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Introduction

Climate change is real and is occurring at an alarming rate. Currently,
worldwide deforestation alone accounts for approximately 1-25% of
global greenhouse gas emissions, yet this could be curbed quickly by
avoiding deforestation.

Forests act both as a carbon source and sink depending on the P
management regime, and hence can play an important role in
stabilizing atmospheric concentrations of greenhouse gases (GHGS) \g&#
such as carbon dioxide (CO2).

Considering this, concerns have been expressed in the global and local
debate on reducing emission from deforestation and forest degradation
(REDD) and involving local and indigenous communities in the process
In a mutually beneficial way in developing countries
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Introduction

In the Himalayan countries, progressive forest conservation policies
has entrusted the local and indigenous communities to manage
community forests and have transferred thaisufruct rights to them.

Community-managed forests in the Himalayan region therefore are
becoming an important environmental asset and carbon pool, as
previously deforested areas are increasingly being regenerated.

In consideration to the above, ICIMOD has launched a project
under REDD in collaboration with the Asia Network for Sustainable
Agriculture and Bio resources (ANSAB) and Federation of
Community Forest Users, Nepal (FECOFUN) as its partners from
July 2009 in three project sites in the mid hills of Nepal.

It has also established a Project Management Unit (PMU) to

E facilitate the project activities
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Introduction

A Forests sequester and store more carbon compared to other
terrestrial ecosystems and are important natural brake on climate

change (Gibbs &Herold, 2007).
A UNFCCC and its Kyoto Protocol (UNFCCC, 1997) recognize that

forest ecosystems contribute to mitigate the humaimduced

greenhouse effect.

A Forest carbon financing through the mechanism of reducing

emissions from deforestation and forest degradation (REDD).

A Traditional field based method and Satellite imagery based method (
IPCC, 2006)
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Light energy

The Cornerstone of Life on this planet!

3. Carbon dioxide
enters leaf through
stomata

4. Sugar leaves leaf
CHEMICAL ENERGY + CARBON DIOXIDE = SUGAR After S. Ustin (2004

ITC Advanced RS, Image Processing and GIS for NRM



TREE BIOMASS

@ foliage
< small branches
@ large branches

stump above ground @

ITC Advanced RS, Image Processing and GIS for NRM



Introduction

ASatellite imagery based technique is an alternative to traditional
methods by providing spatially explicit information, even in remote

locations in a cost effective way IPatenaude et al.,2005)

AProviding spatial, temporal and spectral information, RS is an

Important tool in estimation of carbon stock (Rosengvist et al.,1999)
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Introduction

A Using high resolution images it is possible to identify and delineate

individual tree crown (Gougeon& Leckie, 2006).

A Significant relationship between DBH measured from the field and

crown projection area (CPA)derived from images Hiratg et al.(2009 -;".

A Very little study - high resolution image and carbon stock mapping.

A Emphasizes on developing more accurate model for estimation of fores
carbon from individual tree crowns obtained using high resolution

Images( Gonzaleet al.,2010 ,Asner, et al.,2002)
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Introduction

ITC and ICIMOD utilizing the latest technology of high
spatial resolution GeoEyesatellite images are developing
RS/GIS based modelling, mapping and monitoring and
verification protocol for biomass and then carbon stock as

estimation.

©

ITC Advanced RS, Image Processing and GIS for NRM



Benefits and limitations of available methods to estimate natidaaél forest carbon stocks

Gibbs et al., (2007)
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Benefits and limitations of available methods to estimate natidaaél forest carbon stocks

Gibbs et al., (2007)

height/vertical structure

* Ex: Carbon 3D satellite
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Vegetation canopy LiDAF
(VCL) with horizontal
imager

variability of forest
carbon stocks
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Objective

Modeling, Mapping and Monitoring Carbon
Stock in Forests of Three Different Ecological
Zones of Nepal Using High Resolution Satellite -

Images and GIS
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Study Area
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Study area

Study Site: Ludhikhola watersh
Location : Gorkha , Nepal
Area : 5827 ha

Altitude range: 6001100 m
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Study Area ==

A The altitude of Charnawati
Watershed ranges from 600mto
3500m. S

A The forest type span from lower suf~  °
tropical to sub alpine.

A Average rainfall 2044mm,
maximum temperature 3& and
minimum temperature®®.

A There are 58 Community Forest
User Groups (CFUGS) with the

total area of 5728.35 ha .
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Materials and Data

Maps and Images

Software: A GeoEye panchromatic (0.50m)
AArcGIS A GeoEye multispectral (2m)
MefinienseCognition A Topographic maps

ARDAS

AViicrosoft Office 2007 (Word,
Excel, Visio, and Power poietc
AStatisticalsoftwaresSPSS

Field Instruments: iIPAQ, Garmin
GPS, prismatic compass, measurin

tape, diameter tape, haga altimeter,

and field work datasets
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Fig. 1. Crown diameter—stem diameter (K/d) relationship for beech.
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Regression parameters for predicting crown diameter (K) from diameter at breast height (d) and vice versa for major broadleaved tree species

used in British forestry

Species No. of observations Predicting K from d r
Intercept (a) Slope (h)

Sycamore: Acer pseudoplatanus 52 0.69189 18.6770 89.6
Birch: Betula spp. 55 0.97524 16.1512 92.2
Chestnut®; Castanea sativa 43 2.79271 10.6684 76.1
Beech: Fagus sylvatica 58 1.13312 15.2331 92.0
Ash: Fraxinus excelsior 61 (.75810 20.3565 93.0
Walnut®: Juglans regia 46 275266 18.1646 92.9
Poplar: Populus 37 0.80097 18.9502 96.5
Cherry®; Prunus avium g 1.7600 15.40 84.0
Oak: Quercus robur and Q. petraca 64 [.71733 15.6159 91.1
Rowan: Sorbus aucuparia 13 1.09576 18.4490 93.2
Lime®: Tilia cordata 33 225928 11.4408 90.5

* From Savill (1991).
® From Hemery (2000).
© From Pryor (1985).
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Forest Ecology and Management, 40 ( 1991 ) 2468
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Scaledependent competition at the stand level assessed from crown areas
S. Getzin, K. Wiegand, J. Schumacher, F. Gougeon
Forest Ecology and Management
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There have been many studies of the DBkbwnN
width (CW) relationship:

(Krajiceket al., 1961, Curtin, 1964, 197Qurtis, 1970; Curtis
and Reukema, 1970; Arney, 1973; Strabal., 1975;

Zarnovican, 1982; Paine and Hann, 1982; Led&&4;
Tabbush and White, 1988; Faet al., 1989; Smith etal., £ =
1992; Larocque and Marshall, 1994), s

@

ITC Advanced RS, Image Processing and GIS for NRM



The estimation of CPA from their tree size is important on both forest
ecology and silviculture.

So, what kind of measurement should we do? If it Is easy to estimate
the individual basal area (IBA) of a tree, estimating the CPA using the
IBA of a tree as a size index may be easy to do, because we can
visualize the simple proportional relation between CPA and IBA.

But actually, it is difficult to estimate IBA directly in fieldwork.

Diameter at breast height (DBH) is the only index that we can dire
measure with ease.

Furthermore, we usually have many data sets which include the D
class distribution in forest management. With these reasons, usin
DBH as an index of tree size may be useful for describing the CP

@L)ee size relationship.
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?é Table 1  Residual variances and multiple correlation coefficients () for
— each functional models,
@ Residual variance
.
<
. Second - Power
_% Linear power Logistic sigmoid
§ Deciduous trees 6394 482.9 723.9 428.2
= Coniferous trees 923 96.6 794 70.0
L - - . .
a  or logistic power—sigmoid R (multiple correlation coefficient)
[y
=
o e Second o Power
& Linem power Logistic sigmoid
Deciduous trees 0.909 0935 (0.901 0.934
Coniferous trees 0.860 0.855 0.861 0.876

DBH (cm)

Fig. 2 DBH -CPA relations of deciduous broadleaved and coniferous
trees with various models.
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Fig.3 Relations between CPA and the estimated on for deciduous broadleaved and coniferous trees from DBH-CPA analysis.
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Estimating CPA from DBH using
Regression Models

1) Linear functional model:
CPA =a DBH

where a is a proportional constant. When a tree grows, CPA will
also grow. In this linear functional model, DBH is used as a si
iIndex. As a result, it is assumed that CPA increases
In simple proportion to the increase in DBH. The intercept ot
function should be zero because CPA must be zero when QBEH
Zero.

2) Second power functional model.
CPA = a DBH

where a is a constant. IBA is an index of size, because it is

@oportional to DBH 2.
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Estimating CPA from DBH using Regression

Models
3) Logistic functional model:
CPA : CPAJ/(1 + (CPA_/no - 1)/exp (r DBH))

where CPA., IS a constant which CPA can never exceed, r is the rate increase
when CPA is the smallest, and no is the smallest value of CPA. It is assumed
that the rate of increase of CPA will slow when DBH is sufficiently large

because of competition, though CPA will increase exponentially as DBH d
Here no = 1, because the value no should be the smallest natural numbgs
CPA, ., are found from data fitting. '

4) Powersigmoid functional model:

CPA = CPA, -- 1/exp ((a DBH £- CPA . In CPA.)/CPA, )
As in the logistic functional model, it was assumed that the increasing rate
CPA will slow down when DBH is sufficiently large. However, the pewer

sigmoid function has a power relation between DBH and CPA when the v
are small enough, while the logistic function is exponential. As mentioned
@above, this power relation indicates that CPA is proportional to IBA, which

rbportional to the square of DBH.
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Estimating CPA from DBH using
Regression Models

If a tree has no competition from neighboring trees, the
crown diameter will grow with the linear relation to its
stem diameter

(Krajiceket al., 1961; Curtin, 1964, 1970; Curtis &wlkema,
1970; Struket al., 1975; Zamovican, 1981; Tabbasid White, _
1988; Smittet al., 1992). g

Therefore, when it is small enough, the crown area will incre
In proportion to the square of DBH as follows:

y:ax2

where vy is the crown projection area, x is stem DBH, and a is
a positive constant.

This function can be transformed as follows:

@/dx = 2ax
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Estimating CPA from DBH using
Regression Models

As the tree grows, the rate of increase of the crown area will
slow because of competition with neighboring trees. Howev
the stem will continue growing until the tree dies (Shinozaki

al., 1964a). P -

Consequently, the crown area may convergea@onstant va
If stem diameter increases sufficiently. The convergence of
crown area to larger stem sizes can be

described as follows:

dyldx 2ax( | Y/y,,,)

@
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Estimating CPA from DBH using
Regression Models

where, 3'max is a constant and maximum value of a crown
projection area.

When 3'is small enough, it will increase in proportion to the
square of x. When y is close to )'max, it no longer increases
and becomes constant. This equation is solved as follows# ™%

Y = ¥nax— 1/exp(aX2/ymax T C)
where, c is an integral constant.

Supposing y = 0 when x = 0, the last Eq. is altered as follo

Y = Ynax § 1/€XP((@% - Yinax !N Yimad!Y max) (last)

@
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Estimating CPA from DBH using
Regression Models

Previous figure shows the loci of E@ast) with various parameters.
Since the locus of this function forms a sigmoid curve, it is like the
logistic function, although the function derived in this study has a
power function in its early stage, and the logistic function is
exponential in its early stage.

From these characteristics, the derived function can be called
"powersigmoid function." The poweisigmoid function is widely
applicable to elements with an obvious power relationship betwe
two terms such as stem DBH and the crown projection

area.

The least squares method is used for model fitting with the
Newton method.
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tree needle area (M2)
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tree needle biomass {Kg)

Fig. 2. Relationship between needle biomass and needle area. The
solid line represents the regression function.
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Fig. I. Relationships between dbh and biomass. Symbols represent

the different stands, the symbols are connected with hand-drawn

curves to show the main trends: {a) stem biomass; (b) branch
| biomass; and (c) needle biomass.
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Segmentation

Segmentation is the first operation in
any Object Oriented Classification.

It Is a process to subdivide theimage
into separated homogenous areas
according to the given segmentation
parameters.

Different segmentation parameters
result in different objects size.

@
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Center Seatadh
Segmentation

Fig. 8. Detection results using 5-cm pixel spacing imagery. The outer row and column of trees in each plot were not included in the analysis because ground
diameters had not been measured. In the zoomed-in inset, cyan =commission error due to the presence of short ground vegetation and red =omission error.
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I

Isolate individual tree crowns (ITC) from each other draim the
background vegetation;

delineateprecisely their crown boundaries;

identify their species; and finally, if needed,

regroupthem into forest stands or environmental strata.
Individual Tree Crown (ITC) Delineation: A Valley -Following

Approach
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Segmentation
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Supervisetl classificationohautematically
delineated tree crownsaatidifferentsspatial
iesolutions

Green = Red Pine

@ Yellow = White Pine
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Segmentation

and

Classification
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Species DEBH Ht CcD X Y Biomass CPA Carbon S5tock
1 Schima wallichii 19.5 15.10 3.90 261816 3066077 238.481179%6  9.625 112.0861544
2 Cleistocalyx opercula 28.4 9.60 2.00 263869 3068278 321.5998624 14.191 151.1519353
3 Buchanania latifolia 32.0 15.00 7.80 261813 3066092 6£37.968384 19.642 299.8451405
4 Shorea robusta 36.7 12.60 6.40 262322 3065744 7F04.872577 28.285 331.2901112
5 Shorea robusta 37.0 13.50 8.80 263833 3068285 767.6180136 33.196 360.7804664
6 Shorea robusta 38.2 12.00 11.00 263888 3068270 727.3038943 38.5 341.8328303
7 Semecarpus anacardi 39.5 11.00 8.00 260886 3063977 712.8445236 50.285 335.0369261 |
8 Shorea robusta 42.5 16.00 11.20 263872 3068265 1200.34416 66.502 564.1617552 =
9 Shorea robusta 50.0 21.00 6.90 261226 3064795 2180.556 78.571 1024.86132 :
10 Shorea robusta 50.4 30.00 11.10 263871 3068270 3165.120645 B86.625 1487.606703
11 Cleistocalyx opercula 51.9 17.80 8.60 262320 3065731 1991.419058 95.071 935.9669574
12 Shorea robusta 56.1 26.00 11.60 260900 3063976 3398.654455 122.767 1597.367594
13 Shorea robusta 61.8 22.00 15.45 260881 3063964 3489.856521 154 1640.232565
14 Terminalia alata 63.1 27.80 10.90 262323 3065740 4597.39115 169.785 2160.773841
15 Shorea robusta 77.0 23.00 13.50 260889 3063970 5663.921525 201.142 2662.043117
16 Shorea robusta 80.5 29.20 19.00 262309 3065735 7859.276232 283.642 3693.859829
17 Shorea robusta 90.0 15.20 10.50 263877 3063274 5113.715328  346.5 2403.446204
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4000
L g
SUMMARY OUTPUT 3500
Regression Statistics 3000

Multiple R 0.915103916 2500 ¢ -
R Square 0.837415177 *
Adjusted R 0.826576188 2000 / # Seriesl
Standard B 931.920233 1500 * * —— Linear (Series1)
Observatic 17

1000
ANOVA 500 L

df S5 F ignificance F "" .

Regressior 1 67097998 77.25953 2.65E-07 0 ' ' ! !
Residual 15 13027130 0 100 200 300 400
Total 16 80125128

Coefficients andard Erri P-value lower 95% Upper95% ower 95.0%
Intercept  293.9839367 339.1007 0.399625 -428.792 1016.760038 -428.792 Biom=293.983+21CPA
X Variable 21.00452754 2.389664 2.65E-07 15.91108 26.09797618 15.91108
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Conclusioms

CPA can be segmented reasonably

There is reasonable relationship between CPA,
DBH, Biomass and Carbon stock

Preliminary results show that carbon can be
reasonably estimated and mapped using CPA
segmented on high resolution satellite image.

©
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Segmentation:

eCognition

ITC

ENVI (new segmentation)

ERDAS (new Object Oriented Class)

@
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Segmentation/Approacn:

Scale, Color, Shape, Compactness,
Valley Following

Searching

@
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Spedies(Tlassification:
Spectral, Spatial

Approach

@
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Formation

One
Two
Multiple
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