruning and trimming practices as part of regular 

inspection of these trees (Johnson, 2000). Whereas trees on forest patches are left for natural regeneration 

and restoration unless they are looked from production point of view (CGN, 2012).  

5.2 Segmentation accuracy 

 

The multi-resolution segmentation accuracy was assessed based on two approaches that is by calculating 

the “d” value to evaluate the goodness of fit of the segmented and digitized polygons on one hand and by 

evaluating the 1:1 matching or overlap of segmented and digitized TOF polygons on the other hand  

(Zhang, 1996). The reference polygons were manually digitized from both linear and patch TOF 

configuration. Based on these two approaches the overall accuracy of the multi-resolution segmentation 

process was found to be 72%.  

 

The segmentation accuracy obtained for this study is lower when compared to the segmentation accuracy 

attained by Mutanga (2012) for delineating TOF in farm lands which achieved an overall accuracy of 72% 

based on Worldview-2 imagery  and Ngwayi (2012) achieved 73% over all accuracy in segmenting TOF 

using Geo-Eye satellite imagery. On the other hand the segmentation accuracy obtained for this study is 

higher when compared to the segmentation accuracy attained for a similar study which achieved an overall 

accuracy of 62% for delineating TOF crowns in urban area (Mustafa et al.,  2015). Moreover Geremew 

(2011) has scored an overall accuracy of 70% which is comparable with the accuracy result obtained in this 

study for a very similar study area which is located in haagse Bos enschede.  

 

The estimation of precise scale parameter is the first and vital criteria for an accurate delineation of objects 

of interest in a multi-resolution segmentation process (Dragut et al., 2010). Estimation of scale parameter 

based on the ESP tool has not yielded a satisfactory result because of the heterogeneity and complexity of 

the land cover classes involved in the study area in terms of size and spectral responses of objects which 

have affected the initial segmentation process for the creation of object primitives. Furthermore it was 

observed from the image that the crown size of trees varies in linear and patch configuration TOF as a 

result of the difference in canopy structure and specie composition. Hence this in turn has made the 

selection of precise scale parameter for patch and linear TOF configurations difficult.  

 

Colour which is explained in terms of shape in the homogeneity criterion threshold plays an important 

role in defining the shape and size of segmented polygons (Blaschke, 2010). However in the Pleiades-1B 

image used for this study low contrast was observed between different land cover classes resulting on low 

influence of the colour parameter for accurate delineation of TOF crowns in the multi-resolution 
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segmentation process. Moreover Lower contrast between background objects and objects of interest 

which is mainly created by shadow in roadside and windbreak trees makes separability and accurate 

delineation of tree crowns difficult (Ardila et al., 2007). Filtering or smoothening an image enhances the 

boundary of tree crowns for better edge detection (Carleer et al.,  2005). Hence the 3*3 kernel low pass 

filtering applied has slightly improved the edge of the tree crowns.  

 

Moreover the similarity in spectral signature that was observed between TOF crowns and some other 

non-TOF land cover classes has influenced the accurate distinction and delineation of TOF crowns from 

the other non-TOF land cover classes. In the Pleiades-1B image used for this study TOF and certain 

grasslands and agricultural fields didn‟t have distinctive values especially in the red and near infrared band 

which are the main contributors for successful separation of TOF and non-TOF land cover classes (Hu et 

al., 2013; Laborte et al., 2010). As it is depicted in figure 27 below the dashed circles indicate the overlap 

of spectral signature of TOF, grasslands and certain agricultural fields both in the red band and near-

infrared band. 

 

To conclude over-segmentation of TOF crowns was slightly higher than under-segmentation of TOF 

crowns. Moreover according to the visual image inspection done linear TOF configuration are more 

accurately delineated than patch trees in patch configuration this can be due to less intermingling and crisp 

crown boundaries in linear TOF configuration (Shimano, 1997). Therefore given the above mentioned 

points the segmentation accuracy level achieved is adequate to answer research question one of this study. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

5.3 FOTO method 

The Fourier textural ordination (FOTO) method presents a good potential to detect forest canopy 

structural heterogeneity for Prediction of AGB variations based on aerial photography from GE platform 

(Ploton et al., 2012). Based on the 2DFFT algorithm in MatLab and PCA analysis of the r-spectra table, 

the FOTO method generates texture indices which are used as independent variables for AGB and carbon 

estimation (Barbier et al., 2012). In this study, the first three axes in the PCA analysis explained 73% of the 

variability observed in the frequency table of r-spectra hence these three principal components were 

chosen as texture indices for prediction of AGB/carbon of patch TOF configuration. The percentage 

score of the three texture indices in the PCA analysis is lower in this study when compared to score of the 

first three axes in other studies were in most cases the first three axes explain more than 80% of the 

Figure 27.  Spectral signature of different land cover classes in the study area 
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variation in texture seen in the image (Ploton et al., 2012; Proisy et al., 2007;  Singh et al., 2015). The 

Lower score of the three main axes in the PCA analysis which are chosen as texture indices has in turn 

influenced the estimation of AGB/carbon based on the FOTO method. The main reasons attributed for 

the lower score of the texture indices in the PCA analysis can be summarized as: 

 

a) Windowing  

 

Couteron et al. (2005) mentions the selected window size should correspond with the plot size on the 

ground since the computation of FOTO derived AGB should be correlated based on the plot size. As it is 

depicted in the figure below the percentage of variation explained by the first three PCA scores increases 

with the increase in window size(Proisy et al., 2007). However in this study based on the plot size used in 

the field a window size of 20m*20m was chosen for the 2DFFT analysis which is slightly smaller as 

compared to the minimum window size used by in other studies (Bastin, 2014; Couteron et al., 2005).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

b) Masking of non-TOF land cover classes 

 

According to several studies masking out of all land cover classes which are not forest is a perquisite as the 

presence of objects rather than trees in any given window influences the textural analysis (Meng et al.,  

2016; Suraj et al., 2016; Ploton et al., 2012). As Proisy et al. (2011) explains the FOTO method is very 

sensitive to the presence of other land cover classes or gaps rather than trees in any given window because 

this objects influence the computation of r-spectra resulting in skewed r-spectra value towards low 

frequencies meaning higher wavelengths which may be mistakenly interpreted as if the canopy contained 

large tree crowns. However in this study the fuzzy boundary, irregular occurrence pattern and dominance 

of the non-TOF land cover classes has made complete masking of the other land cover classes such as 

grass lands and built up areas impossible and very difficult. Hence obtaining a window that constitutes 

only a continuous tree canopy gradient was difficult as almost all windows in the image include partially or 

completely other lands cover classes which are not TOF (refer figure 29). Therefore the other land cover 

classes such as grassland, built up areas and agricultural area were eliminated from the analysis based on 

their distinctive frequencies after the textural analysis.  

 

 

 

 

 

 

Figure 28. Comparison of different window sizes against PCA scores (Proisy et al., 2007)  

Window size 
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5.4 AGB/Carbon estimation of TOF 

5.4.1 Relationship of remotely sensed CPA and field measured DBH in patch and linear TOF configuration 

 
Several studies  (Krajicek et al., 1961; Song et al., 2010; Shah & Acharya, 2010) have proven there is sound 

relationship between DBH and CPA of trees. However the strength of the relationship between DBH and 

CPA varies from open-grown trees and trees in patches (Krajicek et al., 1961). Hence for this study the 

relationship between CPA and DBH in patch TOF configuration was found to be slightly smaller than 

linear TOF configuration with R2=0.88 and R2 =0.78 respectively. However the Pearson correlation 

coefficients indicate that both relationships are significant at a p value < 0.01. In a patch where there is no 

gap between trees  the individual trees tend to compete more with neighbouring trees for sunlight 

(Shimano, 1997). Trees start to compete for sunlight when the total crown area of the total number of 

trees in the patch surpass the patch area (Shimano, 1997).The pipe-model theory explains in closed canopy 

patches of trees where there is acute shortage of sunlight the lower branches in the canopy start to fall 

because of shade from surrounding trees however the pipes that used to transport water and food from 

the fallen branch to the roots will remain in the trunk (Shimano, 1997). That means the pipes which are 

out of use remain in the tree trunk leading to less strong relationship between DBH and CPA.  

 

On the other hand roadside trees and windbreaks which are grouped in the linear TOF configuration 

experience less competition with neighbouring trees especially if the tree lines have open canopy structure 

and in this case the DBH and CPA tend to increase at a similar rate (Krajicek et al., 1961). Even though 

the spacing between neighbouring trees is small and the crown of two consecutive trees seems to overlap 

the influence of intermingling is not like in patches. As it is depicted in the figure 30 below the spacing 

among neighbouring trees during planting and management practices such as trimming in linear TOF 

configuration leads to less overlap as compared to trees in patches which face crown overlap from all 

directions.  

 

 

 

 

 

 

Figure 29. Example of windowing the aerial photography 

Figure 30. the level of tree intermingling (Shimano, 1997) 

a b 

  a   b   c 

 f  d   e 
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In addition to that another important point worth mentioning also might be the crispness of the 

boundaries of tree crown observed in linear and patch configuration of TOF in very high resolution 

imagery. According to Shimano (1997) in the forest patches, reflectance of other vegetation, i.e., ground 

cover, understory shrubs and small trees further creates noise and dominates the reflectance to tree 

crowns. The boundary of the individual trees that is CPA of trees no longer becomes well defined and 

crisp. Whereas roadside tree crowns appear well demarcated since most of the trees are usually trimmed 

and surrounded with man-made geographic objects. 

 

5.4.2 Modelling of carbon from CPA 

 

A non-linear regression model was fitted for the estimation of AGB/carbon of TOF in the study area 

based on CPA at coefficient of determination 0.89 and 0.82 for linear and patch configuration TOF 

respectively with 27% RMSE for linear TOF configuration and 34% for patch TOF configuration. The R2 

obtained for both patch and linear TOF configuration is smaller when compared to the R2 obtained for 

the estimation of AGB/carbon of both TOF classes for tropical TOF in India which obtained  R2=0.95 

and R2= 0.87 for linear and patch TOF configuration respectively (Pradesh, 2012). However the above 

studies relied on specie specific local volumetric equations rather than general allometric equations for 

estimation of biomass/carbon. Where the calculated volume is multiplied with specie specific wood 

density to obtain AGB/carbon of TOF. Hence the generic allometric equation used in this study as it is 

discussed in detail in the subsequent section could have influenced the AGB/carbon estimation of TOF. 

In addition to that the difference in canopy structure and specie composition of trees assessed in different 

studies could also create difference in model performance. However this study achieved higher result 

when compared to the result obtained by  Geremew (2011) in estimation of AGB/carbon estimation of 

broad and coniferous trees for the same geographic location.  
 

5.4.3 Modelling of carbon from texture indices 

 
The performance of the FOTO derived carbon was evaluated by plotting the field derived carbon against 

the FOTO derived carbon for 15 sample plots from the patch configuration. The R2 value obtained in this 

research is lower when compared to various studies which were done for AGB/carbon estimation of 

tropical trees which have a continuous and homogenous tree canopy gradient with less non-tree land over 

classes based on aerial and GE images (Suraj Reddy et al., 2016; Meng et al., 2016; Ploton et al., 2012). A 

study for AGB/carbon estimation for a temperate forest in north eastern china has also obtained a 

satisfactory result with R2=0.82% using a high resolution IKONOS imagery and R2=0.76 using a 

Cartosat-A & F aerial imagery. In this research the relatively smaller window size and presence of non-tree 

objects in any given window has negatively affected the textural analysis resulting in lower PCA score of 

the texture indices. This in turn has led to a smaller agreement of the field measured and FOTO measured 

carbon. As it is mentioned earlier the presence of a continuous tree canopy gradient without obstruction 

of other non-tree objects is important for the FOTO analysis.  

 

5.4.4 Comparison of FOTO estimated Carbon and OBIA estimated Carbon for patch TOF configuration 

 
The carbon derived from the Pleiades-1B estimation using the OBIA method was compared with the 

carbon estimated from aerial photography from GE using FOTO method for patch TOF configuration. 
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The performance of the two methods is estimated based on how the predicted carbon value from the two 

methods is close to the field measured carbon based on the two estimators of goodness of fit that is R2 

and RMSE value. Coefficient of determination and RMSE value are the two approaches of evaluating the 

agreement of a predictive model for AGB/carbon with a field measured AGB/carbon which is assumed 

to give absolute accuracy (Lu, 2006; Muukkonen & Heiskanen, 2005; Meng et al., 2016). The agreement of 

field measured AGB/carbon and AGB/carbon estimated from remote sensing data with R2 ≥0.7 is 

assumed to have strong relationship (Reimann et al., 2011).  

 

The OBIA derived carbon estimation has showed a reasonably good agreement with field measured 

carbon with R2 value which is equal to 0.82% and 34% RMSE at a significance level of 0.01. The study has 

obtained a considerably higher value of R2 value when compared to the result obtained by  Geremew 

(2011) which has obtained R2=0.5 for both broad leaved and coniferous trees with an 45% RMSE using a 

linear regression model to predict carbon for a very similar study area  in Haagse Bos the Netherlands. 

However the study has also scored a lower R2 when compared to the study of Ngwayi (2012) which has 

obtained R2=0.97 using Geo-Eye imagery for predicting carbon of TOF. As it is discussed earlier the 

segmentation accuracy, error related with allometric equations and the difference in biophysical 

characteristics of studies could result in variation of estimation.  

 

The FOTO derived carbon using the three texture indices as predictors of carbon has achieved R2=68 and 

39% RMSE when plotted against the field measured carbon per plot from the patch configuration. That is 

carbon estimation has 68% agreement with field measured biomass at plot level in patch TOF 

configuration at a significance level of 0.01. The residuals between the FOTO derived carbon and field 

derived carbon range between -3 ton/plot to +2.7 ton/plot for a plot area of 300 m2. The R2 result 

obtained in this study is generally assumed to be lower when compared to a number of other studies 

conducted for estimation tree biomass in a homogenous and continuous gradient of trees where the 

existence of non-tree objects was very negligible unlike this study (Proisy et al., 2011; Singh et al., 2014).  

 

Hence it can be concluded that even though both FOTO and OBIA method has showed significant 

relationship with field measured carbon, OBIA derived carbon has yielded stronger agreement with field 

measured carbon both in linear and patch configuration TOF. Whereas FOTO derived carbon has also 

showed moderate agreement with field measured carbon only for patch configuration TOF. In addition to 

that, unlike OBIA carbon estimation based on FOTO method was only found to be suitable and 

convenient for patch configuration TOF which is the inadequacy of FOTO method for a very inclusive 

TOF assessment that embraces the entire configuration with in it.  

 

5.5 Sources of uncertainity in carbon modelling  

 

Allometric equation 

 
The study has utilized a generic allometric equation suggested by the annex4A.1 guideline of IPCC for 

temperate hardwood trees since most of the trees surveyed are hardwood trees except for scots pine 

(IPCC, 2009). The allometric equation uses only tree DBH measurements for estimation of AGB which is 

suitable since height measurement was assumed to be less accurate especially for patch configuration 

TOF. There are very few allometric equations which are specifically developed for assessing TOF hence 
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most studies depend on forest allometric equations that might lead to erroneous estimation of TOF 

AGB/carbon (Schnell, 2015). Using the same traditional allometric equations as trees inside forest areas 

for assessing trees outside the forest areas has always been debatable. There are some studies that argue 

allometric equations for traditional forests misrepresent TOF especially roadside trees and windbreaks 

(McHale et al., 2009). Low tree density is one important difference linked with TOF as compared to huge 

forested areas, decreasing the potential competition for light and soil nutrients with neighbouring trees 

(McHale et al., 2009). Moreover several studies conclude that TOF are often shorter  in  height  and  

thicker  in diameter  than trees in forest areas leading to differences in DBH and height with trees in forest 

environments where most of the allomeric equations represent (Shimano, 1997). In addition to the above 

mentioned points the management practices applied to traditional forest areas and TOF is also different. 

TOF are routinely managed for different purposes while on the other hand forests are left for self-

restoration and regeneration this also alters the biometric measurement and phenology of trees inside and 

outside forest area. Based on the above mentioned points the results of  the  TOF AGB/carbon 

estimation based on generic allometric equations can be inconclusive  and  irrespective (McHale et al., 

2009; Hunter et al., 2013).  Hence the suitability of the available forest allometric equations for TOF 

AGB/carbon estimation should be tested for an accurate assessment of TOF.  

 

Time difference in image acquisition and field data collection 

 

The time lag between field data collection and the aerial photography from GE is very minimal since the 

image was taken on 20th of July 2016. Whilst the Pleiades-1B image was acquired on 9th of September 2015 

and the field data collection was conducted between from 28th of September to 25th of October. 

According to Song et al. ( 2010) the time lag between image acquisition and biometric field data collection 

lists as an exogenic factor that might affect data quality as a result of growth during the time lag. However 

planning a field data collection and image acquisition can be very challenging as image acquisition is 

influenced by a number of circumstances such as weather condition.  

 

Shadow  
 

Image acquisition at a nadir position is not possible with high resolution satellite sensors because nadir 

position image acquisition negatively influences revisit time of the satellite (Schaaf et al., 1994). However a 

lot of sensors try to minimize off-nadir sensor position to reduce shadow and other object distortions. In 

this study the Pleiades-1B image was acquired at 15o off-nadir which has resulted in substantial presence 

of shadow especially in the linear formation TOF.  

 

 

 

 

 

 

 

 

 

 

 

 

Shadow 

Figure 31. Shadow of trees along a windbreak configuration 
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Image data in Google earth 
 

The remote sensing data displayed in GE interface has a major limitation in positional accuracy when 

compared to other very high resolution satellite imageries which ranges from 2 to 46 m for images in 

Europe (Potere, 2008). However the positional inaccuracy has no influence in the textural analysis since 

the spatial arrangement of objects doesn‟t change as a result of the discrepancy in the positional accuracy 

(Ploton et al., 2012). However it might affect the position of field sample plots used for sampling 

purposes, however as it is observed from the field this might have small influence on TOF assessments 

because plots on patch and linear TOF configuration were easily distinguishable both in the GE image 

and on ground. Moreover GE interface doesn‟t provide the metadata of images displayed concerning data 

quality, detailed image acquisition information and the pre-processing techniques especially with regards to 

aerial photography present with in the GE database that hinders easy tracing of errors and result 

comprehensiveness (Singh et al., 2015 ; Potere, 2008). 
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6 CONCLUSION  

The study explored the potential of very high resolution satellite imagery and aerial photography from the 

Google Earth platform to using the OBIA and FOTO method to estimate AGB/carbon of TOF in 

Gronau Germany. A non- linear regression model was developed using the CPA generated from the 

segmentation process of the very high resolution Pleiades-1B satellite imagery as an independent variable 

to estimate the AGB/carbon of both linear and patch TOF configuration based on the OBIA method. 

Another separate linear multiple regression models was also developed using the texture indices obtained 

from the FOTO analysis of the aerial photography from Google Earth to predict the AGB/carbon of 

patch TOF configuration. Hence according to the research objectives and questions of the study the 

following conclusions are made accordingly: 

 

How accurately can tree crowns in different trees outside the forest (TOF) configurations be 

segmented? 

 
The segmentation accuracy of the TOF crown of the different configurations was evaluated using a 1:1 

matching of the segmented and manually delineated polygons on one hand and by calculating the “D” 

value which is the measure of goodness of fit on the other hand. Polygons where equally selected from 

linear and patch TOF configuration for manual delineation, and the overall accuracy was found to be 

72%. However according to the visual inspection done it was observed that linear configurations are more 

accurately segmented than patch TOF configuration.  

 

How significant is the relationship of segmented CPA and field measured DBH of trees between 

different trees outside the forest (TOF) configurations? 
 

The relationship between CPA segmented from the very high resolution Pleiades-1B image and DBH 

measured from field for both linear TOF configuration and patch TOF configuration was significant 

based on the Pearson correlation coefficient analysis done at P level < 0.01. However it was observed that 

the relationship between CPA and DBH was stronger in linear TOF configuration than the patch TOF 

configuration with R2=0.89 for linear TOF configuration and R2=0.82 for patch TOF configuration.  

 

How significant is the relationship between FOTO predicted above ground biomass 

(AGB)/carbon and field derived above ground biomass (AGB)/carbon of trees outside the forest 

(TOF) 

 

The FOTO method was introduced to estimate AGB/carbon of TOF based on the aerial photography 

form Google Earth. Hence three texture indices obtained from the 2DFFT method in MatLab were 

chosen as predictor variables for AGB/carbon estimation for patch TOF configuration in the study area. 

according to the correlation analysis done it was found out that 68% of the FOTO predicted carbon is in 

agreement with field estimated carbon at R2=0.68 and RMSE level of 39%. More over the Pearson 

correlation analysis further supports that the relationship between FOTO predicted and field measured for 

patch TOF configuration is significant at P level of 0.01. 
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Which of one of the two remote sensing images used is more accurate for estimation of above 

ground biomass/carbon of trees outside the forest when compared with field measured  above 

ground biomass/carbon? 

The study was conducted to explore the potential of VHR Pleiades-1B imagery and aerial photography 

from Google Earth using the OBIA and FOTO method to estimate the AGB/carbon of TOF. According 

to the analysis done both methods are found to be promising. On the endeavours made to discover the 

merits of aerial photography which is freely available in the Google Earth platform the FOTO method 

was used to for the purpose of AGB/carbon prediction of TOF in the study area. During the course of 

the data analysis process it has become clear only patch TOF configuration can suitably be assessed with 

the FOTO method. Hence the FOTO method was only used to assess the AGB/carbon of TOF. 

Whereas the OBIA using the very high resolution satellite imagery was found to be suitable for both linear 

and patch TOF configuration. Hence the AGB/carbon estimation using the FOTO method was 

compared to the AGB/carbon estimation used for patch configuration only. The models developed for 

carbon estimation using CPA from OBIA and texture indices from FOTO method were assessed based 

on the two estimators of goodness of fit that is R2 and RMSE value. Therefore the model developed based 

on the CPA generated from OBIA of the very high resolution Pleiades-1B imagery has scored R2=0.82 

and RMSE value of 34%. On the other hand the model developed for prediction of carbon based on the 

texture indices derived from the FOTO analysis of aerial photography from Google Earth has scored  

R2=0.68 and RMSE level of 39%.  
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Appendix 1: Histogram of DBH for different configuration of TOF 

Appendix 2: Histogram of Height for different TOF configurations 
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Appendix 3: Collinearity test between CPA and DBH of patch configuration TOF 

Appendix 4: Collinearity test between CPA and DBH of linear configuration TOF 
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Appendix 5: Rule set for multi-resolution segmentation of Pleiades-1B satellite imagery 
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plot No:

20

Observe

r 

Name/Gr

oup:

Y

S. no. 

Species 

(Scientific 

or/and 

common 

name)

DBH 

(cm)

Height 

(m)

1 birch 15 24

2

scots 

pine
15.6 15

3 birch 18.7 24

4 birch 27.8 24

5 birch 16.3 24

6 birch 15.2 24

7 birch 11.2 24

8 birch 14.5 24

9 oak 39 28

10 birch 11 24

11 oak 18.9 28

12 birch 12 24

13 birch 16 24

14 birch 22 24

15 birch 20 24

16 birch 31 24

17 birch 12 24

18 birch 13 24

19 birch 29 24

20 birch 28 24

21 birch 24 24

22 birch 25 24

23 birch

24

25

26

27

28

29

30

31

Data Sheet for biomass/carbon estimation in Gronau Germany and Eastern Enschede

Date: GPS X

Configuration class Remarks

patch

Other 

Observati

ons: 

Appendix 6: Field data collection record sheet  
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Appendix 7: Photos from the field 




