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The importance of accurate measurement of forest biomass in Indonesia 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 for an accurate 

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 implemented 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 landscape-sized scales) 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 cutting-edge 

technology for non-destructive sampling and accurate forest biomass mapping over large 

areas. 

In this study, I explored whether accuracyðespecially regarding the identification and 

reduction of biasðof forest aboveground biomass (AGB) estimates in Indonesia could 

be improved through (1) development and refinement of allometric 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) landscape-scale 

mapping of AGB and forest cover using lidar. 

This thesis 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. I 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 non-destructive sampling of tree biomass to enable more sample 

collection without the felling of trees. 

Further, I explored whether existing forest inventories and permanent sample plot datasets 

can be integrated into Indonesiaôs existing carbon accounting system. My investigation 
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of these existing datasets found that through quality assurance tests these datasets are 

essential to be integrated into national 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 forest degradation. 

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 and precise 

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. I found that the density of lidar return could be 

reduced to at least 1 return per 4 m2. 

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 monitoring systems to assess emission reduction targets and 

the impact of REDD+ implementation. 
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 The Significance of Indonesiaôs Tropical Forests 

Tropical deforestation is a global concern as emissions from deforestation contribute to 

global greenhouse gas accumulation. Greenhouse gas emissions from land use, land use 

change and forestry activities between 2000 and 2010 comprised 12.5% of total global 

emissions (Baccini et al., 2012; Houghton et al., 2012). More than 80% of agricultural 

development in tropical countries involves the conversion of  existing forests (Gibbs et 

al., 2010). Therefore, it is crucial to involve tropical countries in climate change 

mitigation programmes. Protecting existing tropical forests is an effective way of 

mitigating climate change (Stern et al., 2006).  

Tropical forests can either sequester carbon dioxide (CO2) or emit it into 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 degradation in Indonesia, which have 

in turn led to huge CO2 emissions. These historical choices have led to a great loss of 

forests capital and services.  

Forest loss in Indonesia is substantial because of the unsustainable natural resource 

management associated with economic 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 and fires (Achard et al., 

2002). A specific study in South East Asia suggested between 1990 and 2000, and 2000 

and2010, Indonesia contributed more than 97% and 56% to the deforestation in South 

East Asia, respectively (Stibig et al., 2014). Between 1990 and 2000, deforestation rates 

in Indonesia were the second highest recorded, after Brazil. Between 1.1 ï 1.9 million 

hectares of Indonesian forests were deforested annually during this period, (Hansen et al., 

2009; FAO., 2010; Stibig et al., 2014). This rate was slightly higher than between 1987 

and 1990 (Dauvergne, 1993). In 2009, the remnant natural forests comprised only 46% 

of total land area, almost half of the total in 1950 (85%) (Sumargo et al., 2001). The island 

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

30% remnant natural forests (Margono et 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 million hectares annually 

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

emissions (Murdiyarso et al., 2010; van der Werf et al., 2010). For instance, in 1997-

1998 peat fires in Sumatra and Kalimantan contributed to almost 40% of global emissions 

(Page et al., 2002). Several factors have been identified as drivers of deforestation, 

including demographic, economic, institutional and technological factors (Geist and 

Lambin, 2001; Carr et al., 2005; Barbier and Burgess, 2001). These factors affect the 

decisions to exploit existing forests 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 Montreal, Canada. 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 management of forests into the 

mechanism, which later became known as REDD+. Since then, the REDD+ methodology 

has been intensively discussed and debated at international fora. REDD+ demonstration 

activities are being implemented by developing countries as pilot testing 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 mechanism for climate change mitigation (Brown and Peskett, 

2011). However, with the complexity of the problem, it is important for the countries to 

improve their capacity in forestry governance and forest monitoring. Since the incentive 

mechanism is designed to be paid on a performance basis, accurate measurement of 

carbon sinks and emissions is critically important. This requires a measureable, reportable 

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

standards and 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 based. Accurate estimation of emissions from deforestation and 

degradation is crucial if REDD+ incentive is to be implemented credibly. The MRV 

system for REDD+ adopts five basic principles of reporting: consistency, transparency, 
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comparability, completeness and accuracy (Eggleston et al., 2006). 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 accurate data is unavailable. The medium 

accuracy of Tier 2 allows countries to use a region or country-specific database for 

estimating emission factors. Tier 3 is the most accurate approach, and uses ground 

measurement for activity data and high resolution data for land-cover 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) based-on historical data and national 

circumstances (UNFCCC, 2010).  Emissions 10-20 years prior to the reference 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 national forest 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 the capacity of most tropical 

countries, including Indonesia, for forest monitoring were increased, there is still much 

room for improvement, especially with carbon pool reporting (Romijn 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 

1996ï2000 to only 0.5 million hectares in 2000ï2010 (FAO., 2010). However, this 

reported rate is considerably different from the rate shown on the current wall-to-wall 

land cover change map which uses 30-metre resolution at the global scale. According to 

this map, there is a trend towards an annual increase of deforestation in Indonesia (Hansen 

et al., 2013). Also, there have been many critics of the global forest resource assessment 

data compiled by FAO, because of the inconsistency of the methodology, changing of 

forest definitions and some data gaps (Matthews, 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 rates of deforestation. 

In is inevitable that greater reliance will placed on remote sensing data for wall-to-wall 

mapping of land cover and carbon stock. Various studies show that differences in the data 

and processing procedures lead to uncertainties. Standardised forest classification 

terminology for interpreting and classifying images is becoming a crucial part of accurate, 

consistent and credible forest monitoring in tropical forests (Romijn et al., 2013).   

Ground measurements, integrated with tree biomass models and remote sensing, are the 

most common methods of carbon accounting in the forestry and land use change sector 

(IPCC, 2006). Ground-based measurements are necessary for validating and modelling 

the biomass estimations, in combination with land cover or satellite imagery classification 

(Penman et al., 2016). It is important to have enough ground measurement plots 

proportionally distributed to represent each land-cover 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 

21 in 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 inventory and forest 

permanent sample plots from various sources will be included in the forest carbon stock 

and emission calculation system (MoEF, 2015). Brown (1997) and Penman et al. (2016) 

provide clear guidance on how to make use the inventory 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 information for carbon accounting purposes. Also, data 

validation must be done before existing forest inventory data and information can be used 

(Harja et al., 2011). 
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Converting ground-based plot measurement data into biomass or carbon stock requires 

allometric models. The models with multi-variablesðincluding tree diameter, total 

height and wood densityðare found to be more accurate than the models relying only on 

tree diameter. Pelletier 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 estimations using Tier 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 carbon accounting. Relevant and 

accurate allometric relationships must be used to estimate carbon stock of particular forest 

types. The best way to model tree biomass equations is based on tree species, and must 

be site-specific because of the high variations of biomass accumulation in different tree 

species and forest types (Keith et al., 2010). Species-specific equations will improve the 

accuracy of allometric models, when compared to models that use mixed species. 

However, due to the high diversity of tree species in tropical forests, such equations would 

be too costly to develop and too difficult to implement (Chave et al., 2005). Therefore, 

development of allometric equations based on mixed species is more common in tropical 

regions (Chave et al., 2005; Ketterings et al., 2001; Kenzo et al., 2009).  

Another approach, which minimises the cost associated with the number of tree samples 

required, is to use genera or family-based relationships (Basuki et al, 2009). Species 

grouping for tropical tree species improves accuracy and keeps the measurement costs 

low. Tree diversity in tropical forests can reach to more than 200 species per hectare 

(Kartawinata, 1990). Therefore, the use of species-specific biomass equations is not a 

feasible option for tropical forests in Indonesia. Paul et al. (2013) found that species-

specific equations performed only slightly better than mixed species. Alternatively, forest 

types classification based on geographical and ecological gradients improved the AGB 

estimates (Alvarez et al., 2012). 

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 estimation for a greater 

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 Indonesia (Anitha et 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 need 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 ground measurement methods. For 

instance, airborne lidar and terrestrial laser scanning (TLS) have been widely explored 

for high-precision mapping and measurements in forestry. This approach will be useful 

in improving accuracy and reducing working time.  

1.1.3 Advanced technology for 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 campaigns. A combination of 

bad weather and steep terrain may affect the inventory crewôs conditions and therefore 

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 allows researchers 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 is widely used for accurate, consistent and credible measurement of trees and 

forests (Lefsky et al., 2002; Williams et al., 1999; Hopkinson et al., 2004). However, the 

use of these cutting-edge technologies in tropical forest must be assessed and validated 

by ground measurement.  

1.1.3.1 TLS for tree AGB measurement  

The development of allometric equations using the destructive method for biomass 

estimation at tree level is laborious and requires substantial logistic arrangements. Tree 

cutting in conservation and restoration areas is mostly restricted by law. Therefore, 

destructive sampling in these areas is not an option. TLS is a tool that could potentially 

be utilised for forestry research and application of forest measurement of tree diameters 

and heights (Thies and Spiecker, 2004). TLS provides an objective and consistent 

monitoring tool, and is able to give very accurate information (Dassot et al., 2011). 

Additionally, TLS can provide a three-dimensional (3D) reconstruction of trees and is an 
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alternative approach for non-destructive timber sampling for volume and biomass 

estimation (Vonderach et al., 2012).  

The use of TLS in the forestry sector has been intensively investigated. Until now this 

type of laser scanning has primarily been used to measure forest parameters for forest 

inventories (Pfeifer et al., 2004; Watt and Donoghue, 2005; Hopkinson et al., 2004). For 

example, Aschoff and Spiecker (2004) developed a model for tree detection and to 

estimate diameter at breast height (DBH) based on TLS point cloud data derived from 

eight scanning points. The stem is the most observable part of a tree, so stem-based 

forestry measurement will achieve the highest accuracy in TLS application.  

The use of TLS for biomass studies varies from simply deriving tree parameters (such as 

DBH, tree height, crown size and crown volume) for biomass calculation using available 

allometric equations (Holopainen etal, 2011(Kankare et al., 2013) to biomass estimation 

through conversion of volume estimates using specified wood data, using the point 

numbers as a parameter to estimate tree biomass (Seidel et al., 2011) and using the voxel-

based approach for coniferous large trees (Marius et 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, 2004). An improved 

cylinder fitting method, called the quantitative structure model (QSM) was developed. 

This method is a fully automatic approach and has a faster processing time (Akerblom et 

al.; Raumonen et al., 2013; Hackenberg et al., 2015). Further  studies have found that the 

biomass estimates using TLS are more accurate than allometric models (Calders et al., 

2015) and thus there is potential for developing or validating allometric equations 

(Olagoke et al., 2016). 

1.1.3.2 Non-destructive approach for wood density measurement 

Wood density is an important parameter for assessing wood characteristics, timber 

quality, and tree biomass when used in conjunction with tree volume. Conventionally, 

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 force-related equipment, such as a torsiometer, a pilodyn, 

a nail withdrawal or a resistograph (Isik and Li, 2003).  A review by (Gao et 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 resistograph has an 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 acoustic-based technologies were 

also tested for their ability to provide a non-destructive evaluation of wood. They include  

NIR Spectroscopy (Schimleck et al., 2003), the Silvatest ultrasound instrument (de 

Oliveira and Sales, 2006; Hasegawa et al., 2011) and the Fakopp and The Hitman acoustic 

velocity tools (Chauhan and Walker, 2006). Wood density assessment using NIR and 

ultrasound techniques were promising with high correlations of around 0.8-0.9. However, 

NIR Spectroscopy and ultrasound tools require species and site-specific calibration and 

expensive laboratory work, respectively.  

1.1.3.3 Airborne lidar 

To integrate all forest-related emissions calculation from various activities, an area-based 

forest monitoring system is required (UNFCCC, 2010). For area-based forest monitoring, 

remote sensing application using medium-resolution satellite imageries has been widely 

used in tropical forests with low accessibility (Asner et al., 2002; Hansen and Loveland, 

2012). To improve the accuracy, more advanced technology resulting in high resolution 

imageries (Chambers et al., 2007; Hirata et al., 2014) were explored. Additionally, 

airborne lidar scanning (ALS) technologies continue to be intensively explored due to 

their high accuracy in estimating forest metrics (Gobakken et al., 2012; Lefsky et al., 

2002). 

Laser technology, on which ALS is based, has been used for precise distance 

measurement. ALS using discrete return is commonly utilised for forest monitoring due 

to its ability to cover large areas (Wulder et al., 2012). Compared to satellite-based remote 

sensing technologies, the costs associated with ALS acquisitions are relatively high 

(Hummel et al., 2011). 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 and faster (Goodwin et al., 2006). However, this results in a lower density of point 

cloud (and thus poorer spatial resolution). Previous studies on accuracy using various 

lidar densities have been conducted mostly in temperate regions (Gobakken and Næsset, 

2008; Watt et al., 2014; Jakubowski et al., 2013). No lidar density studies were located 

in areas with very flat topography such as in PSFs. Also a number of recent studies 

explored the use of height-related (Kronseder et al., 2012) and return proportion-related 

metrics (Ioki et al., 2014; Sheridan et al., 2014) for estimating forest attributes, including 
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AGB. Further research is needed to find the best lidar metrics that have a strong 

correlation with forest attributes in flat tropical PSFs. 

 Research Aim and Objectives 

The aim of this study was to contribute to the development of Indonesiaôs MRV system 

by enhancing our ability to accurately estimate carbon 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 landscape levels). The 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 bases to estimate carbon stock and forest 

dynamic information and evaluation of the value cutting-edge technology for non-

destructive sampling and accurate forest biomass mapping over large areas. Four 

subsidiary research objectives were designed to achieve this:  

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 local 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 equations. Also, a device that 

measures acoustic velocity to test wood density was trialled as this would enable 

non-destructive sampling of tree AGB. 

3. To identify, compile and evaluate the potential use of existing field-measurement 

data, such as permanent sample plots and timber inventories, for estimating AGB 

stock and increment in logged-over 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 

and 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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 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 consists of four published, one accepted and two unpublished 

papers/chapters, placed in the research component. All papers/chapters were written as 

stand-alone papers. Therefore, there is some duplication of methods and data used in some 

chapters. Inconsistencies in formatting, abbreviations, measurement units, referencing 

style, captions and so on also unavoidable because of different journalsô and editorsô 

requirements. The unpublished chapters were also written following a research article 

format, to allow submission to peer-review journals at a later stage. 

The thesis is organised into three parts: introduction, main research and synthesis. The 

introduction consists of two chapters, Introduction and General Methods (Chapters 1 and 

2). The research component is structured following the four research objectives (Chapters 

3 to 9). Each research component (allometric development, TLS application, uncertainties 

assessment of AGB stock and increment estimates, and landscape assessment using 

airborne lidar) used different datasets, methods and scope, and it is outlined in a separate 

chapter. The synthesis consists of a concluding chapter (Chapter 10).  

The thesis is structured as follows: 

¶ Chapter 1. Introduction. Presents the research backgrounds, aim and objectives. 

¶ Chapter 2. Study Approach and General Method. Presents 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. 

¶ Chapter 3. Tree Biomass Equations for Tropical Peat Swamp Forest Ecosystem 

in Indonesia. Presents the results of allometric model validation and development 

for estimating tree AGB in peat swamp forest ecosystems. This chapter was 

published in Forest Ecology and Management (2014) 334, 241-253. 

DOI: 10.1016/j.foreco.2014.08.031. 

¶ Chapter 4. Improved Allometric Equations for Tree Aboveground Biomass 

Estimation in Tropical Dipterocarp Forests of Kalimantan, Indonesia. Revises 

existing studies on allometric equations for lowland dipterocarp forests using new 

datasets. This chapter was published online in Forest Ecosystems (2016) 3:28.  

DOI: 10.1186/s40663-016-0087-2. 
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¶ Chapter 5. The Effect of Species Grouping and Site Variables on Aboveground 

Biomass Models for Lowland Tropical Forests in Indo-Malay Region ï evaluates 

various variables for the development of generic allometric equations covering a 

wide geographical space. This chapter has been published online in Annals of 

Forest Science (2017) 74:23. DOI: 10.1007/s13595-017-0618-1. 

¶ Chapter 6. Testing a Non-Destructive Method for Measuring Tree AGB Using a 

Terrestrial Laser Scanner. Presents the results of 3D model validation for volume 

and AGB estimation using non-destructive sampling in mangroves.  

¶ Chapter 7. Synthesising Existing Forest Inventory Datasets for Estimating 

Historical AGB Stocks and Growth in Logged-Over Tropical Dipterocarp Forests. 

Presents the result of forest inventory data exploration from timber concessions, 

and assesses the uncertainties of AGB stock and increment estimation at stand 

levels. 

¶ Chapter 8. Advanced Land Cover Mapping of Tropical Peat Swamp Forest using 

Discrete Return Lidar. Presents the results of utilizing airborne lidar data for forest 

and land cover mapping. This chapter has been published in Geoplanning Journal 

(2017) 4:1, 1-8. DOI: 10.14710/geoplanning.4.1.1-8. 

¶ Chapter 9. Assessing Influence of Return Density on Estimation of Lidar-Based 

AGB in Tropical Peat Swamp Forests of Kalimantan, Indonesia. This chapter tests 

various densities of lidar return for assessing forest AGB. It was published online 

in International Journal of Applied Earth Observation and Geoinformation 

(2017) 56, 24-35. DOI: 10.1016/j.jag.2016.11.002. 

¶ Chapter 10. Synthesis ï This chapter synthesises the findings, identifies 

limitations and presents recommendations for implementation and further 

research.  

 

  

http://dx.doi.org/10.14710/geoplanning.4.1.1-8
http://dx.doi.org/10.1016/j.jag.2016.11.002
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 Study Approach and Research Components 

The main aim of this study was to contribute to the development of Indonesiaôs MRV 

system by enhancing the ability to accurately estimate carbon stocks and monitor 

emissions in tropical forests. The study involved four research components covering a 

range of aspects, including allometric development (Component 1) and method 

improvement (Component 2) at tree level, stand-level aboveground biomass (AGB) 

estimation (Component 3) and landscape scale analysis using airborne lidar (Component 

4) (Figure 2.1).  

 

Figure 2.1. Research components and their 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 in 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 published studies conducted in peat swamp forests, dipterocarp 

forests and lowland forests across the Indo-Malay 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 the literature were mostly identified as grey publications by Anitha et 

al. (2015) and Krisnawati et al. (2012). However, the distribution of the dataset was 
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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 Chapter 5. 

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

Because destructive sampling is laborious and time consuming, a non-destructive 

approach was tested to allow more collection of samples, especially large trees. 

Component 2 was designed 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 individual trees (with diameter of 32 cm and 58 cm) were scanned 

and felled for biomass measurements. The specific objective of Component 2 was to 

explore the potential and challenges of 3D reconstruction from TLS point clouds for 

estimating tree volume and acoustic tool for estimating wood density from fresh logs. 

Component 2 is addressed in Chapter 6. 

2.1.3 Component 3: Uncertainties of stand-level AGB estimations using various 

AGB models and assessing AGB stock and increment of logged-over 

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 objective of 

this component was to identify, compile and examine these datasets for quality assurance, 

and to determine whether they are suitable for further use in forest AGB assessment. The 

selected datasets were used to assess the validity of various AGB models at stand level. 

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 4 was 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. 

I used a wall-to-wall coverage lidar dataset covering 120 thousand hectares of peat swamp 

ecosystem 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 of low-density lidar point. Reducing 

the density of lidar returns reduces the cost of flight campaigns through, for example, 
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using higher or faster flights. Ground-truthing was conducted by the Kalimantan Forest 

Carbon Partnership (KFCP) project, part of the Indonesia-Australia Forest Carbon 

Partnership which 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 

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

Table 2.1: Summary of research components and their objectives 

Component Research Objectives Datasets 

Component 1: 

Allometric equations 

for estimating tree 

AGB in various 

forest types 

(Chapters 3ï5). 

To 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 forests. A 

comparison with existing local 

and global allometric equations 

was conducted to assess their 

uncertainty in AGB estimation. 

To improve the accuracy of the 

models, several potential 

predictor variables were tested 

and assessed, including species 

grouping, site characteristics and 

climatic variables. 

¶ 148 harvested trees from peat 

swamp forests in Kalimantan 

and Sumatra. 

¶ 109 harvested trees from 

dipterocarp forests in 

Kalimantan 

¶ 1200 sample trees from 

lowland forests (including 

dipterocarp forests) in the 

Indo Malay region. Data was 

derived from direct 

measurement and the 

literature review. 

Component 2: Non-

destructive method 

for estimating tree 

AGB using TLS 

(Chapter 6). 

To explore the potential use of 

TLS for 3D modelling of 

individual trees, to validate the 

existing equations or develop 

new equations. Additionally, an 

ultrasound technique was tested 

to estimate wood density to 

enable non-destructive sampling 

of tree AGB. 

¶ Point cloud data of trees 

derived from multiple 

scanning. Three out of eight 

felled trees were scanned.  

Component 3: 

Uncertainties of 

stand-level AGB 

estimations using 

various AGB models 

and assessing AGB 

stock and increment 

of logged-over 

dipterocarp forests 

(Chapter 7). 

To identify and compile existing 

field-measurement data, such as 

permanent sample plots and 

timber inventories. To evaluate 

the usefulness of these existing 

resources for estimating AGB 

stock and increment in logged-

over or degraded forests. 

Additionally, a compilation of 

carbon stock estimations in 

primary forests from published 

literature was conducted, for 

¶ 24 1-ha permanent sample 

plots collected from timber 

concessions 

¶ 20,133 plots of timber 

inventory datasets from 33 

timber companies in 

Kalimantan. 
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Component Research Objectives Datasets 

comparison and estimating 

emission factors from forest 

degradation and deforestation. 

Component 4: 

Potential use of 

airborne lidar for 

AGB and land cover 

mapping (Chapters 

8-9).  

To explore the potential use of 

airborne lidar for AGB and land 

cover mapping. Also, the 

influence of lidar return density 

on the accuracy of AGB 

mapping was assessed to find 

whether it was feasible in terms 

of cost and accuracy for large 

area monitoring. 

¶ Point cloud dataset of 120 

thousand hectares of PSF in 

Central Kalimantan.  

¶ 81 plots of ground 

measurements of vegetation. 

¶ Both datasets were provided 

by the KFCP. 

 

 Site Description 

The datasets used in this studyðin particular for Component 1ðwere 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). These 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 Sumatra, Kapuas Hulu in West 

Kalimantan and an ex-KFCP project in Central Kalimantan, Indonesia. The Rokan Hilir 

study site was managed by a timber company (PT DRT) and was selectively logged, while 

the other sites were selectively logged by large concessionaires from the 1970s to the 

1990s. Small-scale illegal logging 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 diversity of plant species (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, dipterocarpaceae. Because of the treesô 

size, large amounts of carbon are stored within these forest type (Paoli et al., 2008). Since 

the 1970s, most of the tropical dipterocarp forests in Indonesia have been utilised for 

timber production.  
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Figure 2.2. Study sites and location of data sources 

 

The study of AGB estimation using TLS in Chapter 6 was conducted in a production 

forest near Sembilang National Park in Banyuasin, South Sumatra, Indonesia. The forest 

is located in an estuary of the Sembilang River and is dominated by mangrove trees. Four 

major dominant mangrove species could be found in this area, including Rhizophora 

apiculata, Bruguira gymnorhiza, Bruguira sexangulata and Rhizophora mucronata.  

For the Chapter 5, we reviewed existing studies on tree biomass harvesting from lowland 

forests within the Indo-Malay Archipelago, including major island groups (Malay 

Peninsula, Sumatra, Borneo, Java, Nusa Tenggara, Maluku and Papua (Figure 5.1 in 

Chapter 5). The latitude and longitude of the study sites ranged from 10.31 ̄south to 

4.039̄  north and 98.79̄ east to 140.50̄ east. 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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 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 measurements 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 

I compiled the AGB of sample trees from PSF through destructive sampling in three 

timber concessions in Rokan Hilir, Musi Banyuasin and Kapuas Hulu. A total of 148 trees 

with diameter at breast height (DBH) of between 2 cm and 167 cm were felled and 

measured. For the tree allometry study in the TDF I conducted direct measurements 

through destructive sampling for AGB measurements in four timber concessions in 

Malinau, Bulungan, Kapuas Hulu and Seruyan districts as well as literature review from 

published and unpublished studies. The tree AGB dataset from mangrove was collected 

in a production 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 compartments in which we felled the sample trees followed the 

current cutting plan. We identified potential trees from previous forest inventory lists or 

after rapid assessment of large trees. Before the felling, we measured the DBH (in cm) at 

1.3 m from the ground or at 20 cm above tree buttresses. All trees were felled and 

fractioned into tree components: trunks, branches, twigs and leaves. All small stems and 

branches with diameter (D) Ò 30 cm as well as the 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, including tree DBH, tree height and 

commercial bole height, were measured using cloth tapes after tree felling, giving a more 

accurate measurement than a standing tree measurement. Leaf voucher specimens were 

collected and shipped to the Research Centre for Biology, Indonesian Institute of Sciences 

(Lembaga Ilmu Pengetahuan Indonesia; LIPI) for species identification. 
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2.3.1.2 Individual Tree Scanning 

Tree selection was based on the representativeness of tree species and DBH class. Two 

major species are available in the area (Rhizophora apiculata and Bruguiera 

gymnorrhiza). We used FARO Laser Scanner Focus 3D to measure the trees. We selected 

the second highest point density option and each scan took 20ï30 minutes. Checker 

boards were placed around the targeted trees and between TLS positions. At first site, we 

placed five TLS positions to scan one large tree, while for second site we scanned two 

trees with four TLS scanning. The output format of the scanning was a point cloud data 

of xyz position and associated RGB value.  

2.3.1.3 Permanent Sample Plots and Forest Inventory Datasets 

The data collection was carried out from February ï May 2012 under the auspices of the 

FORCLIME-GIZ, the German-Indonesian cooperation in forestry and climate change. 

The datasets used in this study were compiled from timber concessions operating in 

project pilot provinces ðWest Kalimantan, East Kalimantan and North Kalimantanð 

which include permanent sample plots (PSPs) and overall periodic timber inventory 

(OPTI) plots from existing timber concessions operating in the study area. As some 

concessions are no longer operational, only active concessions were targeted for data 

compilation.  

The KFCP project established PSPs for vegetation monitoring that were systematically 

placed in eight randomly selected zones representing land cover classes and disturbance 

levels (Graham et al., 2014). These datasets were used to validate airborne lidar data from 

the same site. Five zones were located near large canals and in highly degraded areas, 

while the other three zones were located in closed-canopy forests. Within each zone, three 

transects, spaced 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 scientific tree names, the DBH and the height of all the trees within the plot were 

recorded.  

2.3.1.4 Airborne Lidar 

Lidar data sets were provided by the KFCP project. Lidar data of KFCP areas were 

captured with an average density of 2.8 returns per m2 for the whole project area (120,000 

ha). The lidar datasets were captured using Optech ALTM 3100 and Optech Orion M200 

instruments mounted on a Pilatus Porter fixed wing aircraft from 15 August to 2 October 
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2011. The vertical accuracy of the raw lidar data and the DTM products were 0.14 m and 

0.18 m, respectively (Ballhorn et al., 2014).  

2.3.2 Data Analysis 

2.3.2.1 Allometric Development  

Several considerations are crucial in selecting the best AGB models, including (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 models with high collinearity among predictor variables); (2) high accuracy 

and predictive capability; and (3) practicality for field implementation (Overman et al., 

1994). 

Most statistical analyses were performed using JMP software and partly using R 

Statistical Analysis. Because the data exhibited heteroscedasticity, AGB data and all 

predictor variables were transformed into natural logarithms. For back-transforming the 

data, a correction factor was required to reduce the systematic bias associated with the 

log-transformations. Several correction factors were evaluated to select the best models, 

including Correction Factor (CF) from Sprugel (1983), Ratio Estimator (REst) from 

Snowdon (1991) and óMMô correction factor (Shen and Zhu, 2008), as suggested by 

Clifford et al. (2013).  

We performed a multicollinearity test to evaluate correlation between parameters. The 

multicollinearity was identified using a variance inflations factor (VIF). A high VIF 

(more than 10) indicates that the parameter is closely related to other parameter. The 

accuracy of existing models was evaluated by regressing the biomass values of the 

measured dataset and the values predicted by the models. We chose the best form of the 

mixed-species and species grouped models based on the highest coefficient of 

determination (R2) and lowest residual standard error (RSE) and the corrected Akaike 

Information Criterion (AICc). Additionally, we calculated the mean relative error (MRE) 

and mean absolute relative error (MARE) of each model (Picard et al., 2015), and 

performed a regression analysis to fit the AGBm and the AGBp of all models to further 

evaluate the precision and bias of the models (Piñeiro et al., 2008). 

2.3.2.2 3D Modelling for Tree Reconstruction 

We used two forms of software to reconstruct tree 3D models: QSM (Raumonen et al., 

2013) and CompuTree (Hackenberg et al., 2015). Both are based on a similar approach, 
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called cylinder fitting. Currently they are the most accurate and reliable method for 

reconstruction of whole trees used for biomass estimation. The model using the first 

software has good performance when estimating the tree volume with less than 10% error 

(Calders et 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 tree AGB of the compiled PSP datasets using various AGB equations 

for dipterocarp forests in Kalimantan (Manuri et al., 2016) and species group equations 

for lowland forests (Manuri et al, In Press). We used the selected PSP dataset, which has 

complete measurement of DBH, tree height and species identification and has long 

measurement period (more than five years). Net annual AGB increment (IAGB) was 

calculated as the net annual AGB change due to growth (GAGB), recruitment (RAGB), 

mortality (MAGB) and shrinkage (SAGB) of trees annually averaged across the monitoring 

period. 

We used OPTI dataset compiled from existing timber concessions in the study area. We 

used the AGB model which requires only tree DBH to estimate tree AGB. For 

comparison, we used the AGB-BA model which uses information of BA per plot for 

estimating the plot-level AGB.  

2.3.2.4 Airborne Lidar Data Processing  

Several lidar metrics were calculated in relation to vegetation heights and return 

proportions (Table 9.2).For generating a canopy height model, a 1-m resolution digital 

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

A 5-m resolution canopy height model was generated in raster format.  This study 

explored the canopy height model for defining the classification system for forest and 

vegetation cover. We interpreted the vegetation cover based on information derived from 

airborne lidar. Instead of óland useô, we used óland coverô as a basic term for the 

classification of forest (Lund, 2002). Following the vegetation structures and 

classification defined by Dowling and Accad (2003), a 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 accuracy, the lidar return densities were reduced 

from the original density to simulate different acquisition specifications for the lidar data. 

We reduced the lidar returns from 2.8 returns per m2 to one return per 100 m2. The points 
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were selected randomly in cell sizes of 25 m2. A similar approach has been applied in 

other studies (Leitold et al., 2015; Magnusson et al., 2007; Strunk et al., 2012; Ruiz et 

al., 2014). Two scenarios were applied to assess the effect of point density on the 

regression models. In the first 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 from the thinned point data. 

 Processing Software 

I use several software for data processing. I 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 visualization, I 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, I used CompuTree Beta Version 15 (Hackenberg et al., 

2015) and QSM ver2.21 (Raumonen et al., 2013) running in Mathlab 2015b. Data 

registration and merging of TLS data were conducted using FARO Scene software. 

CloudCompare was used for manual extraction of tree point clouds and visualisation of 

tree 3D models. FUSION v3.42 was used to process all point cloud data derived from 

airborne lidar (McGaughey, 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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