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The importance of accurate measurement of forest biomassandsia has been growing

ever since climate change mitigation schemes, particularly the reduction of emissions
from deforestation and forest degradation scheme (known as REDD+), were
constitutionally accepted by the government of Indonesia. The need faccarate
system of historical and actual forest monitoring has also become more pronounced, as
such a system would afford a better understanding of the role of forests in climate change
and allow for the quantification of the impact of activities implated to reduce
greenhouse gas emissions. The aim of this study was to enhance the accuracy of
estimations of carbon stocks and to monitor emissions in tropical forests. The research
encompassed various scales (from trees and stands to landizeapscalg) and a wide

range of aspects, from evaluation and development of allometric equations to exploration
of the potential of existing forest inventory databases and evaluation of eedtieg
technology for nordestructive sampling and accurate forest bianmagpping over large

areas.

In this study, | explored whether accuracgspecially regarding the identification and
reduction of biad of forest aboveground biomass (AGB) estimates in Indonesia could
be improved through (1) development and refinement ofmatac equations for major
forest types, (2) integration of existing large forest inventory datasets, (3) assessing non
destructive sampling techniques for tree AGB measurement, and (4) landsape

mapping of AGB and forest cover using lidar.

This thess provides essential foundations to improve the estimation of forest AGB at tree
scale through development of new AGB equations for several major forest types in
Indonesia. | successfully developed new allometric equations using large datasets from
various forest types that enable us to estimate tree aboveground biomass for both forest
type specific and generic equations. My models outperformed the existing local
equations, with lower bias and higher precision of the AGB estimates. This study also
highlights the potential advantages and challenges of using terrestrial lidar and the
acoustic velocity tool for nedestructive sampling of tree biomass to enable more sample

collection without the felling of trees.

Further, | explored whether existing forestentories and permanent sample plot datasets

can be integrated into Indonesiabds exi st
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of these existing datasets found that through quality assurance tests these datasets are
essential to be integrated into wa@l and provincial forest monitoring and carbon
accounting systems. Integration of this information would eventually improve the

accuracy of the estimates of forest carbon stocks, biomass growth, mortality and emission
factors from deforestation and fotekegradation.

At landscape scale, this study demonstrates the capability of airborne lidar for forest
monitoring and forest cover classification in tropical peat swamp ecosystems. The
mapping application using airborne lidar showed a more accurate awtepre
classification of land and forest cover when compared with mapping using optical and
active sensors. To reduce the cost of lidar acquisition, this study assessed the optimum
lidar return density for forest monitoring. | found that the density of hiearn could be

reduced to at least 1 return per 2 m

Overall, this study provides essential scientific background to improve the accuracy of
forest AGB estimates. Therefore, the described results and techniques should be
integrated into the existing miboring systems to assess emission reduction targets and

the impact of REDD+ implementation.
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1. The Significance of Indonesi ads
Tropical deforestatioms a global conceras emissions from deforestation contribute to
global greenhouse gas accumulatioreéhhouse gas emise®from land usdand use
changeand forestryactivities between 2000 and 2010 comprised %2d total global
emissiongBacciniet al, 2012 Houghtonet al, 2012. More than 80% of agricultural
development in tropical countries involves the conversion of existing fqfextiss et

al., 2010). Therefore it is crucial to involve tropical countriesn climate change
mitigation prograrmes. Protectirg existing tropical forests isn effective wayof

mitigating climatechangg(Sternet al, 2009.

Tropical forests can either sequester carbon dioxidé)(@Gmit itinto the atmosphere,
depending on how they are utilised and managed. Unsustainable forest utilisation,
rampant illegal logging and extensive planned forest conversion for other land uses are
the main causes of tropical deforestation and forest degradatimionesia, which have

in turn led to huge COemissions. These historical choices have led to a great loss of

forests capital and services.

Forest loss in Indonesia mubstantialbecause of theinsustainble natural resource
management associated wibonomic development and anthropogenic fires. More than
40% of pan tropical deforestation between 1990 and1997 occurred in South East Asia,
mostly because of conversion to agriculture, selective logging andAcksirdet al,

2002. A specific study in South BaAsia suggested between 1990 and 2000, and 2000
and2010, Indonesia contributed more than 97% and 56% to the deforestation in South
East Asia, respectivelitibig et al, 2014. Between 1990 and 2000, deforestation rates

in Indonesia were the sewd highest recorded, after Brazil. Between 1119 million
hectare®f Indonesian forestseredeforested annuallyuring this period(Hanseret al,

2009 FAO., 2010 Stibig et al, 2014. This rate was slightly higher than between 1987
and 199Q(Dauvergne, 19931In 2009, the remnant natlif@restscomprisedonly 46%

of total land area, almost half of the total in 1988%) (Sumargcet al, 200]). The islanl

with the highest deforestation rate was Sumatra, which in 2010 was covered with only

30% remnant natural foreqglargonoet al, 2012).

As well as the overall rate of deforestation, it is important to consider how certain forest
types are being affected. Between 2000 and 2010, deforestation rates for lowland
dipterocarp forests (LDFs) were the highest estimated at 0.3 millioaresannually

(Miettinenet al, 2011). However, when looking at forest loss as a percentage of total

2|Chapter 1
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cover, peat swamp forests (PSFs) and mangroves suffered the most, with annual
deforestation rates of 2.2% and 1.3%, respectively. Repeated burning of these carbon
rich forest ecosystems and conversion into production systems result in huge CO2
emissiongMurdiyarsoet al, 201Q van der Werfet al, 201Q. For instance, in 1997

1998 peat fires in Sumataad Kalimantan contributed to almost 40% of global emissions
(Pageet al, 2009. Several factors have been identified avets of deforestatign
including demographic, economic, institutional and techniglalgfactors (Geist and
Lambin, 2001 Carr et al, 2005 Barbier and Burgess, 2001IThese factors affect the

decisions to exploit existinfprests and their resources.

In 2005, a mechanism for reducing emissions from deforestation and forest degradation
(Reducing Emissions from Deforestation and Forest Degradation [REDD]) was finally
adopted at the Conference of parties (COP) 11 in Mont@stada. REDD provides
financial incentives for tropical countries to reduce the rate of deforestation and forest
degradation. In 2007, COP 13 in Bali, Indonesia, emphasised the need to include carbon
stock enhancement, conservation and sustainable nmaeageof forests into the
mechanism, which later became known as REDD+. Since then, the REDD+ methodology
has been intensively discussed and debated at internationdREipi+ demonstration
activities ardoeingimplemented by developing countries as piiesting and lesson learnt

at local level

Tropical developing countries that practice the most deforestation and forest degradation,
such as Brazil and Indonesia, receive most international support to enable their
participation in this global mechaniswortlimate change mitigatigrown and Peskett,

2017). However, with the complexity of the problem, it is important for the casto
improve their capacity in forestry governance and forest monitoring. Singectrdive
mechanismis designed to be paid on a performance basis, accurate measurement of
carbon sinks and emissions is critically importdihis requires a measureabkeportable

and verifiable (MRV) system for carbon accounting to comply with international

standardsind subject them to independent verifications.

1.1.1 MRV system for REDD+

The main goal of REDD+ is quantified emissions reductions, on which the performance
evaluation will be basedAccurate estimation of emissisrfrom deforestation and
degradation is cruciaf REDD+ incentive is to be implemented credibljhe MRV

system for REDD+ adopts five basic principles of reporting: consistency, transparency,

3|Chapter 1



compaability, completeness and accurdBgglestoret al, 2009. There are three levels

of accuracy when measuring and reporting on the emissions from deforestation and
degradation. Tier 1 has the lowest accuracy, and can be used to estimate unimportant
sources of emissions or whenever the more accuratdsdatevailable. The medium
accuracy of Tier 2 allows countries to use a region or cowpiegific database for
estimating emission factors. Tier 3 is the most accurate approach, and uses ground
measurement for activity data and high resolution data fokdaver mapping.

The United Nations Framework Convention on Climate Change (UNFCCC) clearly states
that to be able to participate in the REDD+ mechanism, developing countries must
establish forest reference emission levels (FREL) basehistorical datand national
circumstancefUNFCCC, 2019 Emissions 1420 years prior to theeference year must

be estimated. Forest area changes (activity data) and changes in carbon stock (emission
factors) must be calculated to estimate historical emissions. To support this, UNFCCC
requested parties to develop a robust and transparent hdticesd monitoring system
(NFMS) using remote sensing and ground measurements. Remote sensing technology is
the most reliable method for measuring activity data, because it can cover a large area
and provide consistency in the measurement. Although thacitg of most tropical
countries, including Indonesia, for forest monitoring were increased, there is still much

room for improvement, especially with carbon pool repor(Rgmijn et al, 2015.

1.1.2 Uncertainties in forest carbon measurement

Indonesia reported a decline in annual deforestation rates from 1.9 million hectares in
1996 2000 to ory 0.5 million hectares in 200Q010 (FAO., 201Q. However, this
reported rate is considerably different from the rate shown on the currertbwall

land cover change mawhich uses 3netre resolution at the global scale. According to
this map, there is a trend towards an annual increase of deforestation in In(ldaesen

et al, 2013. Also, there have been many critics of the global forest resource assessment
data compiled by FAO, because of the inconsistency of theotetbgy, changing of
forest definitions and some data gdptatthews, 2001 This has led to a great deal of
uncertainty about the reliability of estimations of emissions from deforestation and forest

degradation (Figure 1.1).
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Figure 1.1: High uncertainty in estimating historical ratedefbrestation.

In is inevitable that greater reliance will placed on remote sensing data fetowall
mapping of land cover and carbon stock. Various studies show that differences in the data
and processing procedures lead to uncertainties. Starethrébsest classification
terminology for interpreting and classifying images is becoming a crucial part of accurate,

consistent and credible forest monitoring in tropical foréRtsnijn et al, 2013.

Ground measuremesytintegrated witltreebiomassmodelsand remote sensingre the
mostcommonmethod of carbon accounting in the forestry and land use change sector
(IPCC, 2006)Groundbased measurements are necessary for validating and modelling
the biomass estimations, in combination with land coveatellite imagery classification
(Penmanet al, 2016. It is important to have enobgground measurement plots
proportionally distributed to represent each kaoger class. The higher the number of

plots, the higher the confidence level of the estimates.

The current FREL of Indonesia, which was submitted to the UNFCCC during the COP
21in Paris, only used national forest inventory (NFI) data for the emissions calculation.
However, it acknowledges the need for more data to fill the gap of the NFI grid network
throughout Indonesia. It is envisaged that existing data on forest inventofprast
permanent sample plots from various sources will be included in the forest carbon stock
and emission calculation systéMoEF, 2015. Brown (1997)andPenmaret al. (2016)
provide clear guidance on how to make useittventory data. However, many of the
forest inventory data are not available or are just presented as a summarised result in
report documents. In the latter case, conversion factors are needed to utilise the
summarized data and to provide informationdarbon accounting purposes. Also, data
validation must be done before existing forest inventory data and information can be used

(Harjaet al, 2011).
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Converting groundbased plot measurement data into biomass or carbon stock requires
allometric models. The models with melariable® including tree diameter, total
height and wood densiyare found to be more accurate than tleelets relying only on

tree diameterPelletier et al. (2012) found that emissions calculated using different
equations or emission factors could lead to more than 100% deviation from estimates.
The authors suggested that accurate estimationg uSer 3 will provide higher
incentives due to a higher confidence level in the emission estimates, compared to
estimations using Tier 1. The sources of uncertainty of emission calculations must be
identified and reduced to achieve credible forest carbmmoumting. Relevant and
accurate allometric relationships must be used to estimate carbon stock of particular forest
types.The best way to model tree biomass equatisibased on tree speciendmust

be sitespecifichecause ofhe high variation®f biomass accumulation in different tree
species and forest typ@seith et al, 2010. Speciesspecific equationwill improve the
accuracyof allometric moded, when compared to models that us&ed species.
However due tathehigh diversity of tree species in tropical fosgsuch equaticswould

be too costly to develognd too difficult to implemenfChaveet al, 2003. Therefore,
development of allometric equations based on mixed species is more common in tropical
regions(Chaveet al, 2005 Ketteringset al, 2001 Kenzoet al, 2009.

Another approach, which minimises the cost associated withutimder of tree samples
required, is to usgenera or familbased relationship(Basuki et al, 2009)Species
grouping for tropical tree speci@nproves accuracy and kesphe measurementoss
low. Tree diversity in tropical forests can reach to moentB00 species per hectare
(Kartawinata, 1990 Therefore, the use of specigsecific biomass equations is not a
feasible option for tropical forests in Indonedfaul et d. (2013) found that species
specific equations performed only slightly better than mixed spediesnatively, forest
types classification based on geographical and ecological gradgrtsved the AGB
estimategAlvarezet al, 2019.

So far, only a limited number of published studies on allometric equations have appeared
for estimating tree aboveground biomass in the tropical forests of Indonesia. Some of
these equations were developed using a limited number of tree samples, or by using trees
with a low diameter range. Development of biomass equations for various forest types
are needed as they will contribute to the accuracy of carbon stock estimatigndatea

number of tropical landscapes in Indonesia. Despite the lack of published studies, a
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review study suggests that there have been many unpublished studies on tree biomass
involving destructive sampling of more than 5000 trees in Indof@sithaet al, 2015.

A database compilation of previous studies will provide more samples for better
representation of various forest types and ecological gradients. Also, the authors suggest
the ned to expand the sampling to the eastern region because this area was under

represented in previous studies.

Technological advances may help to improve the accuracy of emission calculations or
reduce the measurement errors due to unstandardised growsutensent methods. For
instance airborne lidar anderrestrial laser scanning (TL&ave been widely explored
for high-precision mapping and measuremeantforestry.This approach will be useful

in improving accuracy and reducing working time.

1.1.3 Advanced technologyfor forest monitoring and biomass estimation

Most forest areas in Indonesia are remote, making them difficult to access. Such
difficulties make the logistics even more difficult for field campaighsombinationof

bad weather and steepterramay af fect the inventory c¢re
the quality of the data collected. As technology improves, the use of remote sensing with
fine resolution for forest monitoring is increasing. The ability to integrate multiple
datasets also allowsgearchers to create the new and more accurate information required.
Data fusion of lidar points from airborne and terrestrial instruments can potentially be
used to validate the accuracy of forest monitoring and carbon stock assessment. Laser
technology $ widely used for accurate, consistent and credible measurement of trees and
forests(Lefskyet al, 2002 Williams et al, 1999 Hopkinsonet al, 2004. However, the

use of these cuttingdge technologies in tropical forest must be assessed and validated

by ground measurement.

1.1.3.1 TLSfor tree AGB measurenmd

The cevelopment of allometric equations usitite destructive method for biomass
estimation at tree leves laboriousandrequires substantial logistic arrangementree
cutting in conservation and restoration areas is mostly restricted byTlevdore,
destructive sampling in these areas is not an opiib8.is a tool that could potentially

be utilised for faestry research and application of forest measurement of tree diameters
and heights(Thies and Spiecker, 20D4TLS provides an objective and consistent
monitoring too} and is able to give vergccurate informatiorfDassotet al, 2017).

Additionally, TLS can provide a thredimensional D) reconstruction of treand is an
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alternative approaclhior nondestructivetimber sampling for volume and biomass
estimation(Vonderactet al, 2012.

The use ofTLS in the forestry sector has beemensivelyinvestigated Until now this

type oflaser scanning has primarily been used to measure forest parameters for forest
inventoriegPfeiferet al, 2004 Watt and Donoghue, 200Bopkinsonet al, 2009. For
example,Aschoff and Spiecker (2004)eveloped a model for tree detection d@od
estimate diameter at breast heigdB{) based on TLS point cloud data derived from
eight scanning pointsThe ¢em is the most observable part of a treestembased

forestry measurement will achieve the reghaccuracy in TLS application.

The use of TLS for biomass studies vaffem simply deriving tree parameters (such as
DBH, tree height, crown size and crown volume) for biomass calculation using available
allometric equations (Holopainen etal, 2(Hdnkareet al, 2013 to biomass estimation
through conversion of volume estimates using specified wood data, using the point
numbers as a parameter to estimate tree biofBagselet al, 2011 and usinghevoxel

based approach for coniferous large ti@&ariuset al, 2013. A cylinder fitting method

has been developed for automatic reconstruction of tree trunks and branches based on
TLS point clouds(Pfeifer et al, 2004 Aschoff and Spiecker, 20D4An improved
cylinder fitting method, called the quantitative structure model (QSM) was developed.
This method is a fully automatic approach and has a faster processir{é\kienlelom et

al.; Raumoneret al, 2013 Hackenberget al, 2015. Further studies have found that the
biomass estimates using TLS are more accurate than allometric rf©dklerset al,

2015 and thus there is potential for developing or validating allometric equations
(Olagokeet al, 2019.

1.1.3.2 Non-destructive approach for wood density measurement

Wood density is an important parameter for assessing wood characteristics, timber
guality, and tree biomass when used in conjunction with tree volume. Convéytiona
wood density measurement involved destructive sampling and traditional measurement
of volume and dry weight. Several attempts have been made to estimate direct wood
density on standing trees using feredated equipment, such as a torsiometer, ayip

a nail withdrawal or a resistograglsik and Li, 2003. A review by(Gaoet al, 2012
suggests that those tools have similar accuracy with coefficients of determination between
0.7 to 0.9. The main difference is the practicability and consistency across the

measurement by different operators. In this regard, the resistdgaajp@im advantage over
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the others. However, moisture content in live trees affects the accuracy of density

estimation.

In addition to these methods, spectral, ultrasound and actased technologies were
also tested for their ability to provide a rdestructive evaluation of wood. They include
NIR SpectroscopySchimlecket al, 2003, the Silvatest ultrasound instrumefule
Oliveira and Sale2006 Hasegawat al, 2011 and the Fakopp and The Hitman acoustic
velocity tools(Chauhan and Walker, 20p8/Nood density assessment using NIR and
ultrasound techniques were promising with high correlations of arour@dd®@.Blowever,
NIR Spectroscopy and ultrasound tools require species arsbsitdic calibation and

expensive laboratory work, respectively.

1.1.3.3 Airborne lidar

To integrate all forestelated emissions calculation from various activities, anlaasad
forest monitoring system is requir@dNFCCC, 201). For areabased forest monitoring,
remote sensing application using meditasolution satellite imageries has been widely
used in tropical forests with low accessibil{ysneret al, 2002 Hansen and Loveland,
2012. To improve the accuracy, more advanced technology resulting in high resolution
imageries(Chamberset al, 2007 Hirata et al, 2019 were explored. Additionally,
airborne lidar scanning (ALS) technologies continue to be intensively explored due to
their high accuracy in estimag) forest metric{Gobakkenet al, 2012 Lefsky et al,

2002.

Laser technology, on which ALS is basedashbeen used for precise distance
measurement. ALS using discrete return is commonly utilised for forest monitoring due
to its ability to cover large are@&/ulderet al, 2012. Comparedo satellitebased remote
sensing technologies, the costs associated with ALS acquisittenselatively high
(Hummelet al, 201). Given that the largest component of the costs of lidar acquisition
is aeroplane flight time, it is more economical to acquire lidar by having an aircraft fly
higher andaster(Goodwinet al, 2009. However, this results in a lower densitfypoint
cloud (and thus poorer spatial resolutioRyevious studies on accuracy using various
lidar densities have been conducted mostly impierate region@Gobakken and Neaesset,
2008 Watt et al, 2014 Jakubowskeet al, 2013. No lidar density studies were located

in areas with very flat topography such as in P@fso anumber of recent studies
explored the use dfeightrelated(Kronsederet al, 2012 andreturn proportiorrelated

metrics(loki et al, 2014 Sheridaret al, 2014 for estimating forest attributes, including
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AGB. Further research is needed to find the Wielsir metrics that have a strong

correlation with forest attributes in flat tropical PSFs.

1.2 Research Aim and Objectives

Theaim of this studywakoc ont ri bute to the devel opment of
by enhancing our ability to accurately estimedelon stocks and to monitor emissions

in tropical forests. To achieve this, the study included several research components for
exploring and analysing the potential improvement of accuracy in AGB estimation at
various levels (trees, stands and landscapedgpviehe research encompassed a wide
range of aspects, from evaluation and development of allometric equations, to
identification and compilation of existing forest inventory databases, and exploration of
the potential of existing forest inventory data Isaseestimate carbon stock and forest
dynamic information and evaluation of the value cutiédge technology for nen
destructive sampling and accurate forest biomass mapping over large areas. Four

subsidiary research objectives were designed to achiesve th

1. To validate existing AGB models and develop new equations using large samples
of harvested trees from four major forest types in Indonesia: dipterocarp forest,
peat swamp forest, other lowland forests and mangrove forest. Comparisons with
existing loal and global allometric equations were conducted to assess their
uncertainty in AGB estimation.

2. To explore the potential use of TLS for 3D modelling of individual trees to
validate existing equations or to develop new equatiéiso, a device that
measues acoustic velocity to test wood density was trialled as this would enable
non-destructive sampling of tree AGB.

3. Toidentify, compile and evaluate the potential use of existingfreddsurement
data, such as permanent sample plots and timber inventoriestimating AGB
stock and increment in loggexer or degraded forests. In addition to that, a
compilation of carbon stock estimations in primary forests from published
literature was conducted for estimating emission factors from forest degradation
ard deforestation.

4. To explore the potential use of airborne lidar metrics for AGB and land cover
mapping. The influence of lidar return density on the accuracy of AGB mapping
was assessed to find whether it was feasible in terms of the cost, and whether it

was accurate when monitoring large areas.
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1.3 Thesis outline

This is a thesis by compilation following the guidelines of the College of Medicine,
Biology and Environment and Fenner School of Environment and Society, the Australian
National University. It consis of four published, one accepted and two unpublished
papers/chapters, placed in the research component. All papers/chapters were written as
standalone papers. Therefore, there is some duplication of methods and data used in some
chapters. Inconsistersd in formatting, abbreviations, measurement units, referencing
styl e, captions and so on also unavoi dat
requirements. The unpublished chapters were also written following a research article

format, to allow sbhmission to peereview journals at a later stage.

The thesis is organised into three parts: introduction, main research and synthesis. The
introduction consists of two chaptehstroduction and General &hod (Chapters 1 and

2). The researcbomponents structured following the four research objectiy€hapters

3 to 9) Each research compong¢aliometric development,LS applicationuncertainties
assessmendf AGB stock and increment estimatesd landscape assessment using
airborne liday used diferent dataset method and scopgandit is outlined in a separate

chapter Thesynthesis consists afconcluding chapter (Chapter 10)

The thesis is structured as follows:

1 Chapter 1. Introduction.rBsents the research backgrourails, and objectives

1 Chapter 2. Study Approach and General Methadséhts an overview of the
approach used in the study, outlines the thesis structure and describes the study
area and general methods. The methods used in data collection and analysis are
briefly described.

1 Chapter 3.Tree Biomass Equations for Tropical Peat Swamp Foressystem
in IndonesiaPresents the results of allometric model validation and development
for estimating tree AGB in peat swamp forest ecosystdihs chapter wa
published in Forest Ecology and Management(2014) 334, 24253.

DOI: 10.1016/j.foreco.2014.08.031.

1 Chapter 4. Improved Allometric Equations for TredokegroundBiomass
Estimation in Tropical Dipterocarpofests of Kalimantan, IndonesiRevises
existingstudies orallometric equatins for lowland dipterocarp forests using new
datasetsThis chapter wa publishedonline in Forest Ecosystem@016) 3:28.

DOI: 10.1186/s4066816-00872.
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1 Chapter 5. The Effect of Species Grouping and Site Variables on Aboveground
Biomass Models for Loveind Tropical Forests in Inddalay Regioni evaluates
various variables for the development of generic allometric equations covering a
wide geographical space. This chagtes beerpublished onlinan Annals of
Forest Scienc€017)74:23 DOI: 10.1007/s3595017-06181.

1 Chapter 6Testing aNon-DestructiveMethod forMeasuringlree AGB sing a
Terrestrial Laser Scanndresents the results of 3D model validation for volume
and AGB estimation using nedestructive sampling in mangroves.

1 Chapter 7.Synthesising Existing Forest Inventory Datasets for Estimating
Historical AGB Stocks and Growth in Logg€er Tropical Dpterocarp orests
Presents the result of forest inventory data exploration from timber concessions
and assesses the uncertainties of AGRksand increment estimation at stand
levels.

1 Chapter 8Advanced Land Cover Mapping of Tropical Peat Swamqe$§t usig
Discrete Returnidar. Presents the results of utilizing airborne lidar data for forest
and land cover mappinghis chapter has be@ublishedn Geoplanning Journal
(2017)4:1,1-8.DOI: 10.14710/geoplanning.4.18L

1 Chapter 9. Assessirlgfluenceof Return Densityon Estimation é Lidar-Based
AGB in Tropical Peat Swamp Fest of Kalimantan, Indonesia. This chapter tests
various densities of lidar return for assessing forest AGBaspublishedonline
in International Journal of Applied Earth Observation and Geoinformation
(2017) 56, 2435.DOI: 10.1016/j.jag.2016.11.002

1 Chapter 10. Synthesi$ This chaptersynthesiss the findings, identifies
limitations and presents recommendations for implementation and further

research.

12|Chapter 1


http://dx.doi.org/10.14710/geoplanning.4.1.1-8
http://dx.doi.org/10.1016/j.jag.2016.11.002

References

Achard, F., Eva, H. D., Stibig, H., Mayaux, P., Gallego, J., Richards, T. and Malingred®L, J.
2002. Determination of deforestation rates of the world's humid tropical fd8egtace,
297(5583): 9991002.

Akerblom, M., Raumonen, P., Kadsimen, M., Kaasalainen, S. and Kaartinen,, H.
Comprehensive quantitative tree models from TLS ,ddEEE. Available at:
10.1109/IGARSS.2012.6352751

Alvarez, E., Rodriguez, L., Duque, A., Saldarriaga, J., Cabrera, K., de las Salas, G., del Valle, I.,
Lema A., Moreno, F. and Orrego, S., 2012. Tree abgneeind biomass allometries for
carbon stocks estimation in the natural forests of Colombmest Ecology and
Management267. 297-308. Available at: 10.1016/j.foreco.2011.12.013

Anitha, K., Verchot, L. V, Joseph, S., Herold, M., Manuri, S. and Avitabile, V., 2015. A review
of forest and tree plantation biomass equations in Indongsials of Forest Science,
72(8): 1-17.

Aschoff, T. and Spiecker, H., 2004. Algorithms for the automatic detection ed trelaser
scanner datanternational Archives of Photogrammetry, Remote Sensing and Spatial
Information Science86(Part 8): W2.

Asner, G. P., Keller, M., Pereira, R. and Zweede, J. C., 2002. Remote sensing of selective logging
in Amazonia: Assessingnitations based on detailed field observations, Landsat ETM+,
and textural analysi®emote Sensing of Environme3®(3): 483496.

Baccini, A., Friedl, M. A., Samanta, S., Houghton, R. A., Goetz, S. J., Walker, W. S., Laporte, N.
T., Sun, M., Sullamenashe, D., Hackler, J., Beck, P. S. A. and Dubayah, R., 2012.
Estimated carbon dioxide emissions from tropical deforestation improved by €arbon
density mapsiNature Climate Chang&(3): 182. Available at: 10.1038/nclimate1354

Barbier, E. B. and Burgess, C., 2001. The economics of tropical deforestatlmurnal of
Economic Survey45(3): 413433.

Brown, J. and Peskett, L., 2011. Climate finance in Indonesia: Lessons for the future of public
finance for climate change mitigatio@verseas Developmemstitute (ODI) Working
Paper No,11.

Brown, S., 1997. Estimating biomass and biomass change of tropical forests aFoimeand
Agriculture Organization of the United Natians

Calders, K., Newnham, G., Burt, A., Murphy, S., Raumonen, P., HevbldCulvenor, D.,
Avitabile, V., Disney, M. and Armston, J., 2015. Nondestructive estimates of above
ground biomass using terrestrial laser scantitathods in Ecology and Evolutios(2):
198-208.

Carr, D. L., Suter, L. and Barbieri, A., 2005. Population dynamics and tropical deforestation: State
of the debate and conceptual challenfegulation anl Environment27(1): 89-113.

Chambers, J. Q., Asner, G. P., Morton, D. C., Anderson, L. O., Saatchi, S. S., BapitioF.

D., Palace, M. and Souza, C., 2007. Regional ecosystem structure and function:
ecological insights from remote sensing of tcap forests, Trends in Ecology &
Evolution,22(8): 414423.

Chauhan, S. and Walker, J., 2006. Variations in acoustic velocity and density with age, and their
interrelationships in radiata pinegrest Ecology and Managemef291): 388394.

Chave, J.Kira, T., Lescure, J. P., Nelson, B. W., Ogawa, H., Puig, H., Riéra, B., Yamakura, T.,
Andalo, C., Brown, S., Cairns, M. A., Chambers, J. Q., Eamus, D., Félster, H., Fromard,
F. and Higuchi, N., 2005. Tree allometry and improved estimation of carbds stod
balance in tropical forest®ecologia,1451): 87-99. Available at: 10.1007/s004405
0100x

Dassot, M., Constant, T. and Fournier, M., 2011. The use of terrestrial LIDAR technology in
forest science: application fields, benefits and challendasals of Forest Science,
68(5): 959974.

Dauvergne, P., 1993. The politics of deforestation in Indonaizfic Affairs 497-518.

de Oliveira, F. G. R. and Sales, A., 2006. Relationship between density and ultrasonic velocity in
Brazilian tropical voods,Bioresource technolog®,7(18): 24432446.

13|Chapter 1



Eggleston, S., Buendia, L., Miwa, K., Ngara, T. and Tanabe, K., 2006. IPCC guidelines for
national greenhouse gas inventoriésstitute for Global Environmental Strategies,
Hayama, Japan

FAO., 2010Global Forest Resources Assessment 2010 Main Ré&u,

Gao, S., Wang, X. P., Brashaw, B. K., Ross, R. J., Wang, L. H. and leeeR2pi® Assessment
of Wood Density of Standing Trees with Nondestructive Methddeview,

Geist, H. J. and Lambin, E., 2001. What drives tropical deforestatibbhlCC Report seriegt:

116.

Gibbs, H., Ruesch, A., Achard, F., Clayton, M., Holmgren, P., Ramankutty, N. and Foley, J.,
2010. Tropical forests were the primary sources of new agricultural land in the 1880s an
1990s,Proceedings of the National Academy of Scierb@g38): 1673216737.

Gobakken, T. and Neaesset, E., 2008. Assessing effects of laser point density, ground sampling
intensity, and field sample plot size on biophysical stand properties derivediftworne
laser scanner dat&anadian Journal of Forest Resear@8(5): 10951109.

Gobakken, T., Neesset, E., Nelson, R., Bollandsas, O. M., Gregoire, T. G., Stahl, G., Holm, S.,
@rka, H. O. and Astrup, R., 2012. Estimating biomass in Hedmark Courtyai using
national forest inventory field plots and airborne laser scaniiRegnote Sensing of
Environment1230): 443456. Available athttp://dx.doi.org/10.1016/j.rse.2012.01.025

Goodwin, N R., Coops, N. C. and Culvenor, D. S., 2006. Assessment of forest structure with
airborne LiDAR and the effects of platform altitudeemote Sensing of Environment,
1032): 140152. Available at: 10.1016/j.rse.2006.03.003

Hackenberg, J., Spiecker, H.,l@ers, K., Disney, M. and Raumonen, P., 2015. Simpl&T e
efficient open source tool to build tree models from TLS clo&dsests,6(11): 4245
4294,

Hansen, M. C. and Loveland, T. R., 2012. A review of large area monitoring of land cover change
usingLandsat dataRemote Sensing of Environmévdjume 122 p 66- 74.

Hansen, M. C., Potapov, P. V., Moore, R., Hancher, M., Turubanova, S. A., Tyukavina, A., Thau,
D., Stehman, S. V., Goetz, S. J., Loveland, T. R., Kommareddy, A., Egorov, A., Chini,
L., Justice, C. O. and Townshend, J. R. G., 2013. Higholution Global Maps of 2%st
Century Forest Cover ChangeScience, 3426160): 850. Available at:
10.1126/science.1244693

Hansen, M. C., Stehman, S. V., Potapov, P. V., Arunarwati, B., Stolle, F. amdrRiK., 2009.
Quantifying changes in the rates of forest clearing in Indonesia from 1990 to 2005 using
remotely sensed data sdisvironmental Research Letted%3): 034001.

Harja, D., Dewi, S., Heryawan, F. and van Noordwijk, M., 2011. Forest catbok estimates
based on National Forest Inventory d#&thl.REDDI Brief,2.

Hasegawa, M., Takata, M., Matsumura, J. and Oda, K., 2011. Effect of wood properties en within
tree variation in ultrasonic wave velocity in softwoddlirasonics, 51(3): 296302
Available at:http://dx.doi.org/10.1016/j.ultras.2010.10.001

Hirata, Y., Tabuchi, R., Patanaponpaiboon, P., Poungparn, S., Yoneda, R. and Fujioka, Y., 2014.
Estimation of aboveground biomassmangrove forests using highsolution satellite
data,Journal of Forest Research®(1): 3441. Available at: 10.1007/s103013-0402
5

Hopkinson, C., Chasmer, L., YowRpw, C. and Treitz, P., 2004. Assessing forest metrics with
a groundbased scarnng lidar, Canadian Journal of Forest Resear@d(3): 573573.

Houghton, R., House, J., Pongratz, J., van der Werf, G., DeFries, R., Hansen, M., Quéré, C. L.
and Ramankutty, N., 2012. Carbon emissions from land use andtdsad change,
Biogeoscience®(12): 51255142.

Hummel, S., Hudak, A., Uebler, E., Falkowski, M. and Megown, K., 2011. A comparison of
accuracy and cost of LIDAR versus stand exam data for landscape management on the
Malheur National Foresfournal of Forestry1095): 26%273.

loki, K., Tsuyuki, S., Hirata, Y., Phua, M. H., Wong, W. V. C., Ling, Z. Y., Saito, H. and Takao,
G., 2014. Estimating aboxground biomass of tropical rainforest of different degradation
levels in Northern Borneo using airborne LiDARyrest Ecology and Meagement328
335341. Available at: 10.1016/j.foreco.2014.06.003

l4|Chapter 1


http://dx.doi.org/10.1016/j.rse.2012.01.025
http://dx.doi.org/10.1016/j.ultras.2010.10.001

Isik, F. and Li, B., 2003. Rapid assessment of wood density of live trees using the Resistograph
for selection in tree improvement progran@nadian Journal of Forest Research,
33(12): 2£26-2435.

Jakubowski, M. K., Guo, Q. and Kelly, M., 2013. Tradeoffs between lidar pulse density and forest
measurement accuracRemote Sensing of Environmeb80 245253. Available at:
10.1016/j.rse.2012.11.024

Kankare, V., Holopainen, M., Vastarantd,, Puttonen, E., Yu, X., Hyypp4a, J., Vaaja, M.,
Hyyppé&, H. and Alho, P., 2013. Individual tree biomass estimation using terrestrial laser
scanning)SPRS Journal of Photogrammetry and Remote Ser&ng4-75. Available
at: 10.1016/j.isprsjprs.2012.109

Kartawinata, K., 1990. A review of natural vegetation studies in Malesia, with special reference
to IndonesiaThe plant diversity of Malesia. Proc. symposium, Leiden, :1B8B132.

Keith, H., Mackey, B., Berry, S., Lindenmayer, D. and Gibbons2®10. Estimating carbon
carrying capacity in natural forest ecosystems across heterogeneous landscapes:
addressing sources of err@obal Change Biologyl6(11): 29712989.

Kenzo, T., Takahashi, N., Okamoto, M., Tan&kada, A., Sakurai, K., Ninomiya,, lichie, T.,
Hattori, D., Itioka, T., Handa, C., Ohkubo, T., Kendawang, J. J., Nakamura, M. and
Sakaguchi, M., 2009. Development of allometric relationships for accurate estimation of
above and belowground biomass in tropical secondary forests in Sdtaialaysia,
Journal of Tropical Ecology5(4): 371386. Available at: 10.1017/s0266467409006129

Ketterings, Q. M., Coe, R., van Noordwij k, Y
uncertainty in the use of allometric biomass equations for piregliaboveground tree
biomass in mixed secondary foresterest Ecology and Managemeh#§(1): 1939209.
Available at: 10.1016/s037B127(00)00466b

Kronseder, K., Ballhorn, U., Bbhm, V. and Siegert, F., 2012. Above ground biomass estimation
across forst types at different degradation levels in Central Kalimantan using LiDAR
data,International Journal of Applied Earth Observation and Geoinformatidn,37-

48.

Lefsky, M. A., Cohen, W. B., Parker, G. G. and Harding, D. J., 2002. Lidar Remote Semsing f
Ecosystem Studies Lidar, an emerging remote sensing technology that directly measures
the threedimensional distribution of plant canopies, can accurately estimate vegetation
structural attributes and should be of particular interest to forest, lamdsoab global
ecologistsBioscience52(1): 19-30.

Margono, B. A., Turubanova, S., Zhuravleva, |., Potapov, P., Tyukavina, A., Baccini, A., Goetz,
S. and Hansen, M. C., 2012. Mapping and monitoring deforestation and forest
degradation in Sumatra (Inda@ia) using Landsat time series data sets from 1990 to 2010,
Environmental Research Lettei®3). Available at: 10.1088/1748326/7/3/034010

Marius, H., Rasmus, A., Terje, G. and Erik, N., 2013. Estimating stregebranch biomass of
Norway spruce witherrestrial laser scanning using vokelsed and crown dimension
featuresScandinavian Journal of Forest Resear2§(5): 456.

Matthews, E., 2001. Understanding the FRA 2@afiest Briefing,1: 1-12.

Miettinen, J., Shi, C. H. and Liew, S. C., 201lef@restation rates in insular Southeast Asia
between 2000 and 201@Global Change Biologyl7(7): 22612270. Available at:
10.1111/j.13652486.2011.02398.x

MoEF, 2015. National Forest Reference Emission Level for Deforestation and Forest
Degradation: In lie Context of Decision 1/CP.16 para 70 UNFCCC (Encourages
developing country Parties to contribute to mitigation actions in the forest sector),
Directorate General of Climate Change. The Ministry of Environment and Forestry.
Indonesia

Murdiyarso, D., He goual c 6 h, K. and Verchot, L., 2010.
gas emissions in tropical peatlan@soceedings of the National Academy of Sciences,
107(46): 1965519660.

Olagoke, A., Proisy, C., Féret;B., Blanchard, E., Fromard, F., M&hlU., de Menezes, M. M.,

Dos Santos, V. F. and Berger, U., 2016. Extended biomass allometric equations for large
mangrove trees from terrestrial LIDAR dalaees,30(3): 935947.

15|Chapter 1



Page, S. E., Siegert, F., Rieley, J. O., Boehah H/., Jaya, A. andimin, S., 2002. The amount
of carbon released from peat and forest fires in Indonesia duringN&@ire,420(6911):
61-65.

Paul, K. I., Roxburgh, S. H., Ritson, P., Brooksbank, K., England, J. R., Larmour, J. S., John
Raison, R., Peck, A., Wildy, D. TSudmeyer, R. A., Giles, R., Carter, J., Bennett, R.,
Mendham, D. S., Huxtable, D. and Bartle, J. R., 2013. Testing allometric equations for
prediction of abov@round biomass of mallee eucalypts in southern Austriatieest
Ecology and Managemer&10 10051015. Available at: 10.1016/j.foreco.2013.09.040

Pelletier, J., Kirby, K. R. and Potvin, C., 2012. Significance of carbon stock uncertainties on
emission reductions from deforestation and forest degradation in developing countries,
Forest Policy andeconomics24: 3-11.

Penman, J., Green, C., Olofsson, P., Raison, J., Woodcock, C., Balzter, H., Baltuck, M. and
Foody, G. M., 2016. Integration of remegensing and grourddased observations for
estimation of emissions and removals of greenhouse gaskesests: methods and
guidance from the Global Forest Observations InitiatiFepod and Agriculture
Organization, Rome.

Pfeifer, N., Gorte, B. and Winterhalder,,2004.Automatic reconstruction of single trees from
terrestrial laser scanner dat@raceedings of 20th ISPRS Congress,

Raumonen, P., Kaasalainen, M., Akerblom, M., Kaasalainen, S., Kaartinen, H., Vastaranta, M.,
Holopainen, M., Disney, M. and Lewis, P., 2013. Fast automatic precision tree models
from terrestrial laser scanner daRemoteSensings(2): 491520.

Romijn, E., Herbert , A. J., Wijaya, A., Herold, M., Angelsen, A., Verchot, L. and Murdiyarso,
D., 2013. Exploring different forest definitions and their impact on developing REDD+
reference emission levels: A case study for freia,Environmental Science & Policy,

, Volume 33p. 246259).

Romijn, E., Lantican, C. B., Herold, M., Lindquist, E., Ochieng, R., Wijaya, A., Murdiyarso, D.
and Verchot, L., 2015. Assessing change in national forest monitoring capacities of 99
tropicd countries Forest Ecology and ManagemeB8§2 109123.

Schimleck, L. R., Mora, C. and Daniels, R. F., 2003. Estimation of the physical wood properties
of green Pinus taeda radial samples by near infrared spectro€aomdian Journal of
Forest Reseah, 33(12): 22972297.

Seidel, D., Beyer, F., Hertel, D., Fleck, S. and Leuschner, C., 20kths@Dscanning: A nen
destructive method for studying abevground biomass and growth of juvenile trees,
Agricultural and Forest Meteorology, 151(10): 13051311. Available at:
http://dx.doi.org/10.1016/|.agrformet.2011.05.013

Sheridan, R. D., Popescu, S. C., Gatziolis, D., Morgan, C. L. and K. N2014. Modeling
forest aboveground biomas&idavolume using airborne LIDAR metrics and forest
inventory and analysis data in the Pacific Northwestnote Sensing(1): 229255.

Stern, N. H., Britain, G. and Treasury, H., 208&rn Review: The economics of climate change,
HM treasury London,

Stibig, H.-J., Achard, F., Carboni, S., Rasi, R. and Miettinen, J., 2014. Change in tropical forest
cover of Southeast Asia from 1990 to 20Bgeoscienced,1(2): 247.

Sumargo, W., Naggara, S. G., Nainggolan, F. A. and Apriani, I., 2001. Potret kdadaan
Indonesia,Bogor, Indonesia: Forest Watch Indonesia dan Washington DC: Global
Forest Watch Available at: http://fwi.or.id/wp-content/uploads/2013/02/PHKI_2300
2009 FWI_lowres.pdf(accessed 1 February 2017).

Thies, M. and Spiecker, H., 2004. Evaluation and future prospects of terrestrial laser scanning for
standardized forest inventoriésyrest,2(2.2): 1.

UNFCCC, 2010. Report of the Conference of the Baud its fifteenth sessidtdNFCCC. COP
15. Copenhagen

van der Werf, G. R., van Leeuwen, T. T., Randerson, J. T., Giglio, L., Collatz, G. J., Mu, M.,
Kasibhatla, P. S., Morton, D. C., DeFries, R. S. and Jin, Y., 2010. Global fire emissions
and the conthution of deforestation, savanna, forest, agricultural, and peat firesi (1997
2009), Atmospheric Chemistry and Physic&((23): 1170711735. Available at:
10.5194/acil0-117072010

16|Chapter 1


http://dx.doi.org/10.1016/j.agrformet.2011.05.013
http://fwi.or.id/wp-content/uploads/2013/02/PHKI_2000-2009_FWI_low-res.pdf
http://fwi.or.id/wp-content/uploads/2013/02/PHKI_2000-2009_FWI_low-res.pdf

Vonderach, C., Voegtle, T. and Adler, P., 2012. Vébade approach for @ésiating urban tree
volume from terrestrial laser scanning ddid, Arch. Photogr. Remote Sens. Spat. Inf.
Sci 39-B38.

Watt, M. S., Meredith, A., Watt, P. and Gunn, A., 2014. The influence of LIDAR pulse density
on the precision of inventory metricsyioung unthinned Dougld# stands during initial
and subsequent LIiDAR acquisitiodew Zealand Journal of Forestry Sciendd(1):
18-18. Available at: 10.1186/s404914-00183

Watt, P. and Donoghue, D., 2005. Measuring forest structure with teakdaser scanning,
International Journal of Remote Sensi@§(7): 14371446.

Williams, M. S., Cormier, K. L., Briggs, R. G. and Martinez, D. L., 1999. Evaluation of the Barr
& Stroud FP15 and Criterion 400 laser dendrometers for measuring upper stetedia
and heightsForest Science}5(1): 53-61.

Wulder, M. A., White, J. C., Nelson, R. F., Naesset, E., @rka, H. O., Coops, N. C., Hilker, T.,
Bater, C. W. and Gobakken, T., 2012. Lidar sampling for larga forest
characterization: A reviewRemoteSensing of Environmerit21: 196:209.

17|Chapter 1



18|Appendix



#EADOAO ¢

Study Approach and General Methods

Contents
2.1 Study Approach and Research Components..........ccccooecvvieemiveerneenniennne 20

2.1.1 Component 1: Development of allometric equations for estimating
tree AGB in various fOreSt tyPeS.......cccociiiiiiiiiiiieeeiie e 20

2.1.2 Component 2: Nowlestructive method for estimating tree AGB
0 [T TR S T U 21

2.1.3 Component 3: Uncertainties of staledel AGB estimations using
various AGB models and assessing AGB stock and increment of loyged

IPLEIOCAIP FOrESTS ....uuiiiiiiiiiiiii it 21

2.1.4 Component 4: Potential use of airborne lidar for AGB and land cover

mapping at landscape IeVEL...........cooviiiiii e 21
2.2 Sit€ DESCIIPUOM...ciiiiiieeeee e iee et e e e e e e e e e enan 23
2.3 General MEthOdS..........uuuuiiiiiiiiiiii ettt 25

P22 T R B = - W @] | [=Tox 1o SR PP PPPEPPRR 25

2.3.2  Data ANAlYSIS.....uuuiiiiii i 27
2.4 ProCesSiNg SOfWAIR.........coiiiiiiiiiitirees e eeeesssse e reeeeeeeeeeas 29
RETEIENCES. ... 30

19|Chapter 2



2.1 Study Approach and Research Components

Themain aim of this studywa®contri bute to the devel opment

system by enhancing the ability to accurately estintaidoon stocks and monitor
emissions in tropical forestShe study involved four research componesdsgeringa

range of aspects, includingallometric development (Component 1) and method
improvement (Component 2) at tree level, stiwtl aboveground biomass (AGB)
estimation (Component 3) and landscape scale analysis using airborne lidar (Component
4) (Figure 2.1).

Tree level
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Figure 2.1. Research componentslaheir relationship to each other.

2.1.1 Component 1: Development of allometric equations for estimating tree AGB
in various forest types

The main objective of Component 1 was to develop allometric equations for estimating
tree AGB in major forest types indonesia. To achieve this goal, it was important to
have large samples of harvested trees with a wide range of tree size, covering a variety of
forest types. A total of 1348 samples of harvested trees were compiled from direct
measurements and from publidh&udies conducted in peat swamp forests, dipterocarp
forests and lowland forests across the Hivkday region (Table 2.1 and Figure 2.2). This
became a study on allometric equation development using the largest dataset in the region.
The datasets from ¢hliterature were mostly identified as grey publication®\hitha et

al. (2015) and Krisnawati et al. (2012) However, the distribution of the dataset was

20|Chapter 2



skewed, with more information coming from the western part of the region (Kalimantan
and Sumatra) and less from the eastern regions. Component 1 is addressed in Chapter 3
to Chapte5.

2.1.2 Component 2:Non-destructive method for estimating tree AGB usinglLS

Because destructive sampling is laborious and time consuming, -@lestactive
approach was tested to allow more collection of samples, especially large trees.
Component 2 was dgged to achieve this aim. Mangrove forests were selected as the
object of the study, because they are not represented by the compiled datasets in
Component 1. Because of limitations in cutting permits as well as time and budget
constraints, only two indidual trees (with diameter of 32 cm and 58 cm) were scanned
and felled for biomass measuremeritee specific objective of Component 2 was to
explore the potential and challenges of 3D reconstruction from TLS point clouds for
estimating tree volume and awtic tool for estimating wood densitsom fresh logs.

Component 2 is addressed in Chapter 6.

2.1.3 Component 3: Uncertainties of standlevel AGB estimations using various
AGB models and assessing AB stock and increment of loggeebver
dipterocarp forests

Component 3 was constructed based on the premise that many forest measurement plots
and timber inventory datasets are measured and compiled by timber companies, but few
are used to fill in the gaps in forest inventory networks on a larger scale. The olgéctive
this component was to identify, compile and examine these datasets for quality assurance,
and to determine whether they are suitdbtdurther use in forest AGB assessment. The
selected datasets were used to assess the validity of various AGB madaisidevel.

The AGB models used in this analysis were derived from the results in Chapter 4 and
Chapter 5. Component 3 is addressed in Chapter 7.

2.1.4 Component 4: Potential use of airborne lidar for AGB and land cover
mapping at landscape level

Component 4was constructed based on the need for accurate land cover and AGB
mapping at landscape level. The potential of lidar technology to meet this need was tested.
| used a walto-wall coverage lidar dataset covering 120 thousand hectares of peat swamp
ecosysten with various degradation levels. Since the cost of airborne lidar was
remarkably high, even when compared to existing high resolution satellite, this
component also examined the potential and accuracy edémsity lidar point. Reducing

the density ofitlar returns reduces the cost of flight campaigns through, for example,
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using higher or faster flights. Growtdithing was conducted ke Kalimantan Forest
Carbon PartnershipKECP) project part of the IndonesiAustralia Forest Carbon
Partnership whic aims to address the emission reductions from peat swamp forests
Eighty-eight vegetation plots were established, representing various land and forest cover
classes. The vegetation plot dataset was converted into AGB using allometric equations

developedn Chapter 3. Component 4 is addressed in Chapters 8 and 9.

Table 2.1: Summary of research components and their objectives
Component Research bjectives Datasets

Component 1: To develop new equations usin {148 harvested ¢es from pea
Allometric equations large samples of harvested tree swamp forests in Kalimantal
for estimating tree from four majorforest types in and Sumatra.

AGB in various Indonesiadipterocarp forest, 1109 harvested trees from
forest types peat swamp forest, other lowlar  dipterocarp forests in
(Chapters B5). forests and mangrove foresf\ Kalimantan
comparison with existing local 1200 sample trees from
and global allometric equatis lowland forests (including
wasconductedo assess their dipterocarp forests) in the

Uncertainty in AGB estimation. Indo Ma|ay region_ Data was
To improve the accuracy of the  derived from direct

models, several potential measurement artte
predictor variables were tested |iterature review.
and assessed, including specie

grouping, site characteristics ar

climatic variables.

Component 2: Non  To explore the potential use of 9§ Point cloud data of trees

destructive method  TLS for 3D modelling of derived from multiple

for estimating tree individual treesto validaie the scanning. Three out of eight
AGB using TLS existing equations or develop felled trees were scanned.
(Chapter 6). new equatioa Additionally, an

ultrasound technique astested
to estimatevood density to
enable nordestructive sampling

of tree AGB.
Component 3: To identifyandcompile existing 9 24 1-ha permanent sample
Uncertainties of field-measurement data, such ¢ plots collected from timber
standlevel AGB permanent sample plots and concessions
estimations using timber inventoies. To evaluate 920,133 plots of timber
various AGB models the wsefulness of these existing  inventory datasets from 33
and assessing AGB  resourcegor estimating AGB timber companies in
stock and increment stock and increment in logged  Kalimantan.
of loggedover over or degraded forests.
dipterocarp forests  Additionally, a compilation of
(Chapter 7). carbon stock estimations in

primary forests from published
literature was conducted, for
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Component Research vjectives Datasets

comparison and estimati
emission factors from forest
degradation and deforestation.

Component 4: To explore the potential use of § Point cloud dataset of 120
Potential use of airborne lidar for AGB and land  thousand hectares of PSF ii
airborne lidarfor cover mappingAlso, the Central Kalimantan.

AGB and land cover influence of lidar return density § 81 plots of ground

mapping (Chapters  on the accuracy of AGB measurements of vegetatiol
8-9). mapping was assessed to find ¢ Both datasets were provide:

whether it wadeasible in terms by the KFCP.
of cost and accuracy for large
area monitoring.

2.2 Site Description

The datasets used in thagidyd in particular for Componentdlwere compiled from a

wide range of geographical locations and represent various tropical forests across
Indonesia, including peat swamp forests, dipterocarp forests, lowland forests and
mangrove forests (Figure 2.2). 8de four major forest types were included in this study.

The Chapters 3, 8 and 9 were based on studies conducted in peat swamp forests in Rokan
Hilir in Riau, Sumatra,Musi Banyuasin in South SumatrKapuas Hull in West
Kalimantan and an eXFCP projecin Central Kalimantan, Indonesiihe Rokan Hilir

study site was managed by a timber company (PT DRT) and was selectively logged, while
the other sites werselectivdy logged by large concessionairéom the 1970s tothe

1990s Small-scale illegal loggig continues to the present

The Chapters 4 and 7 were based on studies conducted in tropical dipterocarp forests in
Kalimantan, Indonesian Borneo. Dipterocarp forest is one of the most important forest
types in Indonesia in terms of size and diversitplaht specie¢Kartawinata, 1990b)
Tropical dipterocarp forests are naturally dominant in the Sunda region and cover in
excess of 65 million hectares (35% of the total land area). This forest type is dominated
by the large and highly commercial tree family, dipt o c ar pac e ae . Becau
size, large amounts of carbon are stored within these foregRgpket al, 2008) Since

the 1970s, most of the tropical dipterocarp forests in Indonesia have been tdilised
timber production.
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Figure 2.2. Study sites and location of data sources

The studyof AGB estimation using TLS in Chapter 6 was condudted production
forest neaSembilang National Park BanyuasinSouth Sumatra, IndonesiBhe forest
is locatel in an estuary of the Sembilang River and is dominated by mangrovd-taes.
major dominant mangrove spes could be found in this aremcluding Rhizophora

apiculata, Bruguiragymnorhiza, Bruguir@exangulatandRhizophoramucronata

For the Chapteb, we reviewed existing studies on tree biomass harvesting ltratand

forests within the Inddvalay Archipelago, inalding major island groupsMalay
Peninsula, Sumatra, Borneo, Java, Nilisaggara, Maluku and PapuBidure 5.1 in
Chapter 5).The latiude and longitude of the study sites ranged from 10s8lith to

4.039 north and 98.79east to 140.50east. The mean annual precipitation of the study
sites ranged from 1375 to 3992 mm with altitudes between 16 m to 1000 m above sea

level.
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2.3 General Methods
This section provides a brief description of the methods used in this study. Each compiled

paper or chapter provides more detailed descriptions of the methods used.

2.3.1 Data Collection
This study involved various datasets compiled from direct field meamnts and
literature reviews, including tree AGB from various forest types, forest inventories,

vegetation and permanent sample plot point clouds from TLS and ALS.

2.3.1.1 Tree AGB

| compiled the AGB of sample trees from PSF throdgktructive samplingn three
timber concessions in Rokan Hilir, Musi Banyuasin and Kapuas Hulu. A total of 148 trees
with diameter at breast height (DBldj between 2 cm and 167 cm were felled and
measuredFor the tree allometry study in the TDF | conducted direct measurements
through destructive sampling for AGB measuremts in four timber concessions
Malinau, Bulungan, Kapuas Hulu and Seruyan disteastsvell as literature review from
published and unpublished studigbetree AGB dataset from mangrove was collected

in a prodwtion forest near Sembilang National Park. A total of eight mangrove trees with
a maximum DBH of 58 cm, were felled and weighed. The destructive sampling data from

the mangroves was used to validate estimations using TLS.

The selection of forest compartntein which we felled the sample tre&slowed the
current cutting planwe identified potential trees from previous forest inventorg list

after rapid assessment of large trd&efore the felling, we measured th8H (in cm) at

1.3 m from the groundr at 20 cm above tree buttressAll trees were felled and
fractioned into tree components: trunks, branches, twigs and leaves. All small stems and
branches witldiameter (D)O 3 Oas wethaghe twigs and leaves were weighed in the
field. We estimated the volume of large stems and branches (D > 30 cm) using the
Smalian formula. All tree dimension measurements, inclualeeyDBH,tree heightand
commercial bole heightveremeasured using cloth tapes after tree fellgrgng a more
accurate measurement than a standing tree measurement. Leaf voucher specimens were
collected ad shipped to the Research CeftreBiology, Indonesian Institute of Sciences
(Lembaga limu Pegetthuan Indonesial IPI) for species identification.
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2.3.1.2 Individual Tree Scanning

Tree selectionvasbased on the representativeness of tree specid3Biddlass. Two

major species are available in the areaRlfizophora apiculataand Bruguiera
gymnorrhizd. We wsedFARO Laser Scanner Focus 8measure the trees. We selected
the second highest point density option and each scan ta@0 2@inutes. Checker
boards were placed around the targeted trees and between TLS poAitioassite, we
placed five TLS psitions to scan one large tree, while for second site we scanned two
trees with four TLS scannin@he output format of the scannimgsa point cloud data

of xyz position and associated RGB value.

2.3.1.3 Permanent Sample Plots and Forest Inventory Datasets

Thedata collection was carried out from Februaiay 2012 under the auspices of the
FORCLIME-GIZ, the Germafindonesian cooperation in forestry and climate change.
The datasets used in this study were compiled from timber concessions operating in
project plot provincesd West Kalimantan, East Kalimantan and North Kalimaétan
which include permanent sample plots (PSPs) and overall periodic timber inventory
(OPTI) plots from existing timber concessions operating in the study aresomes
concessions are noriger operatioal, only active concessionsere targeted for data

compilation.

The KFCP project establishét5Psfor vegetation monitoring that were systematically
placed in eight randomly selected zones representing land cover classes and disturbance
leves (Grahanmet al, 2014. These datasets were used to validate airborne lidar data from
the same sitelFive zones were located near large canals and in highly degraded areas,
while the other three zones were located in clasatpy forests. Within each zone, three
transects, gaced 150 m apart, were placed perpendicular to the canals or in an east to
west direction from randomly located starting points. Four plots were established on each
transect at a distance of 50, 100, 400 and 700 m from the canals or the starting points.
The scientifictreenamesthe DBHand the height of all the trees within the plot were

recorded.

2.3.1.4 Airborne Lidar

Lidar data sets were provided biye KFCP projectLidar data of KKCP areas were
captured with an averagiensity of 28 returns per rfifor thewhole project area (120,000

ha). The lidardatasets were captured using Optech ALTM 3100 and Optech Orion M200
instruments mounted on a Ria Porter fixed wing aircraftom 15 August to 2 October
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2011. The vertical accuracy of the raw lidar data aedXhM products were 0.14 m and
0.18 m, respectivel{Ballhornet al, 2014)

2.3.2 Data Analysis

2.3.2.1 Allometric Development

Several considetions are crucial in selecting the best AGB mesdéhcluding (1)
statistical correctness (including the best goodness of fit of model parameters, applying
an appropriate correction factor for log linear models, normal residuals distribution,
excluding malels with high collinearity among predicteariables);(2) high acaracy

and predictive capabilityand (3) practicaty for field implementatio(Overmanet al,

1994)

Most statistical analyses were performed using JMP softveai@ partly usig R
Statistical AnalysisBecause the data exhibitéeteroscedasticityAGB data and all
predictor variables were transformed imt&tural logarithra. For backtransforning the
data,a correctionfactor was requiredo reduce the systematic bias asseclawiththe
log-transformationsSeveral correction factors were evaluated to select the best models,
including Correction Factor (CFjrom Sprugel (1983) Ratio Estimator (REst) from
Snowdon (1991pnd6 MM6 c or r e (Shen and Zhiy, 2@80Bps suggested by
Clifford et al.(2013)

We performeda multicollinearity test to evaluate correlation between parameters. The
multicollinearity was identified usin@ variance inflatims factor (VIF).A high VIF
(more than 1pindicates that the parametesrclosely relatedo other parameter. The
accuracy of existing models was evaluated by regressing the biomass vathes of
measured dataset and the values predicted by the matethose the best form of the
mixed-species and species grouped models based on theshigbefficient of
determination (R and lovestresidual standardrer (RSE) andhe corrected Akaik
Information Criterion (AlCc)Additionally, we calculated the meaglative error (MRE)

and mean absolute relative error (MARE) of each m@Betard et al, 2015) and
performed a regression analysis to fit the AGEd the AGB of all models to further

evaluate the precision and bias of the mogieigeiroet al, 2008)

2.3.2.2 3D Modelling for Tree Recpostruction
We used two forms of software to reconstruct tree 3D models: (BaMmoneret al,

2013)and CompuTreéHackenberget al, 2015) Both are based on a similarpapach,
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called cylinder fitting.Currently they are themost accurate and reliable method for
reconstructionof whole trees used for biomass estimatibhe modelusing the first
softwarehas good performaneehen estimatinghe tree volume with less thd0% error
(Calderset al, 2015) However, the software requires trial and error to set the best
parameters, which is improved by the later software for full automatic process.

2.3.2.3 Estimation of AGB Stocks and Dynamics

We computed the tre&GB of the compiled PSP datasets using various AGB equations
for dipterocarp forests in KalimantdManuri et al, 2016)and species group equations
for lowland forests (Manuri et dly Press. We used the selected PSP dataset, which has
complete measurement of DBH, treeigm and species identification and has long
measurement period (more than five years). Net annual AGB incremes} Was
calculated as the net annual AGB change due to growtBe]Grecruitment Racg),
mortality Mace) and shrinkage (@g) of trees annally averaged across the monitoring

period.

We usedOPTI datasetompiled from existing timber concessions in the study &kea.
used the AGB model which requires only tree DBH to estimate tree AGB. For
comparison, we used the AGBA model which uses infonation of BA per plot for

estimating the pletevel AGB.

2.3.2.4 Airborne Lidar Data Processing

Several lidar metrics were calculated in relation to vegetation heights and return
proportions (Tabl®.2).For generating a canopy height model-@ resolution digal

terrain model (DTM) was used for normalising the terrain effect on the vegetation height.

A 5-m resolution canopy height model was generatedaster format. This study

explored the canopy height model for defining the classification system fsit fomnd

vegetation cover. We interpreted the vegetation cover based on information derived from
airborne || idar. I nstead of 0l and wusebod, we
classification of forest(Lund, 2002) Following tke wegetation structures and
classificationdefined byDowling and Accad (2003 modified classification of forest

and land cover for peat land based on the canopy height model was generated (Table 8.1).

For duplicating the various levels of accurady tidar return densities were reduced
from the original density to simulate different acquisition specifications for the lidar data.

We reducd the lidar returns from 2.8 returns p&¥f to onereturn per 100 fa The points

28|Chapter 2

‘N



were selected randomly in cell sizes of 25 # similar approach haseen applied in

other studiegLeitold et al, 2015; Magnussoat al, 2007; Strunlket al, 2012; Ruizet

al., 2014) Two scenarios were applied to assess the effect of point density on the
regression models. In tH@st scenario, each thinned dataset was normalised using the
original DTM delivered by the lidar provider to remove terrain influence on vegetation
height. In the second scenario, the thinned dataset was normalised using the

corresponding DTM created frothe thinned point data.

2.4 Processing Software

| use several software for data processing. | used mainly JMP for statistical analysis, and
R Package whenever a robust code for a particular analysis is unavailable in JMP. For
spatial analysis and map visualtion, | used mostly ArcGIS 10 Desktop and ArcGIS 11
Desktop for data analysis in Chapter 8 and Chapter 9, respectively. For point cloud data
processing from terrestrial lidar, | used CompuTree Beta Versigidékenbergt al,

2015) and QSM ver2.2)(Raumonenet al, 2013) running in Mathlab 2015bData
registrationand merging of TLS data were conducted using FARO Scene software.
CloudCompare was used for manual extoacbf tree point clouds and visualisation of

tree 3D modelsFUSION v3.42 was used to process all point cloud dataved from
airborne lidaftMcGaughey, 2014)To compute products over the entire acquisition area,
the Lidar Toolkit (LTK) Processor tool in FUSION was used to create and manage the

processing workflow.
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To assist countries to reduce emissions from deforestation and forest degradation, the United Nations has
introduced the REDD+ mechanism. This performance-based incentive mechanism requires accurate
quantification of carbon stock and emissions. However, currently there are limited existing local or regio-
nal equations for estimating aboveground biomass in peat swamp forests. The main objective of this
study was to define the most accurate models for aboveground biomass estimation in Indonesian peat
swamp forests. We found that the pan-tropical equations performed better in estimating biomass of peat
swamp forests than did existing local equations. We developed new equations, based on 148 trees from
24 families with diameter at breast height in the range of 2-167 cm collected from peat swamp forests in
the western part of Indonesia. Statistical indicators showed that the best model form was the common
linear one using log-transformed data. Estimated biomass values needs to be back-transformed applying
correction factors. The ratio estimator correction factor which derives from the ratio between the average
of measured biomass and the average of predicted biomass, was found to provide the lowest mean devi-
ation. The existing pan-tropical equations performed similarly to our mixed species and dipterocarp
models but they systematically under- or over-estimated the biomass of certain species groups, espe-
cially non-dipterocarp trees. We also found that grouping by family (dipterocarp vs. non-dipterocarp)
and wood density class (hardwoad vs. softwood) significantly improved the accuracy of biomass estima-
tion. In the absence of wood density values, wood density-class specific equations, instead of mixed-spe-
cies equations improved the accuracy of biomass estimates.
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1. Introduction

Greenhouse gas emissions from land use, land-use change and
forestry (LULUCF) account for about 12.5% of global emissions
(Baccini et al,, 2012; Houghton et al,, 2012). In Indonesia, this sector
represents 47% of national emissions and emissions from peat fires
an additional 13% (Ministry of Environment, 2010). Peat swamp for-
ests (PSF) in particular suffered intensive deforestation in Indonesia
between 1990 and 2010 with around 4.6 million hectares being
cleared out of the 1990 8.7 million hectares (Miettinen et al.,

* Corresponding author. Tel.; +61 2 6125 4588; fax; +61 2 6125 0651,
E-mail addresses: solichin.solichin@anu.edu.au, solichin.manuri@gmail.com
(S. Manuri).
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2011).In 2011, only 31% of Indonesian PSF were still in pristine con-
dition (Ministry of Forestry, 2012). Peat swamp forest are carbon-
rich ecosystems (Jaenicke et al., 2008) which store on average
220 Mg C ha ! in the phytomass (Hergoualc'’h and Verchot, 2011)
and 670 Mg C ha—! per meter depth of peat (Warren et al., 2012).
Deforestation of PSF and drainage for cultivation of agricultural
crops involve major shifts in the carbon and nitrogen cycles leading
to substantial greenhouse gas emissions; especially when land-
clearing fires are used (Hergoualc'h and Verchot, 2014). Peat
swamp forests could hence play a potentially important role in
climate change mitigation strategies involving forest conservation.

In 2005, a mechanism for reducing emissions from deforestation
and forest degradation (REDD) was discussed at the 11th annual
Conference of the Parties from the United Nations Framework
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Convention on Climate Change (UNFCCC-COP11). Subsequently at
COP13 in Bali, Indonesia, the parties agreed to emphasize the need
to include carbon stock enhancement, conservation and sustainable
management of forests into the mechanism and it became known as
REDD+. Under REDD + tropical developing countries will be incen-
tivized to decrease the emission rate successfully with respect to
that of the reference emission level, As the performance will be
based on quantified emission reduction, accurate biomass and car-
bon estimation is essential. Inaccurate biomass estimation at tree
and plot level tends to multiply uncertainties at the landscape level
and may result in substantial error (Houghton et al., 2012; Pelletier
et al., 2012). Appropriate allometric models that are precise and
unbiased for estimating forest biomass at tree level are required in
conjunction with remote sensing and field observation to quantify
landscape emission and to understand the role of tropical forests
in climate change.

Current aboveground biomass (AGB) assessments of tropical for-
ests commonly rely on general allometries, instead of specific equa-
tions (Jubanski et al., 2012; Kronseder et al., 2012). Bias, a
systematic over- or under-estimate of the true value, can be severe
when using allometric models from other regions or based on
unsuitable diameter at breast height (DBH) or wood density (WD)
ranges (van Breugel et al., 2011; Alvarez et al,, 2012). Biomass esti-
mation using pan-tropical equations or models from another region
displayed a higher bias when compared to estimates derived from
locally-developed models, for instance in Columbia (Alvarez et al.,
2012), Kalimantan (Basuki et al., 2009), Sarawak (Kenzo et al.,
2009a), north-east Gabon (Ngomanda et al, 2014) and Peru
(Goodman et al., 2014). However, the pan-tropical models devel-
oped by Chave et al. (2005) were found to perform equally as local
models in the tropical forests of central Africa (Fayolle et al., 2013),
Madagascar (Vieilledent et al,, 2012 ) and in the lowland dipterocarp
forests in Indonesia (Rutishauser et al.,, 2013).

In order to avoid the bias introduced by the use of general mod-
els research on forest specific allometric models has been con-
ducted in the past years for local and regional AGB estimation in
tropical forests (Cole and Ewel, 2006; Djomo et al., 2010). In South-
east Asia the focus has been not only on certain forest types,
including lowland dipterocarp forest (Yamakura et al, 1986;
Basulki et al., 2009) and mangrove forest (Komiyama ef al., 2002),
but also on various land use and forest degradation levels, such
as agroforestry land (Ketterings et al,, 2001), secondary forests
(Hashimoto et al., 2004; Kenzo et al., 2009b) and logged-over for-
ests (Kenzo et al,, 2009a). Although some allometries specific to
PSF have been produced (see compilation by Krisnawati et al,
2012), these were either developed from relatively small sample
sizes and restricted data ranges or based on other forest types
and regions,

The main objective of this study was hence to define which
models were the most accurate for ABG estimation in Indonesian
PSF. For this we used a large dataset of 148 trees, destructively
sampled in PSF of Sumatra and Kalimantan. Specific goals
included: (1) to evaluate the performance of existing pan-tropical
and local equations; (2) to develop new mix-species allometries
for Indonesian PSF testing different equation forms (linear, polyno-
mial and power) with single or multiple independent variables
(DBH, WD and height H) and evaluate their performance; and (3)
to identify effective grouping by family (dipterocarp vs. non dip-
terocarp), WD class (soft vs. hard wood) and island (Sumatra vs.
Kalimantan) for allometric equation development.

2. Materials and methods

The study was based on a relatively large dataset of 148 trees,
destructively sampled during a series of research projects. The
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dataset included trees within a large range of diameters, heights
and wood densities (Table 1). The samples consisted of 24 families
collected from three sites of peat swamp forest in the Sumatra and
Kalimantan islands in western Indonesia.

2.1. Study sites

The data was compiled from three different PSF sites: Rokan
Hilir in Riau in Sumatra; Musi Banyuasin in South Sumatra; and
Kapuas Hulu in West Kalimantan, Indonesia (Fig. 1). The mean
annual rainfall in Rokan Hilir, Musi Banyuasin and Kapuas Hulu
is 2637 mm, 2454 mm and 4100 mm, respectively. The peat depths
were up to 5, 8.5 and 6.5 m in Rokan Hilir, Musi Banyuasin and
Kapuas Hulu, respectively. The forests at all sites had been previ-
ously logged by timber companies or by illegal loggers. The Rokan
Hilir study site was managed by a timber company (PT DRT) and
was selectively logged, while the two other sites were illegally
and moderately logged.

In Rokan Hilir the most frequent species were Eugenia sp.,
Palaquium obovatum, llex macrophylla, Horsfieldia glabra, and Sho-
rea uliginosa. In Musi Banyuasin, the most dominant tree species
were Melanorrhoea walicchii, Tetramerista glabra, Gonystylus banc-
anus, Hydnocarpus woodii, Palaquium sp. and Dyera lowii, which
represented 11%, 9%, 7%, 6%, 4% and 3% of the total trees measured
during the previous forest inventory. In Kapuas Hulu, the dominant
species were Melanorrheoa sp., Shorea sp., Callophyllum sp., Eugenia
sp. and Diallium patens.

2.2, Destructive sampling

We carried out the destructive sampling from August 2008 to
October 2012, A total of 148 trees with a DBH of between 2 ¢cm
and 167 cm were felled and measured. Tree selection was based
on the dominance and abundance of tree species, derived from per-
manent sample plot data in Rokan Hilir or previous forest inven-
tory plots in Musi Banyuasin and Kapuas Hulu. Further tree
selection within the plots was applied based on diameter class rep-
resentation. We prioritised the selection of large tree before select-
ing small trees, as trees smaller than 20 cm in DBH were abundant,
We selected the trees which would most likely would get impact
from the felling of large trees. As such, we reduced further damage
to the remaining stand and avoided hias of selecting only certain
quality of trees.

Prior to felling, we measured the diameter at breast height
(DBH) or, whenever there was a buttress, 20 cm above it. We used
machetes or chainsaws (60 cm and 90 cm bar length) to cut down
the trees. Tree heights were measured after each tree was felled
using 50 m cloth tape, We collected specimens of unidentified
trees for species identification at the national herbarium (Lembaga
limu Pengetahuan Indonesia-LIPI) or forestry research center (Pusat
Penelitian dan Pengembangan Kehutanan-Puslitbang) in Bogor.
Trees were divided into stems, branches, twigs and leaves as
described by Ketterings et al. (2001). Stems of small trees or
branches (mostly of diameter <30 cm) were cut into pieces to
allow weighing using spring or digital scales with capacities of
50 kg, 100 kg or 200 kg. Commercial stems of large trees or very
large branches (diameter > 30 cm) were measured for their green
volume at 2m intervals and the volume was calculated as a
frustum of a cone (except for Rokan Hilir and some of the Musi
Banyuasin dataset, in which we weighed them all).

2.3. Laboratory work
Sub-samples of wood were extracted from at least two sections

of each stem (at the base and the end of the sections) branches,
twigs and leaves for dry mass and/or green volume determination.
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Table 1

243

Dimensions of trees sampled for this study by family. Dash means no data has been collected.

Family/species N Min DBH Max DBH Min Height Max Height Min WD Max WD Mean WD Max buttresses
(cm) (cm) (m) (m) (gem™3) (gecm™) (gcm™) height {m)

Anacardiaceae 8 9.6 160.0 103 43.1 0.360 0477 0.386 a
Annonaceae 6 13.0 46.8 183 29.7 0.471 0.690 0.610 0
Apocynaceae 3 7.5 15.5 79 14.3 0320 0342 0.331 0
Aquifoliaceae 6 6.8 54.4 87 279 0.560 0.560 0.560 -
Burseraceae 2 5.0 16.0 4.9 143 0.490 0.547 0.519 0
Chrysobalanaceae 1 2.0 2.0 38 38 0.803 0.803 0.803 0
Clusiaceae 6 6.0 31.2 6.9 238 0.594 0.760 0.711 0
Dipterocarpaceae 27 35 117.0 4.2 49,5 0.328 0.745 0.541 5.0
- Cotylelobium lanceclatum 2 27.0 34.0 277 285 0.498 0.594 0

- Dipterocarpus borneensis 1 20.0 20.0 20.7 207 0.620 0.620 0

- Dryobalanops rappa 4 40.0 725 29.0 40.7 0.570 0.639 1.9
- Shorea balangeran 1 117.0 117.0 478 47.8 0.704 0.704 5.0
- Shorea dasyphytla 5 4.0 102.9 63 495 0328 0.553 45
- Shorea sp. 1 92.0 92.0 421 42.1 0.745 0.745 -

- Shorea teysmaniana 2 9.0 66.0 9.8 37.2 0.470 0515 0.5
- Shorea uliginosa 11 35 84.0 42 434 0.350 0.580 32
Elaeocarpaceae 2 3.0 13.6 4.0 6.6 0453 0.530 0.492 0
Euphorbiaceae 1 31 35.2 43 21.1 0.242 0717 0.363 0
Fabaceae 3 2.8 46.5 32 311 0.320 0.651 0.502 0
Fagaceae 3 9.5 20.7 117 226 0.670 0.728 0.707 1.7
Icacinaceae 6 9.0 42.0 93 29.5 0.503 0.760 0.632 0
Lauraceae 6 4.5 295 4.8 227 0.338 0618 0472 0
Magnoliaceae 2 37.6 46.4 20.3 333 0.440 0.499 0.470 0
Moraceae 1 30.2 30.2 19.1 19.1 0.501 0.501 0.501 0
Myristicaceae 7 71 33.0 7.5 239 0.408 0.460 0.453 0
Myrtaceae 17 24 332 28 19.8 0.305 1.000 0618 0
Phyllanthaceae 1 11.7 1.7 224 224 0.358 0.358 0358 a
Rhizophoraceae 1 8.3 8.3 10.0 100 0.620 0.620 0.620 -
Rutaceae 1 5.7 57 44 44 0.463 0.463 0.463 0
Sapotaceae 10 6.5 51.5 7.8 293 0.435 0940 0.626 0
Theaceae 6 14 167.0 126 362 0.436 0910 0.590 0
Thymelaeaceae 6 5.2 62.7 81 394 0.530 0.530 0.530 -
All data 148 2.0 167.0 2.8 49.5 0.242 1.000 0539 5.0

The wood sub-samples collected were either disk-shaped or
wedge-shaped with a 3-5 cm thickness, These sub-samples were
weighed in the field to measure fresh mass, and were then packed,
labelled and transported to a laboratory for dry mass and wood
density (WD) analysis, We dried the wood and leaf samples with
temperature of 105 °C for Rokan Hilir and Musi Banyuasin samples
and 80 °C for Kapuas Hulu samples, respectively. All samples were
dried until constant mass. The green volume of the samples were
measured using water displacement method.

The wood dry mass and volume measurements were carried out
at several laboratories, including the Sebelas Maret University for

the Rokan Hilir dataset; the Forestry Research Center in Bogor
and the CIFOR laboratory in Jambi for the Musi Banyuasin dataset;
and the Tanjung Pura University for the Kapuas Hulu dataset. We
calculated the ratio of dry mass and fresh mass of each subsample
(Rgmym)- We estimated wood densities by dividing the dry mass by
the green volume of the wood samples. We calculated dry mass
(DM) of each tree components, using the following formulae:

(1)
(2)

DM =FM = Rdms‘fm

DM = gVol « WD
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Fig. 1. Maps of study area, yellow dots indicate the research sites. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version

of this article.)
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where FM is the fresh mass and gVol is the green volume measured
in the field. DM of each tree component was calculated using the
Rymyrm oF WD value from the same section of each component. We
then summed all component mass to calculate total AGB of the tree.

For determination of individual WD, we calculated the WD by
averaging the WD values taken from the base and the end of the
stems, and additionally from the middle part of the stem and the
large branches of large trees. We did not measure the WD from
the Rokan Hilir dataset, but we used instead the global WD dataset
from Zanne et al. (2009).

2.4. Assessment of existing equations

We compared the performance of available pan-tropical and
local equations, commonly used for estimating AGB in Indonesian
forests (Table 2) through correlation of estimated data with mea-
sured biomass data. For this analysis, we excluded the biomass
data from the two largest trees (160 cm and 167 cm of DBH) due
to their unexpected | abnormal low tree height and biomass value.
We further selected the best existing models in each model type to
compare with our new equations.

2.5, Selection of model forms for new allometric equations

We selected several candidate model forms to fit our data,
including common linear, polynomial and power forms (see
Table 4). We categorized the models into four types, depending
on the independent variables used, namely DBH, DBH-WD, DBH-
H and DBH-WD-H types. As such, we provided a wide range of

Table 2

possibilities to estimate aboveground biomass in relation to the
availability of measured parameters.

2.6. Species, wood density and island groupings

We developed species-group models for estimating above-
ground biomass. We evaluated the influence of the island in esti-
mating AGB, as the datasets were collected from the two main
islands in western Indonesia, namely Sumatra and Kalimantan.
We generated dipterocarp and non-dipterocarp models. Our data-
set included eight species from four genera (Shoreq, Dryobalanops,
Dipterocarpus and Cotylelobium) in the dipterocarp family.

Within the non-dipterocarp species, we further categorized the
trees into two classes based on their mean WD, that is light/soft
and hard wood. The WD values of non-dipterocarp trees ranged
from 0.242 to 1.000 g cm 3, with an average of 0.543 gcm >, We
used the average WD as cut-off value between soft and hardwood.
We assessed the influence of WD class in estimating aboveground
biomass by generating soft and hard wood models for non-diptero-
carp species.

2.7. Statistical analysis

All statistical analyses were performed using [MP software. The
accuracy of existing models was evaluated by regressing the bio-
mass values of measured dataset and the values predicted by the
models. In a perfectly accurate relationship, the intercept would
be ¢ and the slope equal to 1. An unbiased but imprecise relation-
ship would still go through 0 with a slope of 1 but observations

Selected existing AGB models developed for pan-tropical and regional data (with correction factors), used for comparison, AGB is tree aboveground biomass (kg), DBH is diameter
at breast height (cm). WD is wood density (g cm™). H is total tree height (m). Egy;, Exs and Exy are environmental variables for Rokan Hilir, Musi Banyuasin and Kapuas Hulu,
respectively. B, B, and B) are stem biomass, branch biomass and leaf biomass, respectively.

Model Types Model Name Specification Sample data range AGB Equations
DBH Brown.pgy Mixed species, pan-tropical n=371 exp (—2.289 + 2,649 x In(DBH} -
(Brown et al., 2011) forests, including lowland DBH range: 5-148 cm 0.021 x (In(DBH))?)
dipterocarp forests Asia and
Latin America
Basukil.pgy Mixed species, lowland n=122; exp ( 1.145 + 2.196 x In(DBH))
(Basuki et al.,, 2009) dipterocarp forests, Kalimantan ~ DBH range: 6-200 cm
Basuki2.ppy Commercial species, dominated n=83 exp (—0.698 +2.234 » Ln (DBH))
(Basuki et al., 2009) by dipterocarp trees, lowland DBH range: 6-200 cm
dipterocarp forest, Kalimantan
Kenzo.pen Mixed species, lowland n=30 0.1525DBHZ34
{Kenzo et al., 2009a) secondary logged-over forests, DBH range: 2-44 cm
Sarawak
DBH-WD Chave.opi-wo-& Mixed species, pan-tropical n=4004 AGB =0.0673 x (DBH? x WD x H)*975
(Chave et al., 2014) forests, Africa, America and Asia  DBH range: 5-156 cm
H' = exp{0.893 - E; + 0.76 x In(DBH) -
0.034 x (In(DBH))?
Egy = —0.1033
Epp=—0.1199
Ex = —0.0599
Basuld1.pgn-wi Mixed species, lowland n=122; exp
(Basuki et al., 2009) dipterocarp forests, Kalimantan =~ DBH range: 6-200 cm (—0.698 +2.188 x In(DBH) + 0.832 x In{WD})
Basuki2.ppi-wo Commercial species, dominated n=83 exp
(Basuki et al., 2009) by dipterocarp trees, lowland DBH range: 6-200 cm (-0.989 +2.203 x In(DBH) + 0.639 x In{WD})
dipterocarp forest, Kalimantan
Ketterings.psu_wp Mixed species, agroforestry land, n=29 0.11 WD x DBH?%?
{Ketterings et al., 2001) Sumatra
DBH range: 5-50 cm
Hupto34m
DBH-H Yamakura.pgy-n Mixed species, lowland n=145 B =(0.02909 x (DBH? x H)0%813
(Yamakura et al., 1986) dipterocarp forests, Kalimantan
DBH range: 45-130 cm. H B,=0.1192 x (B,)"*
up to 70.7 m
B =0.09146 x (B, + B,)?7256
AGB=B,+By+H
DBH-WD-H Chave ppy-wn-n Mixed species, pan-tropical n=4004 0.0673 x (DBH? x WD x H)'¥7°

(Chave et al., 2014)

farests, Africa, America and Asia

DBH range: 5-156 cm
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Fig. 2. Mean relative difference in% between WD global dataset of Zanne et al. (2009) and measured WD (n = 93). Error bars represent the standard deviation.
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from each model type.
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Table 3

Test effects for linear AGB models performed using selected model types. Each model
evaluates the relevancy of family (dipterocarp and non-dipterocarp), wood density
(WD) classes (hard and soft wood) and island (Sumatra and Kalimantan) grouping.
Significance is indicated by ***for P < 0.001, **for P< 0,01 and *for P< 0.05.

AGB model types Effects Prob>F
DBH WD class <001
Family groups 0.005"
Island 0.651
DBH-WD WD class 0.289
Family groups 0.002"
Island 0.662
DBH-H WD Class <.001"
Family groups 0.013*
Island 0207
DBH-WD-H WD class 0.342
Family groups 0.009*
Island 0.302

would be scattered about the line, while a biased relationship
would have an intercept and/or slope significantly different from
0 and 1 respectively, The best existing model with the highest cor-
relation (R?), intercept value closest to 0 and slope value closest to
1 will be chosen from each model type.

S. Manuri et al./ Forest Ecology and Management 334 (2014) 241-253

Scatter plots of independent (tree DBH and H) and dependent
(tree AGB) variables demonstrated heteroscedasticity of the data.
We transformed the data using a natural logarithm to distribute
the variance evenly across biomass values. In order to transform
the data back to a biomass value, a correction factor to reduce
the systematic bias associated with log-transformations of biomass
was applied (Baskerville, 1972), Two alternative correction factors
were used for the analysis: Correction Factor (CF) (Sprugel, 1983)
and Ratio Estimator (REst) (Snowdon, 1991), where RSE is residual
standard error, y; and y; are observed and predicted biomass of
tree;, and n is number of tree samples:

2

CF = expg (3)
2oy
REst = Sy (4)

We performed multicollinearity test to evaluate correlation
between parameters. The multicollinearity was identified using
variance inflations factor (VIF). High VIF or more than 10 indicates
that the parameter closely related with other parameter, VIF of a
parameter was defined as in Eq. (5), where R? is a coefficient of var-
iation from the model regressing the ith parameter on the other
parameter.
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Fig. 4. Plot residuals of mixed species models (upper figures) and species grouped models based on WD Class (lower figures). All species grouped models have normal

distribution of plot residuals (slope of the fit lines close to 0).

Table 4

Mixed species model description for the aboveground biomass estimation in peat swamyp forests. df is degree of freedom. RSE is residual standard error. AICc is corrected Akaike
Information Criterion. REst is ratio estimator. CF is correction factor. Dev REst is mean deviation of AGB transformed back using Rest. Dev CF is mean deviation of AGB transformed

back using CF,

Model name Moadel parameters df RSE R? AlCc REst CF Dev REst Dev CF

a b c d e
Mpgy In (AGB)=a+ b x In (DBH)

-1.974 2.475 147 0400 0968 152 0.826 1.083 319 37.4
Mogi1_potynomial In (AGB)=a+b x In (DBH)+ ¢ x In (DBH))?

-2.520 2.893 -0.072 147 0395 0969 150 0949 1.081 323 37.0
Mpes-wp In {AGB)=a+b x In (DBH)+ ¢ x In (WD)

-1.383 2.441 0.746 147 0345 0977 110 0.842 1.061 281 31.0
MpgH-wb polynomizi 1N (AGB)=a+ b x In (DBH)+ ¢ x (In (DBH))* +d x (Ln (DBH})* + & x In (WD)

-1.178 1.866 0311 —0.045 0.739 147 0331 0979 100 1.038 1.056 29.1 29.7
Mpen-H In (AGB)=a+b x In (DBH)+ ¢ x In (H}

2.586 1.965 0.761 147 0358 0975 121 0952 1.066 285 32.3

Mpegt power H In (AGB)=a + b x In (DBH?H)

—2.705 0.926 147 0359 0974 121 0982 1.067 29.2 32.4
Mppi-wo-11 In (AGB) =qg+bxlIn (DBH)+ ¢ % Ln (WD) + dxLln (H]

-1.964 2,023 0,652 0.630 147 0313 0981 &3 0937 1.050 243 27.2
Mpes power- w1 N (AGB)=a+b x In (DBH? x WD x H)

0.152 0.904 147 0328 0979 94 0.531 1.144 26.1 28.3
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1
1-R

1

VIF; =

(5)

The effect of dipterocarp/non-dipterocarp family, wood density
class and island grouping on the models was evaluated by linear
regression analysis. We assessed the significance of each factor
using the least squares fitting.

We chose the best form of the mixed-species and species
grouped models based on the highest coefficient of determination
(R*) and lowest residual standard error (RSE), the corrected Akaike
Information Criterion (AICc), mean relative error (mean RE) and
mean deviation (mean Dev). Compared to the original Akaike Infor-
mation Criterion (AIC), the AICc has less bias and is more suited to
model selection (Hurvich and Tsai, 1991), AICc is defined as
follows:

2k(k+ 1)

AIC. = —2loglikelihood + 2k + m—k-1)

(6)
where k is the number of estimated parameters, including intercept
and error terms in the model, and n is the number of observations in
the dataset.

To calculate mean RE (%) and mean Dev (%) of the AGB estimates,
we used the Egs. (7) and (3), where AGB, and AGB,, are predicted
and measured AGB, respectively.,

100 < AGB, — AGB,

meanRE = — = ZW (7)
100 AGB, — AGB,

meanDey = e > ‘7/%68;" (8)

Finally, we plotted the relative error (%) of each AGB estimates
against DBH distribution to assess and compare the performance of
the best existing equations with our equations. We generated the
kernel smoother lines using the spline method (with lambda
100,000).

3. Results
3.1. Wood density
Similarly to Fayolle et al. (2013), we found almost 70% of total

tree species in the WD global database, A total of 52 out of 58 tree
species had been identified at species level, and only 14 species

Table 5

were not available in the database. However, we found that the
correlation between the measured dataset and the global database
was very low (R?=0.169; n=293). The WD values of small trees
(DBH < 50 cm) in the global database tended to be higher than
the measured ones (Fig. 2).

3.2. Selection of the best existing equations

Most of the estimation using local equations with only DBH as
predictor showed good correlation but tended to underestimate
the measured AGB of peat swamp trees, with slope far less than
1 (Fig. 3b—d). Only Brown.pgy equation had a slope of more than
0.9 in this model type (Fig. 3a). Although WD was added as an
additional parameter, the local equations Basukil.pgy-wp and Basu-
Ki2.pen-wo did not significantly improve the Basukilpgy and Basu-
ki2.pgy models, respectively. The other local equation developed
from a lowland dipterocarp forest (Yamakura.pgy.), on the other
hand, had good performance, in spite of its complexity (Fig. 3i).
Both new pan-tropical equations {Chave.pgy_wp_g and Chave.pgy_
wp-n) performed well with slopes around 1 (Fig 3e and j). However,
when we included the two largest trees (represented by cross mar-
ker in Fig 3) in the correlation analysis, all Chave’s and Brown'’s
equations tended to overestimate the predicted AGBs, while Basu-
ki's equations provided more accurate estimates (Fig. 3f and g).

3.3. important factors in assessing tree aboveground biomass

Island grouping was not a significant factor (p>0.1) for all
model types, which we assume is due to the fact that each site
shares similar characteristics, such as average peat depth and dip-
terocarp species domination. However, this study found that fam-
ily group was a significant factor for biomass estimation in PSF. It
influenced the aboveground biomass estimation in all model types.
WD Class factor was significant only in the models without WD
parameter (Table 3).

Plot residuals of mixed species models with WD as parameter
has normal distribution across WD values (Fig. 4.2), while mixed
species models without WD (Fig. 4.1and 4.3) have trending resid-
uals distribution with slope very significantly different from 0. In
contrast, plot residuals of species-grouped models based on WD
class have slightly normal residual distribution (Fig. 4.4 and 4.6),
even though without WD as parameter, While the species grouped
model with WD, has slope very close to 0 (Fig. 4.5) (see Table 4).

Species grouped models for the aboveground biomass estimation in peat swamp forests. df is degree of freedom. RSE is residual standard error. AICc is corrected Akaike
Information Criterion. REst is ratio estimator. CF is correction factor. Dev REst is mean deviation of SGB estimates calculated using Rest. Dev CF is mean deviation of AGB estimates

calculated using CF,

Model name Species groups Model parameters df RSE R? AlCc REst CF Dev REst Dev CF
a b 4 d

Mian Dipterocarpaceae —-2.155 2.562 26 0.330 0.984 22 0.929 1.056 234 28.6
Non-dipterocarpaceae —-1.888 2437 120 0.409 0.963 132 273 29.8
- Hard wood -1.954 2.537 56 0.337 0.975 42 0.972 1.058 26.6 29.6
- Light wood -1.831 2.348 63 0.351 0.973 52 0.796 1.063 285 304

Mppr-wn Dipterocarpaceae -1.882 2.525 0.231 26 0.335 0.984 24 0.928 1.058 233 28.2
Non-dipterocarpaceae -1.343 2423 0.776 120 0.343 0974 90 27.0 28.5
- Hard wood -1.630 2.543 0.841 56 0.317 0.978 37 0.942 1.052 244 274
- Light wood -1.423 2.339 0.441 63 0.342 0.975 50 0.780 1.060 29.6 29.4

Mpes-n Dipterocarpaceae -3.113 1733 1.206 26 0.275 0.989 14 1.032 1.038 20.6 20.8
Non-dipterocarpaceae —2.400 2.016 0.626 114 0.371 0.970 104 24.2 25.8
- Hard wood —2.886 1.815 1.085 56 0.280 0.983 22 1.020 1.040 219 225
- Light wood -2.132 2.103 0.376 63 0.336 0.976 47 0.881 1.058 25.8 29.4

Mpes-wp-H Dipterocarpaceae -2.716 1.662 0.352 1.230 26 0.275 0.990 16 1.034 1.038 20.2 204
Non-dipterocarpaceae -1.827 2.092 0.662 0.496 114 0318 0978 69 23.2 24.5
- Hard wood 2.562 1.871 0.669 1.008 56 0.265 0.985 17 0.998 1.036 20.1 20.8
- Light wood -1.731 2.099 0.427 0.369 63 0.327 0.977 45 0.862 1.055 259 275
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