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.Abstract

Deforestation and forest degradation in the tropical countries have reduced the extent of forest 

and woodlands, which conserve biodiversity, provide essential resources to people and help 

in mitigating climate change through carbon sequestration. Forest conservation projects need 

methods for estimating tree species diversity to effectively generate information necessary for 

implementing biodiversity management plans, while greenhouse gas reduction programmes 

such REDD* (Reducing Emissions from Deforestation and Forest Degradation) require 

robust methods to estimate volume and aboveground biomass (AGB). Such methods are also 

needed in the context of general forest management planning. The four papers included in this 

thesis are aimed to test and evaluate methods for estimating volume. AGB. and tree species 

diversity using field and remotely sensed data in the tropical forests and woodlands of 

Tanzania. In paper 1. tree models for estimating total, merchantable stem, and branch volume 

applicable for the entire miombo woodlands of Tanzania were developed. In Paper II. Ill. and 

IV the potential of airborne laser scanning (AI.S) data for predicting AGB and measures of 

tree species diversity was tested and evaluated. The results have shown that ALS data can be 

used for predicting AGB with reasonable accuracy by using both parametric and non­

parametric approaches. Effects of plot size on the AGB estimates were investigated and the 

results indicated that the prediction accuracy of AGB in ALS-assisted inventories improved 

as the plot size increased. Finally, the results showed that measures of tree species diversity 

and particularly tree species richness and Shannon diversity index, can potentially be 

predicted by using ALS data.
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land uses for agriculture farmland, oil and gas production, mining, and infrastructure 

development (Lanly. 2003; Venter and Koh. 2012). Loss of biodiversity and increase in 

global carbon emissions are the major consequences of deforestation and forest degradation 

in the tropics, which in turn possess a threat to future global climate stabilization. It is 

estimated that between the years 1990 and 2010 land uses in the tropics including both 

deforestation and forest degradation, have emitted about 1 .-1 Pg C per year which is 

equivalent to 15% of the global human induced carbon emissions (Houghton, 2013).

To address the concerns over the conservation of tropical forest and to mitigate 

adverse effects of carbon emissions on global climate change, a compensation-based policy 

mechanism to reduce emission from deforestation (RED), was firstly introduced to United 

Nations Framework Convention on Climate Change (UNFCCC) in 2005, at the I 1th 

Conference of Parties (COP) in Montreal (Wertz-Kanounnikoff and Kongphan-apirak. 2009). 

Later in 2007. al the 13th COP held in Bali. RED was expanded to include emissions from 

forest degradation and hence became REDD. In 200S. at the 14th COP in Poznan. REDD was 

finally expanded to REDD f by including aspects related to forest conservation, sustainable 

management, and enhancement of forest carbon stock, thereby marking the addition of the 

"plus” to REDD, i.e. REDD+ (Birdsey et al.. 2013).

1.1. Tropical forests and REDD+

Tropical forests account for about 44% of the global forest area (McMahon. 2014). They 

encompass various forests types including rainforests, mangroves, montane forests, dry 

forests, and wooded savanna systems (woodlands) (Brandon. 2014; FAO, 2001; Lewis. 

2006). Tropical forests arc critical to local, regional, and global climate cycles principally 

through the moisture and carbon that they store, where approximately 271 ± 16 Pg C (Pg. I Pg 

1.0*’ tons) (Grace et aL. 2014) is stored in the tropical forests. Beyond carbon storage.

tropical forests also contain higher levels of biodiversity than any other type of forests on the 

planet, holding 2/3 of land-based species (Brandon. 2014). Additionally, these forests provide 

a wide range of ecosystem services including timber, fuelwood, water purifications, and they 

have cultural and religious values as well. These benefits arc crucial to the more than 50 

million people who live in tropical forests and many millions of others who are indirectly 

dependent on the services from these forests (Hewson et aL. 2014). Despite their potential, 

tropical forests are threatened by deforestation and forest degradation, mainly caused by 

human induced activities such as timber and fuelwood extraction, conversion of the forest to
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Under the REDD- mechanism, participating developing countries receive financial incentives 

(i.e. payments) for their verified success (i.e. performance) in reducing carbon emissions from 

forest-related activities as well as enhancing the removal of the carbon from the atmosphere 

(i.e. enhancing the carbon stock) (Goetz et al.. 2015). This mechanism has been accepted as a 

low-cost and promising approach for mitigating climate change (Angelsen and Brockhaus. 

2009) that also will secure many ecological functions of forests, including biodiversity 

conservation and provision of a number of ecosystem services. The interest among 

developing countries to prepare for hosting REDD - projects, and in testing the potential 

mechanisms, has increased significantly since the initial discussions under IJNFCCC in 2005.

In spite of the increasing attention drawn to the REDD t- policy. and the large number 

of pilot projects currently being implemented in the countries, several key aspects of the 

REDD ’ policy have not yet been fully resolved in many tropical countries. They include, 

among others, development of baseline scenarios (i.e. reference levels against which the 

enhanced storage of carbon can be measured), and designing credible and efficient forest 

carbon Measuring. Reporting, and Verification (MRV) systems (Mattsson et al.. 2012). Such 

aspects are fundamentally important because payments for carbon offsets (i.e. financial 

benefits) under the REDD- mechanism rely heavily on the reliable estimates of forest carbon 

stocks and changes over lime (Goetz et al.. 2015).

Development of MRV systems for REDD ■■ implementation requires accurate methods 

for estimation of above ground biomass (AGB) as the primary variable for computing carbon 

stored in forests. According to Lu (2006). estimation of AGB can be done bj using methods 

based on (1) field measurements. (2) geographical information systems (GIS). and (3) remote 

sensing. Field based approaches are the most accurate methods for estimation of AGB. 

However these methods are often time consuming, labor intensive, difficult to implement in 

the remote areas and they are impossible to apply for large geographical areas with 

reasonable cost and precisions (Lu et al.. 2014: Saarela el al.. 2015). GIS-based methods are 

also difficult because of problem in obtaining good quality ancillary data (Lu. 2006; Lu et al.. 

2014). On the other hand, remote sensing-assisted methods have gained a wide acceptance for 

AGB estimations, given their ability to account for limitations related to sample size, time 

lines, expenses, and accessibility. Moreover, remotely sensed data can provide a synoptic­

view over large areas and greatly increase the efficiency and usefulness of limited 

conventional field-based methods (Patenaude et al.. 2005: Sinha et al.. 2015). Remotely 

sensed data are therefore considered to play a fundamental role in the development of cost- 

efficient methods for AGB estimations needed in REDD-* MRV systems (Asner et al., 2012a;
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GO1C-GOLD. 201 I). 1 hus it is important to understand and quantify the contribution of 

different remotely sensed data on improving the estimates of AGB under different forest 

conditions. This may guide investment decisions in development of cost- efficient MRV 

systems in the tropical countries. Remotely sensed data have also been reported to he useful 

for monitoring and assessing different aspects of forests biodiversity, including tree species 

diversity (e.g. Leutner et al.. 2012: Oldeland et al,. 2010). In light of the current need for 

assessment of the impact of REDD ■ on biodiversity conservation (F.hara et al.. 2014: 

Vanderhaegcn cl al.. 2015). remotely sensed data may provide valuable information for 

biodiversity assessment al spatial scales that hardly can be provided by conventional field- 

based methods at reasonable costs.

Despite the potential of the remote sensing-based methods for REDD- related issues 

including sustainable forest management and biodiversity conservation, there has been 

scarcity of relevant studies in relation to tropical forests, particular in East Africa. Because of 

that, the Tier-3 approach to carbon inventory that was proposed by Intergovernmental Panel 

on Climate Change (IPCC) (Eggleston et al., 2006) and further elaborated by Gibbs et al. 

(2007) can be challenging to implement in many tropical contries in Africa. I lowevcr. data 

from airborne laser scanning (ALS) - one among the most promising remote sensing 

techniques for precise estimation of AGB and other forest properties, have potentials for 

successful application to tropical forests.

1.2. Status of forest resources and REDD+ MRS’ system in Tanzania

Tanzania main land has a total land area of about 88.3 million ha (MNRT. 2015). Forests and 

woodlands occupy about 48.1 million ha. equivalent to 55% of the total land area. About 44.7 

million ha. or 92% of the lota) forest area, is classified as woodlands, out of this miombo 

woodlands make up by far the largest part. The remaining forest areas are mainly occupied by 

tropical high (mountain) forests, lowland forests, mangrove, and plantation forests . Like in 

other tropical countries, deforestation and forest degradation are the major challenges for 

management of forest and woodland resources in Tanzania (Mbwambo et al.. 2012). It is 

estimated that Tanzania lost an average of 403.350 ha or 0.97% of its forest cover per year 

from 1990 to 2010 (FAO, 2010a). This was mainly a result of heavy pressure from 

agricultural expansion, livestock grazing, wild fires, and general over-exploitation of wood 

resources due to different human activities (Blomley and Iddi. 2009; FAO, 2010b). The 

Tanzanian government has implemented several initiatives to address the challenges of 

deforestation and forest degradation through adoption of legal frameworks and
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implementation of participatory forest management regimes (Mbwambo el al.. 2012; I retie el 

al.. 2014). The main sources of finance for these initiatives have been obtained from charges 

levied on the major forest products and services, state budget allocation to the local forestry 

administrations, and grants obtained from development partners. I lowever. in the recent 

decade limited financial resources are compelling the country’ to identify innovative financing 

mechanisms to support forest management activities outside these traditional channels (URT. 

2012).

The emergence of REDD+ under UNFCCC has therefore been considered as an 

exceptional opportunity for the Tanzanian government to obtain financial resources that will 

help to improve the management of the forest resources by reducing deforestation, forest 

degradation, and loss of biodiversity (Araya and Uofstad. 2014: Zahabu et al.. 2007). To date 

Tanzania has already participated in the REDD:- readiness mechanism of the United Nations 

Collaborative Program on Reducing Emissions from Deforestation and Forest Degradation in 

Developing Countries (UN REDD), which aimed to enhance government capacity to 

coordinate, implement, and monitor the REDD- process (Chiesa et al.. 2009). The Tanzanian 

government also in 200S signed a letter of intent with the Norwegian government to establish 

a partnership to address climate change. This partnership intends to build capacity and create 

carbon accounting methodologies, as well as to support projects that directly seek to reduce 

deforestation and forest degradation. As a result. Tanzania has become a pioneer among the 

REDD »■ countries with a larger number of sub-national REDD- projects than any other 

African country (Lin et al.. 2014).

Additionally. Tanzania, with financial support of the Government of Finland and the 

FAO-Finland Forestry Programme, between 2009 and 2014 established and conducted 

national forest inventory, namely the National Forestry Resources Monitoring and 

Assessment (NAFORMA). with permanent sample plots distributed all over the country 

(MNRT. 2015). NAFORMA sample plots forms the backbone of a system for estimation of 

the current slate of the forest resources needed for national forest policies and general forest 

management as well as inputs for monitoring changes in carbon stock needed for the 

development of national carbon MRV systems under REDD-r implementation. NAFORMA 

data may also be used for biodiversity monitoring since much information related to 

biodiversity have been collected as part of the field campaign. This may generate an 

important platform for assessment of the impact of REDD-t- on enhancing biodiversity 

conservation and other related policies that are aimed towards conservation planning.
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1.3. Rationale Tor the study

Irrespective of the well updated national forest inventory data (i.e. NAFORMA). reliable 

information on forest resources in Tanzania will in the future heavily depend on the 

availability of accurate methods for quantification of different forest attributes including 

volume. AGB. carbon slock, and tree species diversity. For volume. AGB. and carbon stock, 

relevant tree models covering different vegetation types of Tanzania arc needed for 

compulation of plot-based estimates, which is a fundamental part of any forest inventory.

1 lowever. such models are often limited in Tanzania. Besides that, for development of cost- 

efllcicnl forest monitoring system needed for REDD t-.MRV. conservation planning, and 

general forest management decision-making, methods based on remote sensing techniques arc 

needed for enhancing the precisions of NAFORMA plot-based estimates (MNRT. 2015: 

Tomppo et al.. 2014). Unfortunately, to date empirical evidence on the accuracy and 

performance of remote sensing-based methods for estimation of different forest attributes in 

'Tanzania are limited. Most of the reported remote sensing-based studies have focused on 

mapping and quantification of forest cover changes using satellite-based remote sensing 

(Lupala et al.. 2015: Swetnam et al., 201 1: 'l abor et al.. 2010). with little attention on 

estimation of forest attributes, like those mentioned above. Furthermore, more recently 

developed techniques such as ALS. which has gained widespread application in forests in 

other parts of the world, has to date not been validated for forest attribute estimation purposes 

in Tanzania. The current thesis aims at tilling some of this gap.
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2.0. Research objectives

The main objective of this study was to test and evaluate methods for estimating forest 

resources as a basis for forest management decision-making and development of a REDD * 

MRV system in Tanzania. The thesis is divided into the following sub-objectives addressed in 

four different papers:

To develop allometric models for estimating tree volume in iniombo woodlands of 

Tanzania (Paper I).

To model the relationship between AGB and ALS data in iniombo woodlands of 

Tanzania and assess the model performance (Paper II).

To assess effects of field plot size on prediction accuracy of AGB in ALS-assisted 

inventories in tropical rainforests of Tanzania (Paper 111).

To mode) and predict measures of tree species diversity using ALS data in iniombo 

woodlands of Tanzania (Paper IV).



3.0. Background

3.1. Analytical conceptual framework of the thesis

Accurate information on forest resources, needed for making informed decisions on forest

management as well as for development of REDD-r MRV systems, requires application of

reliable methods for estimation of different forest attributes. Field data and remotely sensed

data arc the primary data sources for development of such methods. In the conceptual

framework presented in Figure 1. data on stem and branch volume of trees derived from

destructive sampling are obtained from the Held data. Such data are used as an input to

develop allomctric tree volume models using ordinary least square (OLS) and nonlinear least

square (NLS) regression techniques. Field data also provided plot-based information on AGB

in Mg per ha. AGB in Mg per ha on different Held plot sizes, and measures of tree species

diversity. The information is combined with ALS metrics (derived from ALS data) using

different statistical methods including: OLS. linear mixed effects models (LMMs). and k-

nearcst neighbors (A-NN). The outputs are methods in terms of prediction models based on

the .ALS data for estimating AGB and measures of tree species diversity. These models in

combination with allometric tree volume models form methods that can be used for

estimation of forest resources needed for making informed decisions in forest management

and for development of a REDD »- MRV system.

I),VIA

OLS

„x>I.MMv 

k-NN

ALS metrics

Figure 1. Analytical conceptual framework for the thesis.
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3.2. Tree AGB and volume models

Allometric tree AGB and volume models (models for individual trees) are crucial tor 

quantifying many forest products and services such as commercial timber volume, bioenergy 

volume, and carbon stock. Development of tree AGB models usually involves han esting and 

weighing a sample of trees across a range of diameter and'or height classes, and then 

estimating the parameters of a model relating .AGB to diameter at breast height (dbh) or a 

combination of dbh and total tree height (hi) using regression techniques. Such models can 

then be used to estimate AGB using dbh or combinations of dbh and hr measured in forest 

inventories. Another approach is to estimate AGB based on volume and subsequently use an 

expansion factor (Birdsey et al.. 2013). The latter approach of using tree volume models and 

expansion factors has been used by most of the countries for reporting national forest biomass 

(FAO. 2010a). as compared to the direct use of tree AGB models.

The process of developing tree AGB and volume models is time consuming and 

expensive as it relies on destructive sampling as previously mentioned. In tropical forests, 

where there is a wide range of different tree species, development of allometric tree AGB and 

volume models valid for large geographical areas has always been a challenge. For dry 

tropical forests and woodlands, relatively few models for estimating tree .AGB and volume 

have been developed as compared to moist and wet tropical forests (Henry' el al.. 201 I). For 

the miombo woodlands of Tanzania. Malimbwi et al. (1994). Chamshama el al. (2004). and 

Mwakalukwa et al. (2014) have developed volume and AGB models. The applicability of 

these models is. however, limited by the sample size and tree size ranges of the data used for 

modelling. Furthermore, the models cover only limited geographical ranges of miombo 

woodlands and thus none of them can be regarded as general models covering the whole 

country. This is obviously a challenge for the development of a sustainable forest 

management and an effective forest monitoring system needed for implementation of a 

REDD-^ policy, irrespective of the availability of more recently updated forest inventory data 

in the country. Thus, robust tree models in terms of geographical and tree size coverages are 

needed both for REDD+ reporting and for supporting the development of other decision­

support tools for forest management (Mugasha, 2014). General tree AGB models for miombo 

woodlands covering the entire miombo woodlands of Tanzania have recently been developed 

by Mugasha et al. (2013). but no general tree volume models exist. The main objective of 

Paper I was therefore to develop tree volume models for miombo woodlands of Tanzania. 

The specific objectives were to (1) develop both general and site specific models. (2) develop



3.3. Remote sensing support for forest inventory

9

models lor total volume, merchantable stem volume, and branch volume, and (3) compare the 

performance of the general models with models developed previously by other researchers.

As part of the requirements for development of a cost effective REDD MRV system, the 

application of remote sensing techniques has been considered as a relevant option for 

improving the statistical precision of AGB estimates (GOFC-GOLD. 201 1). Likewise, for 

deriving information needed for forest management at different spatial scales, ranging from 

local to national levels. Types of remote sensing data that have been used for estimation of 

AGB include optical, synthetic aperture radar (SAR). and ALS (De Sy ct al., 2012). However, 

the performance of optical remote sensing, and to a lesser extent SAR. in tropical forests are 

affected by forest structure complexity, canopy density, and cloud coverage (Gibbs el al.. 

2007). As a result of this, both of the two remote sensing techniques saturate at lower AGB 

levels, say, around 20-250 Mg ha'1 of AGB (Kaasalainen et al.. 2015; Patenaude et al.. 2005). 

although SAR data have shown to saturate at higher values as compared to optical remote 

sensing (Lucas ct al.. 2007; Sinha et al.. 2015).

ALS has proved to overcome some of the limitations of other remote sensing 

techniques, because of its ability to retrieve three-dimensional (3D) forest structures at high 

spatial resolution. Such information is more useful for forest inventories as well as for 

ecological applications than the information from any of the other remote sensing techniques 

(Coops et al.. 2004; Lcfsky et al.. 2002; Vauhkonen et al.. 2014). The strengths of ALS in 

estimating forest attributes have been investigated from both research perspective and 

operational perspective, and ALS is currently used in operational management inventories in 

the Nordic countries (Vauhkonen ct al.. 2014). Promising results from the tropical forests of 

Asia and south America have also been reported (e.g. Asner ct al.. 2012b: Hou et al.. 2011; 

Mascaro ct al.. 2012). In the tropical forests of Africa, the application of ALS is at very* early 

stages despite its wide acceptance as a potential tool for AGB estimations necessary' for the 

development of a MRV system under REDD i- initiatives. In Tanzania, this thesis is one 

among the earlier works to test the potential of ALS for estimating AGB.

3.3.1. Modelling and predicting zVGB using ALS data
Application of ALS for estimation of forest attributes including AGB has commonly been 

done by using two methods, namely; the individual tree-based approach and the area-based 

(ABA) approach (Hyyppa et al., 2008; Vauhkonen et al.. 2014). When using the individual
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tree-based approach, individual trees are detected and tree-level attributes, such as AGB. 

height, and volume, are measured or predicted from the ALS data. i.e. the basic unit is an 

individual tree. The potential of the individual tree-based approach has been demonstrated in 

different studies (e.g. Hauglin el al.. 2012: Maltamo et al.. 2004: Vauhkonen et al.. 2010) in 

which forest attributes such as tree position. AGB. tree height, and volume have been 

accurately predicted. However, the individual tree-based approach requires denser AI.S data, 

which then increases the ALS acquisition cost (Hyyppa et al.. 200S). Furthermore, with the 

individual tree-based approach, linking a tree crown delineated from AI.S data to a field- 

measured tree, requires positions of the tree measured in field. This might be a limitation in a 

complex ecosystem such as tropical forests, w here the number of trees per unit area usually is 

larger than in temperate forests (Lu et al.. 2014). In such a situation, the ABA is the most 

favored alternative. With the ABA. various metrics are extracted from the .ALS data recorded 

on the field plot, and statistical models relating the ALS metrics and plot lex el forest variables 

are constructed. The models are then used to predict for example AGB for all areas covered 

by ALS data (Ntesset. 2014).

A “wall-to-wall" ABA is commonly used in operational forest inventories in the 

Nordic countries (Nx’sset. 2014). mainly because of low er cost and maturity of the approach 

as compared to the individual tree-based approach. I lowever. for larger territories such as 

entire regions (districts) or even nations, it is currently not economically feasible, and most 

likely not required from an accuracy perspective, to provide wall-to-wall data. It has therefore 

been proposed to use just a sample of ALS data collected along some selected flight lines 

over the territory of interest (McRoberts et al.. 2014). These flight lines should primarily be 

distributed over existing ground plots according to sound statistical principles, allowing the 

development of models that lie the AGB on the ground to the ALS data. These models are 

then used to predict AGB over the entire area covered by ALS strips, and subsequently these 

predictions are used for final estimation of AGB for the area of interest using either design­

based model-assisted or model-dependent inferential frameworks (e.g. Gobakken et al.. 2012; 

Gregoire et al.. 2010). Thus, the quality of the AGB estimates produced by ALS-based 

inventories relies heavily on the development and application of appropriate predictive AGB 

models.

Many statistical techniques have been tested for predicting .AGB when using AI.S 

data and they can be grouped into two broad categories: parametric and non-parametric. Each 

method has its own strengths and requirements for data inputs that have created challenges in 

identifying the optimal method for improving prediction accuracy of AGB when using ALS
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data (I.u el al.. 2014). Because of that, comparative analysis of different methods such as 

OLS. random forests, and nearest neighbor techniques have been conducted in temperate and 

boreal forests (c.g. Bollandsas el al.. 2013: Gagliasso cl al.. 2014: Gleason and Im. 2012). All 

these efforts were aimed al improving performance of ALS-aided inventories in terms of 

prediction accuracy of the models. Unfortunately, the majority of these studies have mainly 

focused on temperate and boreal forests as indicated above - forests that may differ quite 

much in structure, composition, and internal distribution of AGB between different tree and 

canopy elements compared io tropical forests. In the tropical forests, particular those of 

Africa, the reported studies have so far focused on the use of parametric methods (e.g. Asncr 

et al.. 2012b; I lansen et al.. 2015). and neither of them has been conducted in the miombo 

woodlands of Tanzania. The main objective of Paper II was therefore to address this 

knowledge gap by assessing the performance of parametric and non-parametric methods for 

modeling and predicting AGB using ALS data in the miombo woodlands of Tanzania. The 

specific objectives were to (1) compare the performance of parametric and non-parametric 

methods in modelling and predicting AGB using ALS data, and (2) assess the effects of post­

stratification on the prediction accuracy of the parametric models.

3.3.2. Effects of Held plot size on prediction accuracy of AGB in ALS-assisted 

inventories

Previous studies in temperate, boreal, and tropical forests have indicated that field plot size is 

an important sampling parameter that should be taken into account when designing ALS- 

assisted inventories (e.g. Frazer et al.. 2011; Mascaro et al.. 2012: Naisset et al.. 2015). Model 

prediction errors have been reported to decline with increase in plot size, although the ranges 

of the plot sizes were varying from one forest type to another. For example, plots sizes 

ranging from 0.02 ha (Naesset cl al., 2011) to 0.3 ha (Yao et al.. 2014) have been reported 

from temperate and boreal forests, while for tropical forests plot sizes up to I ha have often 

been recommended (c.g. Asncr and Mascaro. 2014; Mascaro et al.. 2011; Zolkos et al.. 2013). 

In all cases the studies indicated that an increase in plot size resulted in better prediction 

accuracy because of reduction of the errors caused by the discrepancies between ground and 

ALS-based measurements (Zolkos et al.. 2013).

Given the potential of ALS for development of REDD *- MRV systems, it is important 

to determine the plot size ranges that should be considered for designing future ALS-assisted 

inventories and to address MRV standards in different forest types in tropical forests. A field 

plot size equivalent to a radius of 15 m has commonly been used in field-based forest



12

inventories in Tanzania (Tomppo et al.. 2014). For ALS-assisted inventories, however, such a 

plot size may not result in sufficiently good prediction accuracy due to the challenges 

discussed above, and especially so in high forests where the potential for discrepancies 

between large trees measured on the ground (tree stems inside the plot) and ALS 

measurements of tree crowns (crowns rather than stems inside the vertical extension of a plot) 

are substantial. Therefore the main objective of Paper III was to assess the effects of field plot 

size on prediction accuracy of AGB in ALS-assisted inventories in tropical rainforests of 

Tanzania. The specific objectives were to (1) examine the effects of field plot size on /\G13 

regression model quality. (2) assess plot boundary effect and its impact on model quality 

based on the field data, and (3) quantify the precision of ALS-assisted estimates of AGB 

relative to field-based estimates of AGB assuming the same design for different plot sizes.

3.3.3. Modelling and predicting measures of tree species diversity using ALS data 

ALS has gained wide acceptance also in ecologically-based studies in the recent decades due 

to its ability to quantify the.'D structure of forests, which is of particular interest in 

characterizing species diversity of different taxonomic groups in the forest (Muller and 

Vierling. 2014). Several studies have explored the potential of ALS to model the assemblage, 

compositions and diversity of insects, spiders, and birds (e.g. Muller et al.. 2009: Vierling et 

al.. 2011: Vogeler et al.. 2014). Measures of tree species diversity, including Shannon 

diversity index and tree species richness have also been reported to be successfully predicted 

and classified using ALS data (Leutner et al.. 2012). Despite the encouraging results from this 

body of work, few studies have estimated or analyzed the relationship between measures of 

tree species diversity and Al.S data in tropical forests. Lack of ALS data and complexity of 

the structure, due to the high diversity of tree species in tropical forests, are among the 

possible reasons for the low number of such studies in tropical forests. In Tanzania, no 

previous studies have attempted to use ALS data for modelling and predicting measures of 

tree species diversity. As stated above, remotely sensed data may provide valuable 

information for biodiversity assessment at spatial scales that hardly can be provided by 

conventional field-based methods at reasonable costs. The main objective of Paper IV was 

therefore to assess if .ALS data can be used to predict measures of tree species diversity in the 

niiombo woodlands of Tanzania. The specific objectives were to (I) examine the performance 

of parametric and non-parametric methods for predicting measures of tree species diversity 

using ALS data, and (2) assess the prediction accuracy of measures of tree species diversity 

across different vegetation types.
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4.1. Study sites

The study sites were located in five different administrative regions in Tanzania (Figure 2) in 

order to cover the different objectives of the thesis. Out of the five sites, four were mainly 

dominated by miombo woodlands (i.e. Manyara. Tabora, Katavi. and Lindi) and one (i.c.

Tanga) was mainly dominated by tropical rainforest.

Miombo woodlands make up a significant proportion of the forested land in Tanzania. The 

largest concentration of the miombo woodlands in Tanzania is found in the western and 

southern pari of the country (Abdallah and Monela. 2007). Miombo woodlands also extend to 

other African countries including Angola, Democratic Republic of the Congo, Mozambique. 

Malawi. Zambia, and Zimbabwe (Dewees et al.. 2010). .According to White (1983). miombo 

woodlands may be divided into two major distinct groups: dry and wet miombo woodlands. 

Dry miombo woodlands occur in areas receiving less than 1000 mm rainfall annually while 

wet miombo woodlands occur in areas receiving more than 1000 mm. The vegetation of the 

miombo woodlands is floristically rich characterized by the overwhelming dominance of 

IJrachystei’ia, Julbernardia. and Isoberlinia tree species belonging to the Fabaceae (legume) 

family (Backeus et al.. 2006). In mature miombo. these species comprise an upper canopy 

layer made of 10-20 m high trees and a scattered layer of sub-canopy trees. The understory 

layer is discontinuous and is composed of broadleaved shrubs and suppressed saplings of 

canopy trees. .A sparse, but continuous herbaceous layer of grasses, forbs, and sedges 

dominate the ground-layer (Campbell et al.. 2007). Miombo woodlands soils are typically 

acidic, highly leached and low in organic matter (Frost. 1996).

Tropical rainforest

Most of the Tanzanian tropical rainforests occurs primarily on mountain slopes and are 

confined io the Eastern Arc Mountains (E AM) system, which is a chain of mountains that 

stretches from Makambako, southwest of the Udzungwa Mountains in southern Tanzania, to 

the Taita I lills in south-coastal Kenya. The most important parts of EAM with rainforests are 

Southern Pare, West Usambara. East Usambara. Nguu. Nguru, Ukaguru, Uluguru. Rubeho, 

Malundwe. Uduzungwa. Mahenge, and Matcngo (Bjorndalen. 1992). Since these forests are 

spatially isolated from each other, they have more diverse flora and fauna than many other 

ecosystems. The most important functions of this type of forests are to serve as watershed



catchments areas and soil protection areas. Rainfall in most of these rainforests is heavy, with

a short dry season. In this thesis. Amani Nature Reserve (ANR). located in East L'sambara.

was selected as a site representing the typical tropical rainforest existing in Tanzania. ANR is

dominated by trees of genera Afroscrsulisiu. Alkinbliickia. Cellis. Diypeles. Ficus.

Isoherliniu. l.eplonychia. Macaranf’a. Myrianlhus. Ncwtoniu. Parinari. Sorindeia.

Slrombosia. Syzy^ium. and Tabenuiemoniana (Hamilton and Bensted-Smilh. 19S9).

Generally, the forest is denser and is often regarded as one among the tropical rainforests with

highest values of AGB (e.g. Marshall et al.. 2012: Munishi and Shear. 2004). ranging from

43.2 to 1147.1 Mg ha'1 (Hansen et al.. 2015) in .ANR in particular. Thus, the selection of this

site was aimed to demonstrate the typical challenges that would be expected when using Al.S

in tropical rainforests with high AGB densities.
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Figure 2. Location of the study sites in five administrative regions of Tanzania.
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4.2.2. Field inventory data

Two datasets consisting of field inventory data (sample survey plots) were collected. Field 

inventory' dataset I was used in Papers II and IV. This dataset was based on the plot locations 

of the sample plots that were initially established and measured by NAFORMA crews as part 

of the national forest inventory in Liwale district, Lindi-region, in June 2011. The field work 

for dataset 1 was conducted eight months later after the completion the initial measurement

Three types of data, comprising a total of five different datasets, were used in this study, i.e. 

one dataset based on destructive sampling of trees, two field inventory datasets, and two 

remotely sensed datasets. Details regarding these datasets arc described below.

4.2.1. Destructive sampling data

T’hc dataset based on destructive sampling of trees was used in Paper 1. The data were 

collected from one site in each of the following regions: Manyara. Tabora. Babati. and Lindi 

(Figure 2) and the selected trees have previously been used to develop general allometric 

above- and belowground biomass models for miombo woodlands of Tanzania (Mugasha el 

al.. 2013 ). The sites covered a wide range of growing conditions in the miombo woodlands of 

Tanzania. To secure an appropriate distribution of sample trees with regard to tree sizes and 

tree species, information from previous systematic sample plot inventories carried out for 

each of the four sites was used as guidance when selecting the trees. For each site, sample 

plots with 15 m radius were established on a systematic grid, and from these plots one or two 

trees were selected purposely for destructive sampling. Prior to tree felling, all sample trees 

were identified for species name (local and scientific name), and dhh was measured with 

calipers and diameter tapes while hi was measured with Suunto and Vertex hypsometers. A 

total of 15S trees, including 55 different tree species distributed in the four sites were 

sampled. Manyara (39). Tabora (40). Lindi (39) and Katavi (40). As part of the destructive 

sampling procedure, all sample trees were separated into merchantable stem (tree section 

suitable for timber) and branches including top (to minimum diameter of 2.5 cm).

The volume of each log was calculated by multiplying the cross sectional area at the 

midpoint of each log with its length. Volume of merchantable stem and branches for a tree 

was obtained by summing the volumes of the logs of the respective sections for that specific 

tree. Total tree volume was finally obtained through summation of merchantable stem and 

branches volumes.
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done by NAFORMA. The aim of the field work was to accurately record the positions of the 

field plots using high precision positioning equipment and to re-measure the NAFORMA 

field sample plots in order to have temporal consistence with the time of the Al.S data 

acquisition. Measurements on the plots followed the same protocol as used by NAFORMA in 

2011. Field measurements were collected for 65 NAFORMA clusters, each ha\ ing a total of 

ten sample plots per cluster (MNRT. 201 1). However, in this field work two sample plots for 

each cluster were omitted because they were outside the corridors (swaths) designated for the 

ALS data acquisition. Therefore eight plots per cluster were re-measured for the current 

analysis. On each plot, the (x. \) center coordinates were determined using differential post­

processing of dual-frequency Global Positioning System (GPS) and Global Navigation 

Satellite System (GLONASS) measurements. On each plot, tree species name and dbh were 

recorded following the concentric plot design for the 15 in radius plots described in MNRT 

(201 I). I leight measurements were acquired for even- fifth tree in the cluster.

AGB for each tree was estimated using allometric models developed by Mugasha el 

al. (2013). The AGB of the individual trees were then summed to obtain estimates for each 

plot, which were used in Paper II. The same dataset was used in paper IV to compute 

measures of tree species diversity, i.e. tree species richness and Shannon diversity index 

based on the information collected from the tree species names.

Field inventory dataset 2 was used in Paper HL A total of 30 circular field plots were 

established in ANR and distributed along elevation ranges from 200 to 1000 m above sea 

level. On each of the 30 plots, all trees with dbh > 5 cm were callipered and registered for 

botanic names, local names, and the horizontal distance to the plot center. The horiz.ontal 

distance was measured from plot center to the front of each tree using a Vertex hypsometer, 

and half of the tree diameter was added to get the total horizontal distance (i.e. radius). The 

distance measures were used to generate different plot sizes within the limit of the maximum 

radius. The maximum radius varied among the 30 plots due to the somewhat unequal 

performance of the Vertex hypsometer in the different plots (different tree densities etc); 31 

m (22 plots), 28 m (2 plots). 26 (1 plot), and 25 m (5 plots). For this study, a minimum radius 

of 7.98 m and a maximum of radius 30.90 m was used, which is equivalent to the plot sizes 

200 nr and 3000 nr. respectively. Three trees (largest, medium, and smallest) per plot were 

measured for height using a Vertex hypsometer. Precise field coordinate positions for each 

plot center were determined by means of the GPS+GLONASS receivers and procedures 

describe above. AGB was calculated for individual trees within each plot using an allometric



Table 1. Characteristic of the remotely sensed datasets.
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Remotely sensed dataset 
1

4.2.3. Remotely sensed data

Two remotely sensed datasets based on ALS were used in this thesis: Remotely sensed 

dataset 1 was used in Papers 11 and IV, while remotely sensed dataset 2 was used in Paper III. 

Acquisition of the ALS measurements for dataset 1 was done by using a strip sampling 

approach covering about 26% of the study area in Liwale district. For dataset 2. the ALS 

measurements were acquired over the entire study area of ANR (i.e. wall to wall). 

Characteristics of the two remotely sensed datasets are shown in Table I.

The initial processing of all the ALS data was accomplished by the contractor (TerraTec AS. 

Norway). Then several ALS metrics consisting of both height and canopy density variables 

were computed from the .ALS data following the procedures described by Naisset (2004) and 

Gobakken et al. (2012).

model developed from destructively sampled trees in ANR by Masota et al. (2015). The 

values were finally scaled to per ha basis for each of (he plot sizes.

10 February to 07 March 2012.
Cessna 404
Leaf-on conditions
1200 m
77.2 ms 1

Leica ALS70
339 kHz
58.6 Hz
10.6 points m

19 to 25 January and 2-18 February 2012
Cessna 404
Leaf-on conditions
<800 m
70 ms 1

Leica AI.S-70
193 kHz
36.5 Hz
1.8 points in'*

ALS data characteristics
Acquisition settings
Acquisition date
Platform
Canopy conditions
Flying altitude
Flying speed
Sensor settings
Sensor
Pulse repetition frequency
Scan frequency
Pulse density___________
.Acquisition settings
/Acquisition date
Platform
Canops conditions
Flying altitude
Flying speed
Sensor settings
Sensor
Pulse repetition frequency
Scan frequency
Pulse density
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4.3. Data analyses
Different statistical techniques and analyses were employed in order to address the objectives 

of the individual papers.

Paper Hl

Multiple linear regression analysis with OLS was used to develop the statistical models 

relating the field reference AGB and the predictor variables from the ALS data for each of the 

plot sizes, hi order to assess the performance of the models for each plot size. LOOCV was 

conducted. RMSE and MPE were used to assess the prediction accuracy across different plot 

sizes. In addition, the relative efficiency (RE) between ALS-assisted inventory and pure field­

based inventory' for different plot sizes was calculated as the ratio of the variance estimates of 

the field-based inventory relative to ALS-assisted inventory. Design-based and model-

Papers // anti II’

Parametric and non-parametric methods were used to develop statistical models for prediction 

of AGB and measures of tree diversity using ALS-derived metrics. Specifically LMMs and k- 

NN were used to account for the cluster structure. LOOCV was applied to compare the 

methods and asses accuracy of the predictions. LOOCV was performed at the cluster level to 

ensure that the hierarchical data structure was preserved during re-sampling (i.e. leave-one- 

cluster-out). Effects of post stratification were assessed by fitting separate models for 

different vegetation and land use types as defined in MNRT (2011).

Paper I

OLS and NLS regression techniques were used for fitting the tree volume models, four 

model forms were selected and tested based on previous studies and. tw o of the model forms 

included dbh only as independent variable while the other two included both dbh and hl. 

Leave-one-out cross -validation (LOOCV) was used to evaluate the performance of the 

models. For each model, relative root mean square error (RMSE) and mean prediction error 

(MPE) were calculated based on the values from the LOOCV. Additionally. pseudo-R: was 

computed as an indicator of model fit. Previously developed tree volume models, which lune 

been applied in Tanzania and in the neighboring countries, were also evaluated on our dataset 

and compared with the developed general model for total tree volume. Site-specific and tree 

sectional models (i.e. branch and merchantable stem) were also developed and evaluated 

using the same procedure as for the general model.
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assisted variance estimators were used. RE values were then used to assess the efficiency gain 
by using AES to assist in the estimation for different plot sizes.

5.0. Main findings and discussion

5.1. free volume models for miombo woodlands

In Paper 1. tree volume models with dhh as independent variable and those that incorporate 

both dhh and ht were developed. The pseudo-R2 of the general model with dhh only was 0.87 

while for the model with both dhh and ht it w'as 0.88. Results from the LOOCV indicated that

the RMSE value for the model with dhh and ht was lower as compared to the model with dhh 

only. Based on the results from the LOOCV, the model with both dhh and hl was considered 

as the best general tree volume model for miombo woodlands. The RMSE value of this model 

was 47.6% of the mean value and the MPE value was -0.6%. Both the pseudo-R2 and the 

RMSE values were in line with most previous studies in the miombo woodlands and related 

vegetation types in Tanzania and nearby countries (e.g. Abbot et al.. 1997: Chamshama et al.. 

2004; Malimbw'i et al.. 1994: Mwakalukw-a et al.. 2014). Site-specific models were also 

developed with pseudo-R2 ranging from 0.77 to 0.95. The MPE values for the site-specific 

models were relatively small as compared to the values obtained when the general model was 

applied for the individual sites. Since the site-specific models performed best for their 

respective sites, it would be more meaningful to apply the site-specific models for local 

inventories at the respective sites as recommended by Abbot et al. (1997) and Mugasha et al. 

(2013). Eor large-scale inventories, such as national forest inventories (e.g. NAFORMA). the 

general models should be considered. Assessment of the performance of the previously 

developed models on the current dataset used for modelling, showed that the model with dhh 

only as the independent variable developed by Malimbwi et al. (1994) significantly under- 

predicted volume by 8.5%. w'hile the models with dhh and ht as independent variables 

developed by Malimbw'i et al. (1994) and Chamshama et al. (2004) significantly under- 

predicted volume by 20.8% and 31.2%. respectively. The model developed by Abbot et al. 

(1997) significantly over-predicted the volume by 30.6%. The trends of over- and under­

prediction arc also seen in Figure 3. The observed trends of over- and under-prediction 

illustrate the importance of being cautious when applying the models beyond geographical 

and size ranges used to construct the model.
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Figure 3. Display of predicted total tree volume over dbh based on the general model with 

dbh and hi as independent variables developed in this study and based on the models 

developed by Abbot et al. (1997). Malimbwi et al. (1994), and Chamshama et al. (2004).
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5.2. Modelling AGB using ALS data

In Paper II. the use of ALS data for modelling and predicting AGB using parametric and non- 

parametric methods was demonstrated. The results showed that the LMM, with a variance 

function that accounts for the cluster effects, resulted in the best prediction model (R2 - 0.68. 

RMSE= 46.8%). 'lite A-NN imputation method was also tested with different k values. The 

imputation with a k value of 10 turned out to be the best with an RMSE value of 55.9%. Even 

though the results suggest that there were only small differences in prediction accuracy for 

the two methods, they can both be considered for AGB prediction and estimation using .ALS 

data in the miombo woodlands. The accuracy of the methods in terms of the reported R2 and 

RMSE from the LOOCV were in line with most of the previous studies reported from tropical 

forests (e.g. Asner and Mascaro. 2014; Asner et al.. 2012b; Hansen et al., 2015). Post-strata 

models fitted using LMMs performed well with relatively smaller RMSE values as compared 

to the RMSE values obtained when the non-post-stratified model was applied to different post 

strata. However, use of post-strata models for operational prediction purposes would require



thematic maps for the land use classes and vegetation types in order to know where to apply 

different stratum-specific models. Such maps were not available at the time when the 

analyses were conducted. Thus, since the difference between the non-post-strati lied model 

and the post-strata models were modest, the non-post-strati fled model (which disregards the 

land use and vegetation types) is considered to be more adequate for most applications that 

will involve large-scale AGB estimation supported by ALS data, at least until high-quality 

thematic maps arc made available. Despite the fact that both of the non -post-stratitied and 

post-stratified models resulted in reasonable prediction accuracies, there were some 

limitations that may have reduced the prediction accuracy of the models. The plot size used in 

this study was relatively small as compared to the most widely used field plot sizes in ALS- 

based studies from the tropical forests (e.g. Asner and Mascaro, 2014; Asner et al.. 2012b; 

Mascaro et al.. 2011). Smaller plots arc considered as a source of poor prediction accuracy 

because of the increase in the errors associated with the mismatch between the ground field 

measurements and ALS measurements (Frazer et al.. 2011; Zolkos et al.. 2013). The effects 

of plot size on ALS based inventories are further discussed in Paper III.

5.3. Effects of field plot size on prediction accuracy of AGB in ALS-assisted inventories 

In Paper 111. increasingly stronger relationships were found between field reference AGB and 

the ALS-dcrivcd metrics as the plot sizes increased from 200 nr to 3000 nr. The adjusted R2 

increased from 0.35 to 0.74. while the relative RMSE decreased from 63.6 to 29.2%. 

indicating that the prediction accuracy improved with increasing plot size (Figure 3). The 

quality of the model fit as indicated by adjusted R2 and RMSE (Figures 3 and 4) are in line 

with most of the previous studies reported from the tropical forests (e.g. Asner et al.. 2012b;

1 lansen et aL. 2015). although direct comparison should be done with caution due to the 

differences in factors such sample sizes, forest structure, and geographical range of the data 

used in the reporting. Results from the variance estimations further indicated that the relative 

efficiency of the ALS-assisted estimates was improved when the plot sizes increased 

compared to field based estimates. The relative efficiency values were all larger than one with 

a maximum value of 7.7 for a plot size of 3000 nr. indicating that /\LS-assisted estimates is 

about seven times more efficient than field-based estimates when using a plot size of 3000 nr 

in this forest type. Under simple random sampling a relative efficiency of, say. 7, translates to 

a need for seven times as many field plots for pure field-based estimation to provide the same 
precision of the AGB estimates as an ALS-assisted cstimation.^TJie^jlrvih'r.clative efficiency 

was more pronounced as plot size increased, suggesting tha^f^Sln a pure technically
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5.4. Modelling measures of tree species diversity using ALS data

In Paper IV. tree species richness and Shannon diversity index were modeled using ALS data. 

The explained variations (i.e. R2) of LMM for tree species richness were relatively high as 

compared to Shannon diversity index. This indicates that the ALS metrics explain more of the 

variation in tree species richness as compared to Shannon diversity index. Results from the 

LOOCV showed that the RMSE values for both tree species richness and Shannon diversity 

index were slightly higher when using A-NN as compared LMMs (Table 2). However, both 

methods could be considered for prediction and estimation of measures of tree species 

diversity using ALS data. Prediction accuracy of both methods varied across different 

vegetation types.
The major findings in terms of model quality criteria, such as R2 and RMSE%. arc in 

accordance with previously published studies (e.g. Frickcr et al.. 2015; Wolf ct al., 2012) that
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perspective larger plots are more favorable when ALS-data are used to assist in the 

estimation, h should be noted though that differences in costs associated with different plot 

sizes - and thus cost effectivity - were not considered in this study. Numerous causes for the 

seemingly higher relative efficiency of ALS-assisted estimates w ith larger plots can be given: 

reduced circumference to area ratio, spatial averaging, and smaller effects of positioning 

errors are among the possible causes (e.g. Frazer et al.. 2011: Nivsset et al.. 2015; Zolkos el 

al.. 2013).
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Figure 5. Relative mean prediction error 
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g
S

J



A-NNLMMs

R; rmsi-: RM Sl­

ime species richness

39.1 0.46 40.0

23

have attempted to use ALS data for predicting measures of tree species diversity in tropical 

forests, For example. Wolf et al. (2012) reported an R2 of 0.48 when predicting tree species 

richness in the Neotropical forests of Panama. There are also deviations from other studies 

that have reported relatively better prediction accuracy in terms R2 and RMSIS (Uernandez- 

Stefanoni et al.. 2014; Laurin et al.. 2014). Such deviations are not surprising, however, since 

in most cases the predictive ability of the remotely sensed data varies with the ecosystem and 

biogeographical context (Camathias et al.. 2013). Furthermore, the differences in factors such 

as number of species, field design, data characteristics, and topography may influence the 

prediction accuracy. Generally, Paper IV provided an insight into how measures of tree 

species diversity potentially can be predicted by using ALS data in the miombo woodlands.

Measures of tree 
species diversity

Shannon diversity 
index

Woodlands
Forest
Other cover l> pes

Table 2. Pseudo-R2. absolute root mean square error (RMSE), and relative root mean square 

error (RMSE%) for predicted tree species richness and Shannon diversity index

0.41
0.34
0.36

2.84
2.99
2.93

387
40
57

2.08
2.79
1.84

41,2
49.2
39.0
99.0

All____________
Woodlands
Forest
Other cover types

0.46
0.32
0.47
0.39

2 12 
0.42 
0.35 
0.53

40,7
35.0
27.0
73.0

2.15
0.59
0.50
0.72

484
387

40
57

RMSI- 
(%) 
38.9 
41.8 
57.0

RMSE 
(%) 
53.0 
44.8 
90.7

______________________All______________ 484 
a Vegetation types according to MNR1 (2011).
11 Number of field plots.

Vegetation type 3 nb

0.39 0.45
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6.0. Conclusions and future studies

The studies conducted within this thesis have provided information which may be useful for 

improving the current methods for assessment and quantification of forest resources in 

Tanzania. This is needed for forest management decision-making and for development of a 

REDD-r MRV system (Figure 2). More specifically, in Paper 1 models for estimating volume 

of miombo woodland trees, including total, merchantable stem, and branches volumes were 

developed. For each of these categories general and site-specific models were also 

constructed. The models are considered to be valuable for deriving information that can 

support management and utilization of miombo woodland resources by providing more 

accurate estimates of forest resources in terms of growing stock volumes. Volume models 

may also be used as an input in developing simulation tools that can be used to predict future 

conditions of forests under different management scenarios. Such a tool has recently been 

developed by Mugasha (2014) and the tree volume model with dbh and hl developed in Paper 

1 has successfully been used to generate reliable information on volume stock.

Additionally, the volume models, when combined with expansion factors, may also be 

used in conjunction with NAFORMA data for estimation of forest AGB and national 

greenhouse gas emissions. Thus, at least two viable approaches for estimation of carbon 

stocks exist currently for the miombo woodlands of Tanzania, since there is already a more 

direct approach of using allometric AGB models developed by Mugasha et al. (2013). 

Although the models have been developed for miombo woodlands of Tanzania, they may 

potentially be used in the miombo woodlands of nearby countries, such as Malawi and 

Mozambique in the same context as described above. However, it is important to validate the 

models before use. and caution should be exercised when applying the models beyond the 

ranges of the data used for model development.

Papers 11 and 111 of the thesis have provided empirical evidence that ALS can 

potentially be used for prediction and estimation of AGB in the tropical forests and 

woodlands of Tanzania, despite a wide range of variation in forest structure and composition. 

Moreover, the findings have shown that selection of statistical modeling methods in Al.S- 

based studies should be guided by the design used to determine the sample locations (e.g. 

nested/clustered designs) of the field inventory. In other words, the design of the field 

inventory should not be ignored when selecting the statistical method as this may have 

consequences for the accuracy of the models and finally for the precision of the estimates. 

NAFORMA data will in the future possibly be used in combination with various types of 

auxiliary' data from remote sensing for monitoring of forest carbon. The statistical procedures



25

described in Paper 11 may offer baseline information for such studies. Likewise, the 

experiences gained from the methodological part of this thesis may inform future decisions on 

the design of a REDD* MRV system, including the modeling part of relationships between 

carbon stocks and auxiliary data. Furthermore, the findings in Paper III have shown that field 

plot size is an important survey parameter that must be considered when designing a field 

inventory to be used for estimation purposes in combination with auxiliary data from remote 

sensing. The analyses of the effects of plot size on ALS-assisted AGB estimates have clearly 

shown that both the model fit and the precision of the ALS-assisted AGB estimates increased 

with plot size. A firm and well justified recommendation for plot size in future surveys can 

hardly be given on the basis of this very limited study limited in sample size (30 plots) and 

geographical extent (one study site), hut the results do show a declining utility of increasing 

plot size beyond around 1200 nr in rainforest. This finding is nevertheless fairly well in line 

with findings from similar forests on other continents.

Lastly, the findings in Paper IV demonstrated that irrespective of the large number of 

tree species in the miombo woodlands of Tanzania. ALS holds potential for assessment of 

measures of tree species diversity. This paper was the first attempt to use remotely sensed 

data for predicting measures of tree species diversity in Tanzania, thus the results open an 

avenue for using ALS data when monitoring forest biodiversity, in particular tree species 

diversity.

Even though the four studies presented in this thesis have provided information that 

may be useful for improving the current methods for assessment and quantification of forest 

resources in Tanzania, there arc still many research gaps that should be further addressed.

In Paper I. NLS was used for development of volume models. Compared to the 

commonly used OLS with log transformation this approach is considered to be more robust 

for development of tree allometric models (Sileshi. 2014). However, recently hierarchal 

Bayesian framework and mixed effects models have been preferred for development of tree 

allometric models (e.g. Cohen et al.. 2013: Xiao et al.. 2011). Future studies should therefore 

compare these approaches to OLS and NLS.

In Paper II, the A-NN was used as a non-parametric method for prediction of AGB 

using ALS data. Other non-parametric methods such as random forest have shown promising 

results in many of the previously studies (e.g. Hudak et al.. 2008; Li et aL. 2013: Mascaro et 

al.. 2014). However, in this study random forest was not applied because the impact of 

dealing with clustered data in random forest is not well understood. With the recent 

development of a mixed effects approach for random forest by Hajjem et al. (2014). future
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In Paper IV. an indirect modelling approach was used when developing predictive 

models for measures of tree species diversity. For future studies, use of more integrated 

statistical analyses, which directly relate tree species community information to ALS metrics 

without use of the estimators of tree species diversity, should be considered. Moreover, 

instead of focusing on the use of ALS alone, future studies could attempt to combine ALS 

with other remotely sensed data, such as hyperspectral images mentioned above. This will 

likely improve the prediction accuracy of the models, since the two types of sensor data will 

complement each other, especially when modelling multi-layered forests (e.g. Dalpontc et al.. 

2008: Laurin et al.. 2014).

Finally, we want to point out that this thesis had a purely technical approach, with the 

aim of providing empirical evidence of performance of ALS used for assisting in prediction

studies may consider this as an alternative to improve the prediction accuracy. Furthermore, 

in this thesis ALS was the only source of auxiliary data from remote sensing. Fusing ALS 

data with other remotely sensed information, for example complementary data types such as 

optical and even hyperspectral (e.g. Dalponte et al.. 2014) that may capture other properties 

of the trees and tree canopies than just 3D information, may improve estimates and could be 

considered in future studies. This may also help improving the quality in construction of 

continuous AGB maps and local sinall-area estimates of AGB. which may be useful for forest 

management planning at local scales (i.e. district to village level) and also for local REDD+ 

projects. This would be equivalent to products that are produced routinely with great success 

by ALS for forest management purposes in boreal forests (e.g. Naisset. 2014).

In Paper Ill. the maximum plot size of 3000 nr used to evaluate effects of plot size on 

the prediction accuracy and estimated precision of ALS-assisted AGB estimates leaves an 

open question as to whether there are any additional gains in precision beyond this size. 

Although, as slated above, there seems to be a declining utility of increasing plot size beyond 

a size of around 1200 nr. future studies to confirm this finding should include plot sizes 

above 3000 nr to increase confidence in the results. Further studies of this important design 

property are clearly required also in other forest types than the rainforest. An obvious forest 

type to be considered in a Tanzanian context is the miombo woodlands. Likewise, other 

factors that may aid choice of an "optimal" plot size such as sample sizes, on-plot costs, 

traveling costs, and overall field inventory design should be considered. Furthermore, future 

studies should take terrain and topographical variables into account since for example 

traveling costs and on-plot costs as well as plot position accuracy may be influenced by these 
factors.
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of essential properties for management and carbon reporting in a broad sense. As a 

technology evolves from being a source of data for research purposes to a tool for operational 

data collection, economical aspects become essential, which also include choices between 

alternatives. ALS has become a great success for operational purposes in boreal forest 

inventory due to low acquisition costs relative to c.g. labor costs (Niussct. 2014). Higher 

accuracy of the produced information compared to alternative methodologies is also an 

important aspect. Thus, in the boreal context ALS-assislcd methods have simply turned out to 

be more cost-effective compared to other methods (Bcrgseng el al.. 2015; Eid et al.. 2004). In 

developing countries in general and in Tanzania in particular, labor costs are lower and ALS 

acquisition costs arc higher - even in absolute terms, than in many developed countries. 

Therefore, the economical aspects of the ALS-based applications compared to alternatives 

involving for example more extensive use of field campaigns, must accompany further 

research aiming at confirming and expanding the technical knowledge gained by this thesis- 

the first comprehensive study on use of ALS in forests in Tanzania.
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Volume of trees is an important parameter in forest management, but only volume models with limited geograph­
ical and tree size coverage have previously been developed for Tanzanian miombo woodlands. This study 
developed models for estimating total, merchantable stem and branches volume applicable for the entire miombo 
woodlands of Tanzania. We used data from 158 destructively sampled trees, Including 55 tree species collected 
from wide geographical and biophysical ranges. We developed general and site-specific models with diameter at 
breast height only as the independent variable, together with models with both diameter at breast height and tree 
height. Lcavc-one-out cross-validation was used to evaluate the models. The total tree volume models that Included 
diameter at breast height and tree height had appropriate predictive capabilities with relative root mean square 
errors (RMSE,) ranging from 30 5% to 47.6%. The RMSE, for total tree volume models with diameter at breast height 
only ranged from 39.9% to 48 0%. The site-specific models had slightly lower RMSE, values relative to the general 
models The relative mean prediction error of the general total tree volume model with diameter at breast height and 
tree height was lower (0.6%) than those of the previously developed models (-30.7% to 31.2%). Based on the evalua­
tions. we recommend the general total tree models to be applied over a wide range of geographical and biophysical 
conditions in Tanzania

conditions, tree species or environmental covariates 
(Vieilledent et al 2012) or to include the different sources 
of variation as independent variables in the model 
However, due to the large variability in conditions and 
the large number of species in tropical forests, it would 
be near impossible to collect a data set that covers a 
sufficient number of combinations of conditions and 
species to make one ‘universal model' or many condition- 
and species-specific models. Furthermore, a ‘universal' 
model that needs a range of input variables would be very 
impractical to use due to the resources needed to collect 
necessary data Thus, there is always a trade-off between 
developing relatively precise models with a narrow range 
of application (or models that need a lot of data input), and 
less precise general models applicable for wider ranges 
of tree species and geographical coverage However, if 
possible, good and expedient grouping that reduces the 
within-group allometnc variation is always useful in order 
to develop more accurate models The grouping could, for 
example, be performed directly based on allometry using 
statistical techniques such as cluster analyses and discri­
minant analyses (e g Vanclay 1994; Akmdele and LeMay 
2006; Mugasha et al. 2013a) Another solution could be to 
develop models for broad forest types such as tropical dry 
forest, tropical rainforest, tropical moist forest and tropical 
mountain forests (e.g Brown 2002)

Miombo woodland is part of the dry tropical forests that 
is characterised by the dominance of trees in the genera

Estimating tree volume is important for forest management 
purposes such as assessment of growing stock, timber 
valuation, selection of forest areas for harvests and for 
growth and yield studies Volume estimation is commonly 
carried out using allometnc models based on diameter at 
breast height and total tree height, and occasionally also 
some measures of tree form (eg Clutter et al 1983) 
Numerous allometnc tree volume models have been 
developed for different tree species and forest types in 
Europe (Zianis et al 2005), North America (Ter-Mikaelian 
ano Korzukhin 1997, Jenkins et al 2004, Zhou and 
Hemstrom 2010) and Australia (Grierson et al 2000; 
Keith et al 2000), but relatively few models have been 
developed for tropical forests types in sub-Saharan Africa, 
as indicated in the review by Henry et al (2011) Moreover, 
the reliability of forest volume estimates using the volume 
models that do exist for tropical forests is question­
able because there are many species, tree sizes and 
geographic areas that are not covered by these models 
(Hofstad 2005, Henry et al 2011)

The allometry of trees vanes with many factors. The 
relationship between diameter at breast height and total 
tree height is closely related to environmental factors such 
as soil nutrients, climate, disturbance regime, succes- 
sional status and topographic position, but also to tree 
species and several genetic factors (Feldpausch et al. 
2011). Such variation is a challenge when estimating 
volume and calls for models calibrated for specific
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Materials and methods

Data collection
Destructive sampling is resource demanding, and in order 
to cope with financial limitations we had to limit data collec­
tion to some extent and implement a conscious sampling 
procedure To obtain an estimate of the actual species- and 
size distribution to guide the selection of sample trees, we 
took advantage of information from systematic sample plot 
inventories (40 plots with radii of 15 m for each site) carried 
out in the same sites, but for a different purpose. Also in

Brachystegia and Julbernaha This woodland type covers 
approximately 2 7 million km: in Tanzania. Congo. Angola. 
Zimbabwe. Zambia. Malawi and Mozambique (eg Frost 
1996. Tnomas and Packham 2007). which corresponds 
to about 9% of the African land area Although there is 
uncertainty related to exact numbers, it is anticipated that 
more than 90% of the total forest and woodland in Tanzania 
(340 000 km:) could be defined as miombo woodland (URT 
1995, Abdallah and Monela 2007) Tne miombo woodland 
provides a wide range of biophysical goods and services 
ranging from the provision of food, fuel wood, medicine, 
construction materials and some ecosystem services such 
as carbon and water management services (e g Dewees 
et al 2010) In order to ensure sustainable utilisation of 
the forest resources in the miombo woodlands, reliable 
volume estimation models need to be developed to aid 
monitoring of the growing stock and enhance sustainable 
forest management

The review by Henry et al (2011) showed that a total 
of 34 general (covering several tree species and or/sites) 
volume models for tropical dry forests and tropical moist 
deciduous forests have been developed for sub-Saharan 
Africa For miombo woodlands, both species-specific 
and general models previously have been developed in 
Zimbabwe and Malawi by Banks and Burrows (1966) and 
Abbot et al (1997), respectively In Tanzania. Malimbwi 
and Temu (1984) developed species-specific models, 
while Malimbwi et al (1994) and Chamshama et al (2004) 
developed general models The applicability of the existing 
models in Tanzania is. however, limited by the sample 
size and tree size ranges of the data used for modelling 
Furthermore, the models cover only Lmited geographical 
ranges of miombo woodland within the country and thus 
none of them can be regarded as general models covering 
the whole country. For example, the most commonly used 
models estimating total tree volume in Tanzania (Malimbwi 
et al 1994. Chamshama et al 2004) were developed 
using sample trees from only one site in the eastern 
part of the country This is obviously a challenge for the 
recently established national forest inventory in Tanzania 
(National Forest Resources Monitoring and Assessment 
(NAFORMA), eg URT 2010). now monitoring the forests 
of the entire country through a systematic permanent 
sample plot design

The majority of the volume models developed for 
sub-Saharan Africa are total tree volume models but also 
some tree-sectional volumes also exist (Henry et al 2011). 
Although models for total tree volume are regarded as the 
most important and most frequently used (Zahabu 2008). 
the timber licensing and pacing system in Tanzania based 
on volume estimation (eg URT 2002, Milledge and Kaale 
2003). requires also that tree-sectional volume models 
are developed Such models will aid in obtaining accurate 
quantitative information on the amount of wood for specific 
uses, i.e saw timber and branch fuel wood Malimbwi et 
al (1994) and Chamshama et al. (2004) developed such 
models for merchantable stem and branch volumes These 
models, however, have the same limitations as the total tree 
volume models described above

The objective of this study was to develop models for total 
volume, merchantable stem volume and branch volume

Site description
The study sites were spatially distributed in the Manyara. 
Tabora, Katavi and Lindi regions in order to cover a wide 
range of forest conditions within the miombo woodlands of 
Tanzania (Figure 1). The sites are characterised by botn 
tropical and subtropical climates with high between-site and 
temporal within-site variability in temperature and rainfall 
Details on locations and conditions regarding the sites 
(hereafter labeled according to the region where they are 
located) are described in Table 1 The weather conditions 
for all sites may be divided into three distinct seasons a 
hot dry season from mid-August to the end of October, a 
hot wet season from November to the beginning of April 
and a relatively cool dry season from April to mid-August 
Furthermore, two rainfall regimes exist In the southern, 
south-western, central and western parts of the country, 
including Lindi. Katavi and Tabora. the rainy season starts 
m mid-November and ends in mid-May In the north and in 
the northern coastal zone, including Manyara. the ram is 
distributed over two shorter periods (October-December 
and March-May)

In Manyara the dominant miombo tree species include 
Brachystegia mtcrophylla, Brachystegia spiciformis. 
Julbemardia globiflora, Albizia versicolor. Brachystegia 
boehmn, Combretum colhnum, Pannan curatelhfoha. 
Markhamia obtusifoha, Senegaha nigrescens (Acacia 
nigrescens) and Tamarindus indica In Tabora the miombo 
woodlands contain the majority of the commercially exploit­
able tree species, including Pterocarpus angolensis. Afzeha 
quanzensis. Dalbergia melanoxylon. Burkea africana. 
Pterocarpus tinctonus and Swartzia madagascanensis in 
Katavi the forests consists largely of wet miombo woodland 
and dry deciduous forest characterised by Senegaha 
(Acacia) spp . Brachystegia spiciformis. Combretum spp . 
Commifora spp . Grewia spp . Kigelia afncana. Pterocarpus 
angolensis. Stercuha quinqueloba and Terminaha spp 
(Mumshi et al 2011) In Lindi, the forests are character­
ised by dry miombo, closed dense forest and riverine 
miombo dominated by highly valuable timber species such 
as Brachystegia and Julbernadia spp and Pterocarpus 
angolensis (Malimbwi et al 2005).

of trees in miombo woodlands Our data set covered 
wide geographical and biophysical ranges Both genera 
models and site-specific models were developed, both witr 
diameter at breast height as the sole independent vanab'e 
and models also including height We also compared the 
performance of our general model with those of existing 
models by applying them on our model development data
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Figure 1: Study site locations and distribution of miombo woodlands in Tanzania (modified from FBD 1981)

Table 1: Study site description (source of temperature and rainfall data. Tanzania Meteorological Agency, data 1982-2012)

Region Dominant soil type Altitude (m)Forest Location

1 300-1 800Manyara 4’20'S 35’47'E Clay alluvial soils

Lindt 
Katavi 
Tabora

Ayasanda and Duru Haitemba
Villages Forest Reserves 

Angai Villages Forest Reserve 
Mpanda Ndogo general land 
Nyahua Forest Reserve

9’47' S. 37’55' E
6’21'S. 30’57'E
5’18' S. 32’58'E

Sandy loam soils
Sandy clay soils
Sandy clay loam soils

those used by Mugasha et al (2013b) for development of 
biomass models (167 sample trees) The exceptions were 
eight trees in Lmdi, for which we had no data because the 
procedures of data collection for volume determination were 
decided after starting the biomass sampling, and one tree in 
Manyara with inappropriate volume data

After felling, all sample trees were cross cut into 
logs ranging from 1 to 2.5 m in length, measured for 
mid-diameter and length, and separated into merchant­
able stem and branches including tops Only trees with 
dbh 15 cm were considered to have both merchantable 
stem and branches volume as defined in previous studies 
(eg Malimbwi and Temu 1984, Malimbwi et al. 1994) but 
also based on timber harvesting regulations of Tanzania 
(URT 2002). Demarcation of the merchantable stem part 
(suitable for limber) was done subjectively based on the 
length and branching patterns of the stem The remaining

330-600
755-766

1 096-1 103

20
17
17

31
31
30

1 915
881
771

Mean annual 
rainfall (mm)

854
Max, 

26

the present study, we systematically distributed 15-metre- 
radius sample plots within each site, and from these plots 
we selected one or two trees purposely for destructive 
sampling As sampling proceeded we evaluated the distri­
bution of our sample trees against the target distribu­
tion from the previous inventories in order to end up with 
approximately ttie same distributions with respect to the 
most frequent species and tree sizes

A total of 158 trees including 55 different tree species 
were sampled Each sample tree was recorded for diameter 
at breast height (dbh) and height (h) before felling and. 
in addition, the species was determined A calliper or 
a diameter tape (for larger trees) was used to measure 
dbh. whereas h was measured using Suunto and Vertex 
hypsometers Number of sample trees (n) and their 
ranges of dbh and h for each site are shown in Table 2 
With a few exceptions, the sample trees were the same as

Mean annual 
temperature (’C) 

Min.
15



Majya Mugashn. Zahabu Bol’anasAs □-•'d E.54

Model 1. V,r. a-i t’(dbh)- (1)

(2)

Model 3 V, a*(dbh)r-(h)-- (3)

Table 2: Dentrometncal parameters of trees used to develop models

Site n
(5)

(6)RMSE, 100

Table 3: Mean, minimum (Mm ) and maximum (Max ) volume (m3) for merchantable stem (Vu,„). branches (V„a^.J and total (Vloul) over sites

Site

39
40
40
39

158

Manyara 
Tabora 
Katavi 
Lindi 
All

Manyara 
Tabora
Katavi 
Lindi 
All

n
33
31
34
32

130

Mean 
36 3 
32.1 
36 1 
30 6 
33 8

Min. 
0.049 
0 281 
0 035 
0040 
0 028

Mean
11 5
12 7 
129 
13.0 
125

Max, 
1.577
2 687
3 080 
1.849 
3 080

n
39
40
40
39

158

Max 
19 5 
26 0 
26.0 
24 0 
260

Mm 
0.002 
0.000 
0 002 
0002 
0.000

Max. 
7.038 
5 189 
7 517 
5.794 
7 517

Min 
0.002 
0 000 
0 002 
0.002 
0 000

Max
7 872
7 531

10 597
7.594

10.597

h(m) 
Min 
27 
1 9 
3.3 
3.3 
1.9

n 
“39

40
40
39

158

RMSE 
v.

Mm 
T3 

1 2 
35 
35 
1 2

Model 4. V, = a'fdbh-h)1’

Model 2 V, --a'(dbh)-'

RMSE = Jy"

Before fitting the models, the basic relationship was 
assessed by means of graphical plots The graphs indicated 
non-linear patterns of the relationship between V1M1. and dbh 
(Figure 2) Ordinary least square methods were applied to 
Model 1 whereas non-linear least square methods using 
the nlstools package (Baty and Delignette-Muller 2011) in 
R software (R Development Core Team 2013) were applied 
for fitting Models 2-4

An important assumption in regression analysis is that 
the residual variance should be homoscedastic, or constant 
with increasing values of the response This assumption is 
often violated in biological studies that deal with modelling 
of size (e g Parresol 1993, Ozgelik et al 2010) Thus, m the 
current study, to compensate for the unequal variance of the 
residual error when fitting the models, weighted polynomial 
and non-lmear regression procedures using the reciprocal of 
dbtv as a weighting factor were applied, where represents 
the value of the weighting factor The final value of t,« was 
obtained by iteration, minimising the relative mean predic­
tion error (MPE.). The iteration started with an initial value 
of u that was obtained using the method described by 
Picard et al (2012) Let v be 2z. where z is the slope of the 
regression line The value of z, and hence the initial value 
of ip, was obtained by first dividing the independent variable 
(dbh) into k (k - 5) classes and then the variance (o;) of 
the dependent variable V, of each class was obtained Then 
ln(a;) was regressed against the natural logarithm of the 
mean dbh of each class, and then z was obtained as the 
slope of the regression line as defined above

To select the best models for V, we used leave-one-out 
cross-validation (e.g James et al 2013) In this procedure 
one tree at a time was excluded from the data set, while 
lhe rest of the data set (i.e n - 1) was used to calibrate 
a volume model by which the volume of the excluded tree 
was predicted The values of n for the general, site-specific, 
branch and merchantable data sets are presented in 
Table 3 From the cross-validation we calculated the root 
mean square error (RMSE) and the mean prediction error 
(MPE). Then we calculated the value of RMSE and MPE 
relative to the mean observed V, (RMSE, and MPE,) and 
used those as model selection criteria Details of their 
computations are.

where V, is volume (m3) (x - total, stem, or branch) and a. b 
and c are parameters to be estimated

Model development and evaluation
Based on reviews of past studies on tree volume models in 
miombo woodlands (Hofstad 2005, Henry et al 2011). on 
the general mensuration literature (e g Philip 1983) and on 
extensive initial testing, four model forms were selected and 
tested further Two of the models include dbh only as the 
independent variable, whereas the other two include both 
dbh and h

____ Ji.
Mean 
0 378 
0571 
0 670 
0 384 
0 501

dbh (cm) 
Max
78 0 
95 0
79 0 
76 2 
95 0

____ JC 
Mean 
1 580 
1 445 
1 802 
1 208 
1.511

____ Ji 
Mean 
1.261 
1.003 
1 233 
0 893 
1.097

tree section was considered to be branches up to a 
minimum diameter of 2 5 cm Small trees with dbh < 15 cm 
(in total 18 trees) not suitable for timber production were not 
considered to have merchantable stem volume Instead all 
volume was allocated to branches

Volume of each log was calculated by multiplying the 
cross-sectional area at the midpoint of each log with its 
length Volume of merchantable stem (V,.,_) and brancnes 
(V^.j.) for a tree was obtained by summing the volumes 
of the logs of lhe respective sections for that specific 
tree Total tree volume (Vlew) was finally obtained through 
summation of V,.,_ and Vc,„h The form factors, computed 
as the ratio between the measured Vu,a and the volume of 
a cylinder having the diameter and height of the respec­
tive trees, were in average 0.76, 0 68. 0 79 and 0 76 for 
Manyara. Tabora, Katavi and Lindi, respectively Table 3 
shows summary statistics for merchantable stem, branches 
and total volume over sites and Figure 2 displays VWi over 
dbn for each site

(v, - v, )2 
n
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Figure 2: Total tree volume (Vrls,al, m?) distribution over diameter at breast height (dbh; cm) for the four study sites
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Some previously developed models were also tested on 
our data. Malimbwi et al. (1994) developed Vlala, models 
based on 17 sample trees from miombo woodland in the 
Morogoro region, eastern Tanzania The dbh for the sample 
trees ranged from 4 to 43 cm, whereas the h ranged from 
4 to 22 m Two models were recommended, one with dbh 
only as the independent variable and the other model with 
both dbh and h as independent variables. Chamshama 
et al (2004) developed models for V.01J, with both dbh 
and h as independent variables based on data from the 
same site as Maltmbwi et al. (1994). The models were 
developed from 30 sample trees with dbh ranging from 
1 to 50 cm and heights ranging from 2 to 18 m Abbot et 
al (1997) developed a model for V,CIJ| with dbh as the only 
independent variable based on data from four different sites 
of Julbemardia-Brachystegia woodlands in Malawi. Their 
cross-site model for total volume was developed from 88 
sample trees with a dbh range of 5 to 35 cm.

The general models and the previously developed models 
were also examined by graphical plots that displayed the 
behaviour of each model over a wide range of diameters 
(also outside their respective model data ranges). Among 
these models, those developed by Malimbwi et al (1994) 
and Chamshama et al. (2004) included h as one of the 
independent vanables. Thus, in order to account for the 
variation of height with diameter, we first applied a diameter­
height model developed by Mugasha et al. (2013a) in order 
to obtain values for h.

The values were then used in the respective models for 
displaying VloU.

OCCD <5> 02

20

STD = JY"

°o

-0-003

In order to reflect stability of the selected general Vloa, 
models applied under different conditions, we partitioned 
the prediction values obtained from the leave-one- 
out cross-validation into different tree sizes (i.e. dbh 
and h classes) and sites, and assessed the pattern 
and magnitude of MPE, In addition, we also computed 
the standard deviations of residuals (STD) and relative 
standard deviations (STD,) to examine the uncertainty of the 
models when applied over different tree sizes and sites:

8b
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where n is the number of sample trees. V, is the observed 
volume of tree /. V, is the predicted volume of tree i. and vx 
is the mean observed volume of the response in question 
(*' - total, stem or branch).

Paired /-tests between the observed and predicted 
volume were employed for testing the statistical signifi­
cance of the MPE (bias) We also computed pseudo-R2 
values based on sum of squared residuals (SSR) and the 
corrected total sum of squares (CSST)
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20
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Results

model

Model category Model pseudo-/?-1bn a

General 158

Manyara 39 1 580

Taoora 40 1 445

Katavi 40 1 802

Lmdi 39 1 203

ModelMode! category b pseudo-Rrn a c
General 158 0.57580

Manyara 39 1 580 0 66230

Tabora 40 0 51207

Katavi 40 1 802 0 86550

Lmdi 39 1 208 0.49800

Table 6: Fit statistics and performance criteria for merchantable stem (Vu,_) and branch (Vtw„) volume models

Model b pseudo-R?n a

Manyara

Tabora

Katavi

Lindi

1
2_
1
2
1
2
1
2

1
2

Table 5: Fit statistics and performance criteria for total tree volume (V,„) models with dbh and h as independent variables The selected 
model is highlighted in bold

Table 4: Fit statistics and performance criteria for total tree volume (Vw,) models with dbh as the independent variable The selected model 
is highlighted m bold

124

107

RMSE, 
_(%)_ 

49 6 
_48 0 

55 3 
_32.7 

48 9 ‘ 
_48P _ 

58 8 
47,5 
41 1 
39.9

Model 
category 
General

0.00011 
o.oooio 
0 00006' 
0.00005 
000023 
0.00032 
0 00006 
0.00006 
000013 
0.00010

2
2
2
2
2
2
2
2
2
2

-0 00494 
0.00016 

-0 01296 
0 00001 

'-0 00155 
0.00042 
-0 01851 
0.00009 

-0 01261 
0 00016

2.13300 
0 95530 
2 23800 
1.01300 
1 95535 
0.82890 
Tl24‘00 
1.01200 
2.19000 
0 94160

0 00011 
0.00012 
0.00005 
0 00005 
0.00033 
0 00001 
0.00005
0.00005 
0.00015 
0 00020

0 00090 
2.46300 
0. 00079 
2.62300 
0 00030 
219786 
0 00096 
2.64200 
0 00086 
2.47200

2 20500 
2.44400 
2.35300 
2 66700 
1 96585 
2.45800 
2.47800 
2.64200 
2.13600 
235300

0 86 
0.87 
0 83 
095 
089 
0.92 
0 77 
0.86 
090 
0.91

0.88 
0 88 
0 96 
0.96 
092 
0 93 
0 93 
0.93 
0.93 
0.92

0 76 
0.85 
0 88 
0 90 
0 87 
0. 86 
0.76 
083 
0 84 
0.90

RMSE, 
(%) 
47.6 
48 3 
31.1 
30^5 

'499 
46.8 

' 34.1 
33.3 
39.1 
38 7

3 
4
3

1 445 3
4
3
4
3
4

Observed 
volume (mv) 

1 511

Observed 
volume (m-> 

1.511

130
158
33
39
31
40
34
40
32
39

Observed 
volume (m’) 

0 501 
1 097 
0 378 
1.261 
0571 
1 003 
0 670 
1.233 
0.384 
0 893

RMSE, 
(%) 
56 1 
565 
41 9 
47.6 
44 0 
56 2 
51.5 
55.5

’ 45.4 
46.3

MPE. 
(%) 
8 1 

-ID 1 
14 4 
0.6 

16 6

MPE, 
(%) 
-0 2 
-0.4

1 6 
_0 1_
-2 0

2 2 
0.0 
05 
1.2

MPE, 
(%) 
-0.6 

0 7 
' 01 

1.1 
-19 
-2.0 
-1 1 
-0.2 
-1 2 

0.2

Tree 
section

Vr„-

judged by RMSE, and MPE, values Based on the same 
criteria. Model 3 was judged as the best general model in 
the category of models with both dbh and h as independent 
variables (Table 5) Among the site-specific models, there 
were only small differences in the performance between 
Model 3 and Model 4. but Model 4 performed slightly better 
in terms of RMSE, None of the selected models (Tables 4 
and 5) had MPE, values statistically significant different from 
zero (p > 0 05)

Table 6 presents model parameters and fit statistics for 
the selected tree section and V'l.„c„ models For the 
general models, the results indicated that the V,., 
performed slightly better than the I/,.model (RMSE, 
56 1% and 56 5%. respectively) The development of

The parameter estimates. pseudo-/?1 values, observed 
mean volumes RMSE,. and MPE, are presented in Table 4 
for the I/...,, models with dbh only as the independent 
variable and in Table 5 for the V,..„. models that include both 
dbh and h Both model types accounted for a high propor­
tion of the vanability in the observed V..., (high pseudo-/?-) 
For all models, the differences in pseudo-/?- between 
dbh only, and dbh and h models, were moderate For all 
models, parameter estimates were significantly different 
from zero (p < 0 05)

Among the models with dbh as the only independent 
variable (Table 4). Model 2 was consistently the best.
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Model category Size class n

-11 3
General with 

dbh only

Observed 
volume (m1)

of diameter-height ratio (dbh/h) also showed that the model 
with dbh and h performed slightly better than the model that 
depends on dbh only as judged by the significance of the 
MPE values None of the models seemed to produce any 
particular pattern of the prediction errors across the dbh 
and h classes

Evaluation of the prediction error of the general model 
with dbh only over sites showed only non-significant MPE 
values However, the model with both dbh and h produced 
a slightly significant MPE value in Katavi These patterns 
can also be seen in Figure 3 where the general model with 
dbh and h and site-specific models with dbh and h are 
displayed for each site The STD, values for both general 
models were slightly less than 50% when considering all 
observations (Table 7)

p-value 
for MPE

39
40
40
39
158

39
40
40
39
158

40
40
39
39

40
40
39
39

40
40
39
39

40
40
39
39

40
40
39
39

40
40
39
39

0.162 
0 738 
2 041 
3.155

0.108 
0.596 
1.455
3 941

1 580 
1.445 
1.802
1 208 
1.511

0 062
0 414 
1.386
4 246

0.162 
0 738
2 041
3 155

0 108 
0 596 
1.455
3 941

0 062
0 414
1 386
4 246

-0.024
-0.254
0.236
0.005

-0.009

-0.012
-0.044
0 036

-0.016

-0 008 
-0.035 
0.079

-0 073

0 006 
0 059 
0 276 

-0.372

-0 040
-0 126
-0037
0 146

-0 007
-0 031
0 086 
-0075

MPE
(m3)

MPE, 
(% 1

0 84720
012500
0 04684
0 94260 
0 87100

0 04473 
0 15410 
060890 
0.94180

0.12170 
094980 
0.05964 
0 29170

0.10200
006643
0 27570
0 74430

012930
0 28100
014600
0 57360 
0 90090

0 00578 
0.02454 
0.96410 
0.49740

068960
0 20980
0 02536
0 04773

0 15580
0 12290
0 28260
0 73350

0 470 
1.057 
0 766 
0.424 
0 721

0 091 
0251 
0.681 
1.270

0.040 
0.197 
0 445 
1.382

0 031
0 122 
0.456
1 388

0.920 
0 963 
0914 
0426 
0 723

0.093 
0 299 
0 792 
1 196

0.030 
0 130 
0.498 
1 376

0097 
0366
0.463 
1 294

STD
(m3)

29.7
73.1
42.5
35.1
47.7

56 2 
34.0 
33.4 
40.3

37.0
33.1
30.6
35.1

50.0
29.5
32 9
32 7

58 2 
66 6 
50.7 
35.3 
47.8

57.4 
40 5 
38 8 
37.9

STD, 
(%)

1.580
1 445
1 802 
1.208
1 511

-0.022
-0 002
0.202

-0.214

-0.120 
-0 157
0 209 
0 038 

-0.007

-13 6
-0.3
9.9

-6.8

37
80
135 

-11 8

2.5
-0.4

89.8
61.4
31 8
32.8

48 4 
31.4 
35.9 
32.4

-12 9 
-8.5 
5.7 

-1 7

-10.9
11.6
3.1
-05

General with 
dbh and h

-37.0
-21.1
-2 5

3 7

62
-1 8

-1 5
-17.6

13.1
0.4

-06

Table 7: Testing the selected general total tree volume (!/„„,) 
(0 0001 Idbh-’w-'v

dbh (cm) 
0-20 
20-30 
30-48 
>50____
h (m) 
0-8 
8-12 
12-16 

__>16 
dbh/h 
0.6-1 9
1 9-2 5
2 5-3 2

Site 
Manyara 
Tabora 
Katavi 
Lmai

_ All_ 
dbh (cm) 
0-20 
20-30 
30-48 
>50 
h (m) 
0-8 
8-12 
12-16 
>16_
dbh/h 
0 6-19 
1.9-2 5 
2 5-3 2 
>3.2 
Site 
Manyara 
Tabora 
Katavi 
Lindi 
All

models with dbh only (0 00016dbh?'”w), and with dbh and h 
over tree different tree sizes (i e. dbh and h classes), ratio and sites

site-specific models seemed to have greatest effect for 
as judged by a relatively large decrease in RMSE, values 
for this model going from general to site-specific MPE, 
values were not statistically significant different from zero 
(p > 0 05) for any of the models

The results regarding the performance of the general 
models when applied over different tree sizes and 

sites are presented in Table 7 For the model with dbh 
only as independent variable, no MPE value was signifi­
cantly different from zero (p 0 05) in the different dbh 
classes However, for low trees (the two lowest h classes) 
there seemed to be a bias For the model with dbh and h 
as independent variables, the results were better with 
a sole significant MPE value for the smallest h class 
Distribution of the prediction errors over different classes
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Table 8: Testing of some previously developed total tree volume (V,.J models over sues

Site n

10

5

15

10

Malimbwi et al (1994) 
with dbh and h

Abbot et al (1997) 
with dbh only

Chamshama et al 
(2004) with dbh and h

Manyara

S re specie w th ash ana a 
Gene-a' wan a an ana h

40 60
DBH (cm)

39
40
40
39

158
39
40
40
39

158
39
40
40
39

158
39
40
40
39

158

40 60
DBH (cm)

40 60
DBH (cm)

MPE.
(%)

15"

Katavi

------- S ne-specific *ntn gen ana r 
------ General wiih atih ana n

40 60
DBH (cm)

E_
■T
o

S’

-1 2 
195 
128 
8 6 

20 6 
8 3 

31 1 
20 6 
20 8 
38~6 
136 
41 5 
274 
31 2 

-41 1 
-51 5 
-12 3 
-19 4 
-30 7

E, 

o 
S’

E.

a 
=>s

E
•y 
o 

ST

Model category

Malimbwi et al (1994) 
with dbh only

Manyara 
Tabora 
Katavi 
Lmdi 
All 
Manyara 
Tabora 
Kalavi 
Lmdi 
All 
Manyara 
Tabora 
Kalavi 
Lindi 
All_____
Manyara 
Tabora 
Katavi 
Lindi 
All

STD 
(m1) 

0 480 
0 794 
0 903 
0 423 
0 692 
0 707 
0 603 
0 938 
0 453 
0 711 
0 990 
0610 
0 997 
0 572 
0 839
1 139
2 313 
0 925 
0 921 
1 455

Observed 
volume (m’) 

1 580 
1 445 
1 802 
1 208 
1.511 
1 580 
1 445 
1 802 
1 208 
1 511 
1 580 
1 445 
1.802 
1 208 
1 511 
1 580 
1.445 
1 802 
1 208 
1 511

MPE 
(m>) 
0 027 

-0017 
0 351 
0 154 
0 129 
0 326
0.121 
0 561 
0 249 
0 315 
0610' 
0 197
0 748 
0 331
0 472 

-0 650 
-0 745 
-0 222 
-0 234 
-0 463

p-value 
for MPE 
0 72601 
0 89104 
0 01843 
0 02859 
0 02014 
0 00645 
0 21297 
0 00052 
0 00145 
0 00000 
0 00044 
0 04771 
0 00003 
0 00088 
0 00000 
0 00100 
0 04846 
0 13688 
0 12069 
0 00010

STD. 
(%) 
30 4 
55 0 
50 1 
35 1 
45 8 
44 7
41 7 
520 
37.5 
47 1 
62 6
42 2 
55 3 
474 
55 6 
72 0

160 0 
51.3 
76.3 
96.3

et al (1994) and Chamshama et al (2004) significantly 
under-predicted volume by 20 8% and 31 2%. respec­
tively The model developed by Abbot et al (1997) sigmf- 
icantly over-predicted the volume by 30 6% The trends 
of over- and under-prediction are also seen in Figure 4 
in which both the general model with botti dbh and h as

The results regarding the performance of the previously 
developed V...t models over sites are presented in Table 8 
The model with dbh only as the independent variable 
developed by Mahmbwi et al (1994) significantly under- 
predicted volume by 8 5% In addition, the models with dbh 
and h as independent variables developed by Malimbwi

Figure 3: Display of the predicted total tree volume (V,.a) over diameter at 
dbh and h as independent variables
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Figure 4: Display of predicted V,...,, over dbh based on the general 
model with dbh and h as independent variables developed in 
this study, and on the models developed by Abbot el al (1997) 
Malimbwi et al (1994). and Chamshama et al (2004)

independent variable and the previously developed models 
are displayed over dbh

40 60
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E, 
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Abbott et al (1997) 
----  General with dbh £ n 
----- Malimbwi et al (1994) with dbh 
-----  Malimbwi el al (1994) with dbh £ h 
----- Chamshama et al (2CO4|

Tne data used in this study provided a good basis for 
developing versatile models for estimating volume of 
miombo woodland trees, botn in terms of number of trees 
and geographical range Within the geographical range 
of the study, there are different conditions in terms of 
climate, soil and productivity (Table 1) all factors that 
afi'ect allometry and hence the relationship between the 
independent variables and volume The data also covers 
a large range of tree sizes, which reduces the probability 
of having to extrapolate the model for large-size trees 
(see also Figure 4) For mature forests, this is of particular 
importance because large trees of course account for the 
largest part of the volume (e g Zahabu 2008) Although 
the number of trees species represented (55) is larger 
than m previous studies, it is far from the total number 
of species found in miombo woodland Mugasha et al 
(2013a). for example, found 188 different tree species 
in rmombo woodland in a large data set including more 
than 30 sites covering most of Tanzania On the other 
hand, our sampling was guided by the observed species 
distribution from an independent inventory so that we 
cover the most frequently occurring genera, such as 
Srachysfeg/a, Pterocarpus. Julbemadia and Combretum 
Such considerations were not made in the develop­
ment of the models that presently are applied for volume 
estimation in the miombo woodland of Tanzania, i e 
the models developed by Malimbwi et al (1994) and by 
Chamshama et al (2004)

The cross-validation showed that no MPE values were 
significantly different from zero indicating an appropriate 
model performance for the selected model for Vlslll. 
(Tables 4 and 5). (Table 6) and UE(jn.„ (Table 6) 
Although the sitespecific models in general were better 
fitted to the data compared to the general models, as 
would be expected (cf Abbot et al 1997, Jenkins et al 
2003, Diomo et al 2010. Adekunie et al 2013, Mugasha 
et al 2013b) because allometry varies between sites, the

improvements were moderate Furthermore, there were 
also improvements in the performance criteria (pseudo-/?-' 
and RMSE,) when h was included as an independent 
variable (Tables 4 and 5) The improvements were 
moderate, however, which conform with several previous 
studies (eg Malimbwi et al 1994. Abbot et al 1997, 
Chamshama et al 2004, Guendehou et al 2012) Due to 
the generally large variation in branching patterns among 
tree sizes and species in miombo woodland, the fit of the 
Z.models were not as good as the fit of the and 
Z.,_ models It can also be noted that even though the 
models are affected by the branches, the model fits were 
still better than those of the Z.,rn, models The reason for this 
is that the demarcation point for merchantable stem relies 
on considerations not only on size (minimum diameter), 
but also on subjective quality assessments, which adds 
variability to the relationship between dbh and V,.,„

Distributed over classes of tree sizes (dbh and h classes), 
allometry (dbh/h) and sites (Table 7), a few MPE values 
significantly different from zero (p < 0 05) were observed 
However, no particular patterns were observed except 
that the MPE, had a tendency to be larger for small trees 
Dealing with modelling of size, this is common as absolute 
differences easily become large in relative terms when the 
observed mean is small Furthermore, the general models 
seemed to give unbiased results when evaluated over 
sites, except for the site in Katavi where MPE of the model 
including both dbh and h were slightly significantly different 
from zero Thus, this indicates that the general models can 
be applied for all miombo woodlands in Tanzania with an 
appropriate accuracy in predictions However, since the 
site-specific models perform best for their respective sites, 
the site-specific models should be applied in local invento­
ries in their respective sites (see also Abbot et al. 1997, 
Mugasha et al 2013b) Since the deviations between 
the general and site-specific models are increasing with 
increasing dbh (Figure 3). this is of particular importance 
when tree sizes are large

Even if our data material had a wide range in terms of 
tree size, extrapolations beyond this range (dbh > 95 cm) 
sometimes have to be done when the models are applied to 
extremely large trees, for example in national forest invento­
ries such as the NAFORMA In these situations models 
with both dbh and h as explanatory variables are prefer­
able because h moderates the effect of diameter in the 
model A tree reaches maximum height much earlier than it 
reaches maximum diameter, so beyond the point that a tree 
reaches its maximum height, the increase in volume per 
unit increase of diameter is reduced. Models that depend 
on dbh only such as the ones presented here are not able 
to reflect this behaviour of the relationship between dbh and 
volume for large trees, whereas a model including h to a 
greater extent is. If h is not measured it is still possible to 
apply models that need h as input by estimating h with a 
height-diameter model (Mugasha et al. 2013a). However, 
measurements and estimations of h might be associated 
with considerable uncertainty. Trees in miombo woodlands 
tend to have rounded crowns, so height measurements 
are prone to have random and/or systematic errors Other 
authors have therefore recommended the use of models 
with dbh as sole predictor (e g Overman et al 1994; Segura
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Abstract

Background

Airborne laser scanning (ALS) has emerged as one of the most promising remote sensing

technologies for estimating aboveground biomass (AGB) in forests, given its ability to

area-based forest inventories relies on the development of statistical models that relates AGB

and metrics derived from ALS. Such models are firstly calibrated on a sample oi

corresponding field- and ALS observations, and then used to predict AGB ox er the entire area

covered by .ALS data. Several statistical methods, both parametric and non-parametric, have

been applied in ALS-based forest inventories, but studies that compare different methods in

tropical forests in particular are few in number and less frequent than studies reported in lor

compared linear mixed effects model

(LMM) and A-nearest neighbor (A-NN).

Results

The results showed that the prediction accuracy obtained when using LMM was slightly

belter compared to the A-NN approach. Relative root mean square errors from the cross

validation was 46.8% for the LMM and 58.1% for the A-NN. Post-stratification according to

vegetation types improved the prediction accuracy of LMM more as compared to post­

stratification by using land use types.

Conclusion

Although there were differences in prediction accuracy between the two methods, their

accuracies indicated that both of the two methods have potentials to be used for estimation of

AGB using ALS data in the miombo woodlands. Future studies on effects of field plot size

and the errors due to allometric models on the prediction accuracy arc recommended.

Key words: Parametric models, prediction accuracy, non-parametric models, LMM, k-NN.

sampling design.
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example temperate and boreal forests. In this study, we

provide canopy height information that is highly correlated with AGB. Use ol ALS data in



Background

Estimation of aboveground biomass (AGB) in tropical forests is important for generating

information needed for sustainable forest management and understanding the contribution of

tropical forests in the global carbon cycle. Particularly in the latter context, estimates of AGB

arc needed as a primary variable for establishing the increments or decrements in carbon

stored in tropical forests, which is typically converted from AGB by using a factor of 50% or

less [I]. In the recent decade. Reducing Emissions from Deforestation and Degradation

(REDD >-). a program under United Nations Framework Conventions on Climate change, has

motivated large-scale forest carbon inventories in tropical forests. REDD* aims to provide

positive incentives for developing countries for initiating activities related to reduction of

greenhouse gas emissions, sustainable management of forests, and enhancement of forest

carbon stock [2]. Unlike other conservation projects REDD-j- is result based, which means that

forest carbon stock changes that arc measured, reported, and

verified (MRV). Thus, establishment of effective MRV systems that complies with the

guidelines of Intergovernmental Panel on Climate Change . is considered as an integral part of

REDD- implementation [3|.

In Tanzania, the National Forestry' Resources Monitoring and Assessment

(NAFORMA), which is the national forest inventory ofTanzania, has established a total of

30.773 field plots distributed across mainland Tanzania [4], NAFORMA is expected to be

used to produce AGB data for the national forest carbon MRV system necessary' for the

implementation of REDD+ activities in Tanzania [5. 6]. However, being a field-based

inventory, estimates of parameters related to AGB and AGB changes derived from

NAFORMA data are not expected to be sufficiently precise to meet the accuracy requirements

for a REDD r MRV system. Therefore, the use of remotely sensed data as auxiliary

information is considered as an option towards the development of a cost-efficient MRV

system in the country.

3
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Estimation of AGB using remotely sensed data in most ot the tropical countries has

been carried out using products from optical satellite sensors and synthetic aperture radar

(SAR) satellite sensors. I lowever. their accuracy are limited by a loss ot sensitivity with

increasing AGB. commonly known as "saturation", which occurs at relatively low AGB

densities for optical data and somewhat higher for SAR data, for example around 100-250 Mg

ha’1 for L-band radar systems [7], Airborne laser scanning (ALS) has recently received a great

deal of scientific and operational attention because it can overcome the saturation problems ol

optical and SAR data. Its potential has previously been reported in particular in the Nordic

countries where it has been used operationally for management inventories for almost 15

years 18], Recently promising results from tropical forests [ e.g. 9. 10] have also been

reported, which have increased the interest of using ALS for REDD- MRV purposes. Apart

and also provides canopy height information which is highly correlated with forest AGB [11].

Large scale AGB assessments with ALS. however, remains to be a challenge due to

logistics, cost, and data volume involved if wall-to-wall coverage is to be applied 112]. lor

such situations, a systematic sampling approach using ALS as a strip sampling loo) is a viable

option 113]. Within this approach, collection of ALS measurements is done along individual

aligned

with a network of ground plots [13] which allow the development of statistical models

relating the ground reference AGB to metrics derived from coincident ALS data. These

models are then used to predict AGB over the entire area covered by ALS strips, and

subsequently these predictions are used for final estimation of AGB for the area of interest

using either design-based model-assisted or model-dependent inferential frameworks [ e.g.

14. 15]. Thus, the quality of the AGB estimates produced by ALS-based inventories relies

heavily on the development and application of predictive AGB models.

4

from higher saturation level. ALS has the ability to directly measure vertical canopy profiles



A review study by 1'assnacht et al. [ 16] has shown that the most common prediction

methods in ALS-based forest inventories are ordinary least square regression, support vector

machines, nearest neighbor-based methods (i.e. A-NN and A-MSN). and random forest. Of all

the methods, ordinary least square regression with stepwise variable selection has been most

frequently used for building models between field measurements and ALS metrics [17], The

main adavantage of using this type of methodology is the simplicity and clarity of the

resulting models 11 8|, especially when the relationship between AGB and the ALS metrics is

almost linear. I lowever, fitting and applicability of ordinary least square regression models

rely on a number of basic assumptions in relation to the residual distribution: independence.

normality and constant variance [ 19|. The assumptions are barely taken into account in most

studies [201. especially when dealing with the data that are collected from complex field

survey designs that involve clustered observations, repeated measurements, longitudinal

measurements, and blocked data. Ignoring the model assumptions when fitting ordinary' least

square regression models, might lead to spatially correlated errors and biased standard error

estimates for model parameters, and consequently, invalid significance tests [21].

Linear mixed effects models (LMMs) offer a modeling and prediction method that is very

effective on clustered or spatially correlated data [22, 23]. In addition to accounting for

covariates through fixed parameters as in ordinary least square regressions, mixed effects

models can also account for various sources of heterogeneity and randomness in the data

caused by known and unknown factors by means of random parameters. Application of

LMMs are however limited in ALS-based inventories as compared to other prediction

methods [24],

Non-parametric approaches, such as A-nearest neighbor (A-NN) has also been considered

as an alternative to ordinary least regression since they do not rely on any distributional

assumptions of the data [25. 26]. Thus. A-NN is a highly relevant alternative to deal with non­

linear and possibly diverse relationships between independent and dependent variables.

5



Furthermore. like other nearest neighbor techniques. A-NN allows for both univariate and

multivariate predictions of continuous and categorical variables [27. 2S|. In iorest inventors

applications. A-NN approaches have been frequently applied in model-dependent frameworks

31]. Several studies [ c.g. 32. 33. 34] have compared the performance of A-NN w ith ordinary

least square regression (OLS) models in temperate and boreal forests, but few studies have

compared LMMs with A-NN. especially in the context of the ALS-based inventory. Of

particular interest is application and validation of such techniques in the tropical dry forests of

Africa where application of statistical methods commonly used in ALS-based forest

inventories still are limited compared with temperate and boreal forests. Given the growing

potential of the use of national forest inventory data and ALS auxiliary information for

supporting REDD+ activities in tropical forests [ e.g. 35. 6]. it is important to explore

modeling methods that fully utilize the attributes of design

reliable and accurate estimation of AGB using ALS.

Irrespective of the method used, stratification and post-stratification have been considered

Stratification according to forest age and/or site quality is commonly used in boreal forests

[e.g. 37. 38], In highly heterogeneous tropical forests, stratification/post-stratification based

on vegetation types have been considered as a viable and practical option [ 39], However. due

to practical limitations, few studies have attempted to assess the effects of stratification and

post-stratification on the prediction accuracy and thus on final estimates in tropical forests.

For example in most of the previous studies, only a limited number of field plots have been

available for AGB modeling due to issues such as accessibility and cost. Thus, stratification

smaller sample sizes per stratum, making it difficult to fit reliable statistical models for each

class [40]. In such situation, most of the previous studies opted to combine sample plot data

6

with good results [29] and have also been used for mapping of various forest attributes [30.

as effective tools for improving precision of estimates in ALS-based inventories [36].

as a fundamental step towards

or post-stratification of a survey have not been regarded as viable since it could lead to even



types and associated information.

The present study was conducted in the tropical forests of southern Tanzania which is

mainly dominated by miombo woodlands and some areas with forest, cultivated land, and

other vegetation types. Miombo woodlands occupy a substantial area of forest land in

Tanzania (92%) [4] and it extends in other six countries in sub-Saharan Africa, including

Angola. Zimbabwe. Zambia. Malawi. Mozambique and Democratic Republic of Congo [41].

From a global perspective, miombo woodlands have received a considerable attention in the

recent decade given its potential to act as a reservoir of belowground and aboveground carbon

stocks [42], Biodiversity is also significant in the miombo woodlands with an estimate of

8500 species of higher plants and more than half of them are endemic [41]. Application of

ALS in such areas represents the ty pical challenge that would be expected when using ALS

data for modelling AGB in tropical forests with a high number of species, and diverse

vegetation and land use types. The main objective of the study was to assess the performance

of parametric and non-parametric methods for modeling and prediction of AGB using ALS

data. As a secondary objective.

vegetation and land use types on the prediction accuracy of the parametric models.

7

across classes like for example vegetation types, and thus ignoring the effect of vegetation

we also assessed the effects of post-stratification by



Results

Performance of the parametric and non-paramctric methods

The OLS model with square root transformed response variable was selected for building up

L.MMs. The model contained eight explanatory variables consisting of both height percentiles

and the canopy density metrics selected using the best subset procedure. 1'he OLS model

showed cluster effects on the residual distributions as illustrated in Figure 1. Some clusters

displayed residuals that were above and some below the zero line, indicating that cluster

effects should be accounted for in the modelling. Comparison of the OLS model (Model 1)

and the LMM (Model 2) using likelihood ratio test (Table 1) suggested a statistically

significance difference (p < 0.001) between the two models. Model 2 was considered to have

better fit with low value of A1C as compared to Model 1.

8

Chillers

Figure 1. Box plot of residuals in the OLS model. The y-axis shows the value of the 
residuals and the horizontal axis the cluster.
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L. Ratio p-value

* Model I = OI.S model lilted uith ,e/s function. Model 2- l.MM. Model 3“ I.MM with varldent (form_eluster)

Re-fitting Model 2 with different correlation structures (i.e., spatial autocorrelation

functions, and compound symmetry correlation structures), did not significantly improve

model fit. The AIC values did not improve compared to the model without the autocorrelation

functions (i.e.. Model 2), and the likelihood ratio test indicated that there was no significance

difference between the models with and without correlation structure (p > 0.05). This may

also indicate that there is no spatial autocorrelation of the residuals within the clusters.

Modelling the residual variance al the cluster level by using variance function (varldent)

measured by the AIC. The likelihood ratio test indicated

The standard errors of the parameters for Model 3 were smaller compared to the other models

(Table 2). The quality of Model 3

Model 3 residuals and a similar model with a random intercept by means of the likelihood

ratio test. The test indicated that the two models were not statistically significantly difierent

from each other (p > 0.05), implying that Model 3 has successfully accounted for the

dependency and hetcroscedasticity in the data and thus the residuals can be considered as

independent.

9

1887 
IS73 
18-19

lvs2
2 vs 3

11.02
152.16

0.001
<0.0001

Model I 
Model2 
Model?

a statistically significant difference (/? < 0.0001) between Model 2 and the Model 3 (Table 1).

Table 1: Results of likelihood ratio lest comparing the initially selected models with models 
incorporating variance structure at the cluster level.
Model3 AIC Tes?

was further analyzed by comparing an intercept model of

improved the model performance as



R: RMSI\v%

I.MM (Model 3) ■16 80.69

A-NN (k=5) 0.63 58.1

A-NN (k= 10) 55.90.58

The A-NN method fitted with two values of A (i.e.. A - 5 and A - 10) were tested. The

A-NN imputation with A = 10 was having relatively lower RMSEcv% values compared to

imputation with A - 5. We tested the dependency and hetcroscedasticily of the residuals

obtained from A-NN. Two models were compared using the likelihood ratio test, i.e., a

residual intercept model and a random intercept model. The results from the likelihood ratio

lest showed that there was no statistically significant differences between the two models.

Comparing the results of the best parametric model (i.e.. Model 3) and the non-parametric

to

Intercept 
PF70 
TF0 
TF5 
TF8 
1’1.20 
1’1.30 
TI.7 
TI.S

0.8630 
0.3481 
3.7779 
4.0742 
-6.2178 
0.3191 
-0.2295
-12.4990 
18.3840

0.7385 
0.3515 
3.8436 
3.7574 
-6.5277 
0.2684 
-0.1845
-11.9814 
19.5302

0.6702 
0.3701 
4.4363 
1.7055 
-4.1964 
0 1844 
-0.1059
-6.8397 
10.8928

Standard 
error 
0.2238 
0 0273 
0.4829 
1.0384 
1.4833 
0.1100 
0.0951 
2.7174 
3.7172

Standard 
error 
0.2848 
0.0345 
0.6003 
1.2964 
1.9310 
0.1232 
0.1096 
4.0086 
5.4729

Table 3: Predictors, pseudo R-squared (R:). and relative root mean square error from the cross 
validation (RMSEt v%) of the two prediction methods.

Prediction method Predictors3

Table 2: Parameter estimates and standard errors of the tested models.
Covariate3 Model I Model 2 Model 3

Estimate Standard Estimate Standard EstimateStandard 
error 
0.2520 
0.0338 
0.5713 
1.2839 
1.9462 
0.1241 
0.1110 
4.0241 

_____________ 5.5361_____________________________________________  
* PF70 = Percentile of the first echo canopy heights for 70% (m); 1’1.20 and 1’1.30 - Percentiles of the last echo 
canopy heights for 20% and 30%(m). TF0. TF5. TF8 ~ Canopy densities corresponding to the proportion ot first 
echoes above fraction -0 (1.3m), -"5 and =8 (see text). 11.7, 'fl.8 ~ Canopy densities corresponding to the 
proportion of last echoes above fraction =7 and -8 (see text).

PF70. TEO. TE5. 1'ES. Pl.20. 1’1.30. TI.7, 
TLB 
PL80. TF0. 11.2. PESO. T1.4. TI.S. 1’1.40. T1.5. 
TF2. 11.7. TL6. PF70. MaxF. 1’1.90. 1’1.50. 
Mean!.. TF7. PE10. Pl.60. TE3 
1’1.80. TEO. TL2. PESO. TI.4. TI.S. PS40. TI.5. 
TF2. TL7. TL6. PF70. Maxi'. PL90. PI.50. 
Mean!.. TF7. PE 10. PL60. TE3

3PI-10. PF70. PE80 = Percentiles of the first echo canopy heights for 10%, 70'%. and 80 (m). 1’1.20.1’1.30. Pl.40. 
Pl.50. Pl.60. Pl.90 = Percentiles of the last echo canopy heights for 20%. 30% . 40%. 50%. 60%. and 90% (m).
11-0. 11-2. T1-.3. 11-5,11-7. Tl-8 - Canopy densities corresponding to the proportion of first echoes abov e fraction 
°0 (1 -’nt). =2. #3. r5. =7 and =8.11.2. fl.4. TL6. TL7. TI.S. - Canopy densities corresponding to the proportion 
ol last echoes above traction -2. *4 . -b. ~T. and =8; MaxF and McanL = Maximum and Mean ol the canopy­
height distributions of the first and last echoes respeclivelv



(i.e.. k 10) (Table 3). our results suggest that the parametric models performed well in our

dataset as indicated by both R2 and RMSEcv%. Graphical illustrations for the performances

of the two methods are presented in Figure 2.

i.ii it)

Ground reference AGB (Mo M >Ground reference AGB (Mg ha )

Effect of post-stratification

model accuracy, we assessed the

performance of parametric mode) (i.e.. Model 3) on different vegetation and land uses types

(Table 4). The results indicated that there were variations in the prediction accuracy of the

model across the categories. The R.MSE% and RMSEcv% of Model 3 (i.e.. non-post-stratified

model) varied from one category to another, lower values of RMSE% and RMSEcv% were

reported for vegetation types as compared to land use types.

fitted for each of the categories (Table 5) and

compared with the non-post-stratified model presented in the previous section. Generally, the
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figure 2. Relationship between ground reference and predicted AGB for LMM (a) A-NN 

(* = 10) (b).
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on prediction accuracy of the parametric models

Separate random intercept models were



RMSEcv% for the post-strata models were relatively smaller compared to the values obtained

vegetation and land use types (Table 5). Graphical plots in Figures 3 and -I illustrate the

performance of the post-strata models.

RMSI-\v%RMSF.%

•11.1-10.231 1

12

22.7
29.4
37.6

50.2
73.0

RMSE 
(Mg ha'1)

25.1
31.6
3S.5

52.0
74.7

44.3
S0.2

2S.4
47.7
S2 1

263 
34.0

RMSF.ca 
(Mg ha1)

when evaluating the non-post-strati Tied model across respective post-strata. I he accuracy oi

bdepending on the

Table 4: Performance of the parametric model (Model 3) for different vegetation and land use 
types.

Category’

the post-strata models varied in terms of model fits (i.e.. R2) and RMSF.i vl’c

Vegetation type 
Forest 
Woodlands 
Other cover types 
Land uses ty pe 
Production and protection 30.4 
forests 
Wildlife reserves 25.5
Agriculture and other land 33.2 
use types______________________

• I-orcst = land spanning more than 0 5 ha w ith trees that have heights of more than 5 m and a canopy cover ot 
more than 10%. It does not include land that is predominantly under agricultural or urban land use Woodland = 
forestland with less dense canopy cover compared to forest Other cover tv pcs - all cover tv pcs that were 
neither forest nor woodlands. Production and protection forests - forest areas designated for protection ol 
water (i e catchment forests) and that designated for production of wood respectivelv \\ ildlife reserves ~ forest 
areas designated for game reserves and game controlled areas. Agriculture and other land use types ■= areas 
designated primarily for a function other than production, protection or game reserves Details descriptions of 
these categories are given in MNRT [62]



R:Predictors RMSI-O%n

0.85 23.9

40.80.64
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Woodlands
Other cover types

0.73
0.69

0.63
0.83

49.8
68 0

45.3
68.3

Vegetation type 
Forest

Table 5. Predictors, number of observations (n). pseudo R-squared (R2), and relative root mean 
square error from the I.OOCV (RMSEcv%) for separate LMM fitted for different vegetation 
and land use types.
Category

bPF20. PF40. PF 70. PF90 - Percentiles of the first echo canopy heights for 20% . 4020. 70% and 90 (m); PL 10. 
PL20. Pl.70, PL90 = Percentiles of the last echo canopy heights for 10%. 20%, 70%. and 90% (m); TI 0, I Fl, 
TF4. IF5 = Canopy densities corresponding to the proportion of first echoes above fraction #0 (1 3m), »1, #4 , 
and TL0. 11.4. T1.6. 11.7. II .8. - Canopy densities corresponding to the proportion of last echoes above 
fraction #0 (1.3m). #4. lib, ill and #8. MeanF and Meant = arithmetic mean of first or last echo laser canopy­
heights. respectively (m). Maxi- and Maxi = maximum of first or last echo laser canopy heights, respectively (m); 
CVF and CVL ~ coefficient of variations for the first and last echo laser canopy heights respectively.

Land use ty pc___________
Production and prolection 
forests
Wildlife reserves
Agriculture and other land
uses_________________

1 Forest - land spanning more than 0 5 ha with trees that have heights of more than 5 m and a canopy cover of 
more than 10%. Il does not include land that is predominantly under agricultural or urban land use Woodland - 
forestland with less dense canopy cover compared to forest Other cover types = all cover types that were 
neither forest nor woodlands Production and protection forests = forest areas designated for protection oi 
waler (i e catchment forests) and that designated lor production of wood respectively. Wildlife reserves = forest 
areas designated for game reserves and game controlled areas Agriculture and other land use types ~ areas 
designated primarily for a function other than production, protection or game reserves. Details descriptions ot 
these categories are given in MNR 1 1621

1’1-20. MitxL. MeanL. PI.10.1’1.40. 40
1’1.70. 1’1.90. TL9
1’1'70. I F0. 1’1.20 391
MeanF. PF20. PF60. TF5. Maxi.. 58 
1’1.70

1’1-40. PI-60. PF70. ITO. TF9. 314 
1’1.20
CVF. 1’1-20. 1’1-90. TF5 91
I Fl. TF4. MaxL. MeanL. CVL. 84
11.0. TL4
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Figure 3. Relationship between ground reference and predicted AGB 
woodlands (b) other cover types (c).
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Discussion

parametric (A-NN) methods for predicting AGB using ALS data in the niiombo woodlands of

Tanzania. Effects of post-stratification by vegetation and land use types on the prediction

accuracy of the parametric method were considered as the secondary objective. The findings

from this study have demonstrated that both LMMs and A-NN arc suitable methods for

predicting AGB using ALS data. To our understanding this is one among the early studies that

attempted to use ALS in the miombo woodlands of Tanzania. Thus the findings of this study

open up methodological insights on the use of ALS as tool for AGB assessment in similar

type of vegetation in sub-Saharan Africa.

Specifically the findings have shown that LMM is the best prediction method, both by

allowing the specific field sampling design to be accounted for in the modeling, but also by

having slightly higher prediction accuracy compared to A-NN. This is not surprising, and has

been reported in most of the studies that have attempted to compare parametric and non­

parametric methods in prediction of various forest attributes [e.g. 32, 43, 44]. However, the

strength of A-NN is that it

reliably be used for estimation and making inference when

deemed necessary, especially in the design-based framework of forest inventor}' [ e.g. 45,46]

with non-parametric based estimators (e.g. difference estimators).

Results based on the LMM illustrated that incorporating the cluster structure by using

result in a model with better fit as

supported by the likelihood ratio test. This implies that it is the between-cluster variability

that should be considered when calibrating the ALS models using NAFORMA data, rather

appropriate variance structure (i.c., the varldent structure) we were able to account for this

variability in the data, which resulted in a model with low standard errors for the parameter
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variance function in the model selection process can

than the within-clustcr variability. By modelling the residual variance per cluster through an

was able to account for the dependence and heteroscedasticity in

This study aimed at comparing the performance of the parametric (LMMs) and non-

the data. This indicates that it can



estimates as compared to the other tested models (Table 2). Low standard errors of the

parameter estimates (Table 2) indicates that the model is more efficient when predicting

outside the sample. Furthermore, low standard errors of the parameter estimate is an

important property in improving precision of the estimates, especially when making inference

using model-based estimators [47] which theoretical!} relies on the quality of the model

parameters.

Further evaluation of the best non-post-stratified model across post-strata, showed that

there were variations in prediction accuracy across different vegetation and land use types.

This could likely be attributed to the difference in stem diameter and the number of trees per

unit area, which entirely affect the distribution of AGB and the characteristics of the ALS data

in each of the post-strata. When fitting separate models by post-strata, our findings showed

that that there was a slight gain in prediction accuracy compared to the use of non-post-

stratified model in the respective post-strata. This might be due to the homogeneity of the

ALS metrics and the

ground reference AGB. For example, in the post-strata such as forest or production and

protection forests, where the distribution of AGB is characterized by trees with high canopy

cover and more uniform stems, the RMSEcv% were relatively lower compared other

categories. On the hand, the higher RMSEcv% values in the agricultural and other land uses

might be attributed by the fact that most of the trees in this category are scattered with sparse

canopy, and the tree crowns are smaller and some appear in a degraded form.

Although post-strata models performed well compared to

their practical application in the miombo woodlands poses a number of challenges when used

for estimation and inference. Based on the sampling design described in this study, the use of

post-strata models would require having thematic maps for the land

types. Such maps are not trivial to produce, and our results (not presented) indicated that the

classification accuracies vary substantially among these categories. Thus, since the difference
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respective category, which in turns improves the relationship between

non-post-stratified model.

use classes and vegetation



between the non-post-strati tied model and the post-strata models were modest, we would

rather recommend the un-posi-stratified model (which disregards the land use and vegetation

types) to be more adequate lor most applications that will involve large-scale AGB estimation

supported by ALS data, al least until high quality thematic maps are made available.

Generally, the finding of our study in terms of model quality critcrions such as R2 and

RMSEcv% for non-post-strati fied and post-strata models, are in line with most of the

ranging from 64% [52] to 90% [53]. Similarly, a study by Asncr cl al. [49] across four

tropical regions in Panama, Peru, Madagascar, and Hawaii reported R2 ranging from 0.68 to

0.85. Recently, a study from the tropical rainforest of Tanzania by Hansen, et al. [9] reported

RMSEcv% ranging from 32.3% to 36.8% for models with different forms and different sets of

predictor variables. However, direct comparison with these results should be taken with

caution, due to wide range of variations existing in the tropical forests and different sample

sizes and plot sizes used in different studies.

Al.S-based AGB models in dry tropical forest conditions, but there might be ways to further

improve the quality of the models. For instance, the plot size used in this study was relatively

smaller compared to what have been used by the studies reporting higher prediction accuracy

[e.g. 54, 49]. Most of these studies have used plot sizes that are even twice as large as used in

the current study. For example. Mauya et al. [55] reported a decrease in RMSEcv% from

63.6% to 29.2% for plot sizes ranging from 200 nr to 3000 nr in a high-biomass rainforest.

The increase in prediction accuracy for studies based on larger plots might be attributed to the

so-called spatial averaging of the errors, because both the Held observations and the ALS data

capture more of the spatial variation and are closer to the average value [e.g. 56, 9].

Furthermore, the relative and negative influence of plot positioning error on the prediction

accuracy is reduced for the larger plot sizes because the overlap between the field- and ALS-
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Even though we are convinced that our findings reflect the potential performance of

published studies from tropical forests [48-51 ]. A majority of these studies reported R2



data becomes larger as plot size increases [57], In addition, plot boundary effect which have

potential to cause discrepancies between field and ALS-based measurements, is reported to be

relatively lower for the larger plots as compared to the smaller plots [55].

The concentric design of the field plots used in the current study also introduced errors

in the relationships between AGB estimated on the plots and the Al.S data. With this design.

small trees arc measured only in the center of a field plot while the largest trees are measured

across the entire plot. However, smaller trees are also found in the outer part of a plot, and

these trees will be measured by the laser but not recorded in the field data. Measuring all trees

across a plot would clearly improve model fit. However, this study focused on the already

also important to demonstrate

how the NAFORMA data would be used with ALS auxiliary information. Similarly, miombo

woodlands are dominated by a lower herbaceous layer of the vegetation which was not

threshold of 1.3 m was applied to the ALS data to define the "canopy" layer, it is likely that

the ALS data contain height observations reflected from vegetation not recorded by the tree

measurements. This has certainly introduced additional errors in the models and reduced their

performance. Lastly, it should be mentioned that the errors associated with the allomctric

models used to compute AGB (which were ignored in this study) will tend to affect the

accuracy of the ALS-based prediction models. A general model by Mugasha et al. [58] that

combines all the tree species was used for computation of AGB on the ground plots. Given

the high number of tree species it is likely that the uncertainty of the field-based reference

the prediction accuracy of the

ALS-based models, is not yet known in the miombo woodlands and should be focused in

future research.
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existing design and data established by NAFORMA. thus it was

accounted for in the field measurements but were

values is substantial. To what extent this error has effect on

captured by the ALS data. Although a



Conclusions

To conclude, the study has demonstrated that prediction of AGB using ALS data can reliably

be done in the miombo woodlands of Tanzania. The comparison of the prediction methods

have shown that LMM is the most appropriate method for AGB prediction using ALS data, as

measured by the results from the RMSEcv% but also by considering its strength of accounting

for the complex sampling design of the NAFORMA program. The prediction accuracy of k-

NN was relatively smaller compared to LMM. yet it can be used when there is a need for

using non-parametric method. Post-stratification by vegetation types seemed to favor the

prediction accuracy compared to land

relatively more advantages due to its versatility and practical limitations of using post-strata

models. Thus, we suggest using LMM (i.e.. Model 3) that combines all the post-strata for

applications involving large-scale AGB estimation in the future. Lastly, our study identified

important knowledge gaps and directions of future research, such as assessment of the effects

of field plot size and use of on-plot protocols which is based on complete census of all the

trees in a plot rather than a sample according to tree size. Finally, a better understanding and

quantification of the effects of allometric model errors on overall uncertainties of ALS-based

models and AGB estimates is a fundamental topic for future studies.
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use types. However, the non-post-stratified model has



Methods

Study area

The study area is located in Liwalc district (9°54'S, 37°38'E) (Figure 5a). Lindi region.

Tanzania, and has a total size of 15.867 knr (Figure 5b). The mean annual temperature of

Liwalc district ranges between 20°C and 30°C. Rainfall pattern is bi-modal w ith a dry season

from June to October. A short rain period starts from late November and lasts in January.

There is dry spell in February followed by a longer wet season which lasts from March to

May. The mean annual rainfall ranges from 600 mm to 1000 mm |59|. The study area contain

typical miombo flora of high trees with shrubs and grasses on the forest floor. In general, the

such as Brachy.stegia sp.. .lulhernadia sp.. and Pierocarpus angolensis.
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area is characterized by high species diversity associated with typical miombo tree species

of clusters of field plots and ALS strips in the study area 
distribution of individual field plots within clusters (c).

Figure 5. Map showing location of the study area in Liwalc. southern Tanzania (a), distribution 
(b) and the cluster structure with



Sampling design

I he Held plots used in this study were initially established by NAFORMA in 2011. The

sampling design used by the NAFORMA is double-sampling for stratification which was

designed based

consists ofclusters of plots on a 5*5 km grid over mainland Tanzania. The first-phase clusters

were stratified based on predicted growing slock, time consumption for cluster measurements

and slope ol the terrain [ 6|. z\lI together, the first-phase clusters that contain 6 to 10 plots

(Figure 5c) per cluster were assigned to IS pre-defined strata. The second-phase samples were

systematically selected from the first phase sample, with different sampling intensities in each

ofihe 18 strata following an optimal allocation procedure [60] with cost functions tailored for

each stratum. Greater sampling intensity was allocated to strata with large predicted growing

stock and smaller sampling intensity to strata with small predicted growing stock. Only the

clusters selected during the second phase of sampling were measured in the field. The

distance between field plots within a cluster was 250 m. while the distance between clusters

varies from the shortest possible distance (5 km) to 45 km.

Field measurements

revisited during the first quarter of 2012. The aim of the field

work was to accurately record the positions of the field plots and to update the field

information to have temporal consistence between field measurements and the time for

acquisition of ALS data. Measurements on the plots followed the same procedure used by

NAFORMA in 2011. The circular plots of 15 m radius were identified. Diameter at breast

height (dbh) was measured using caliper or diameter tape following the lower dhh thresholds

in accordance with the concentric plot design described in Figure 6.
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NAFORMA field plots were
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1) Within I

4) Within 15

Fig. 6. NAFORMA concentric sample plot design.

Species names were recorded for even.- tree measured for dbh. Even tilth tree in the

cluster was selected as sample tree and measured for height using Suunto hypsometers. The

heights of the remaining trees were predicted using diameter-height models developed based

on the sample trees. Differential Global Navigation Satellite Systems were used to calculate

the coordinates of the center point of each sample plot. Two Topcon Legacy 40-channels dual

frequency receivers observing both pseudo-range and carrier phase of the Global Positioning

System (GPS) and the Global Navigation Satellite System (GLONASS) were used as rover

(on the plot) and base station, respectively. Based on the positional standard errors reported

by Pinnacle [61]. the estimated accuracy of the planimetric plot coordinates ranged from

Tree AGB was estimated using allometric models for miombo woodlands developed by

[58]. The AGB estimates of the individual trees were then summed for each plot, and scaled

to pcr-hectare values. The plots were grouped according to their respective stratum, land use.

and vegetation types following the procedure described by NAFORMA in MNRT [62]. In this

study, we narrowed the land use classes and the vegetation types described in MNRT [62] into

three categories to simplify the interpretation of the results, but also to have enough samples
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m radius; all trees with dbh > 1 cm 
were recorded.

m radius: all trees with dbh > 20 cm 
were recorded.

0.004 to 1.334 in, with an average of 0.194 m.

2) Within 5 m radius; all trees with dbh > 5 cm 
were recorded.

3) Within 10 m radius; all trees with dbh > 10 
were recorded.

^^'"\R=10 R=15 m
R=5m//\zz^ \

R=1 \ \



tor each category ( Table 6). The land use classes were grouped into: 1) production and

protection forests. 2) wildlife reserves. 3) agricultural and other land use types. Similarly, the

vegetation types were grouped into: 1) forest, 2) woodlands. 3) other cover types.

Standard deviationMean

49.575.6349.9314 0.3

0.3

49.265.8349.9489 0.3
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91
84

190 6
270.3

88.3
66.3
46.9

39.0
48.1

27.8
0.3
0.3

232.2
349 9
270.3

50.8
45.5

45.9
51.3
84.7
79.4
38.7
16.0
87.9
85.2

158.2
179.2 
270 3 
349 9
125.6 
56.1
186.9
182.7

39.6
48.4
53 7

40
391
58

3.9
2.2
2.4
0.3
0.3
0.3
55.1
34.3

29.8
41.7
61.3
53.7
35.4
20.5
32.4
35.6

116
81
90
1 19
23
6
16
38

1 able 6. Summary of field data. Number of plots for the different strata and post-strata 

together with minimum, maximum, and mean ground reference AGB values with their 

corresponding standard deviation.

Category3 Number
of plots

AGB (Mg ha1)_________

Minimum Maximum
Stratification
Stratum 5
Stratum 6 
Stratum 7 
Stratum 8 
Stratum 9 
Stratum 10 
Stratum 11 
Stratum 12 
Post-stratification 
Vegetation type 
forest
Woodlands
Other cover types 
Land use type 
Production and 
protection forests 
Wildlife reserves 
Agriculture and other 
land uses
All__________

* Stratum I to 6 refers to the strata to which field plots belongs as described in the text and elaborated by [6] 
,forest = land spanning more than 0.5 ha with trees that have heights of more than 5 nt and a canopy cover of 
more than 10% It does not include land that is predominantly under agricultural or urban land use. Woodland® 
forestland with less dense canopy cover compared to forest Other cover types = all cover types that were 
neither forest nor woodlands Production and protection forests® forest areas designated for protection of 
water (i.e catchment forests) and that designated for production of wood respectively. Wildlife reserves = forest 
areas designated for game reserves and game controlled areas. Agriculture and other land use types = areas 
designated primarily for a function other than production, protection or game reserves. Details descriptions of 
these categories are given in MNRT |62|.



1374 m. which were systematically distributed over the study area in cast-west direction. The

ALS strips were spaced 5 km apart, following the NAFORMA 5*5 km grid. A Leica ALS 70

airborne laser sensor (Leica Geosystems AG. Switzerland), carried by a Cessna 404 aircraft.

was used to acquire the data from 10 February to 7 March 2012. The measurements were

acquired from an average flying altitude of approximately 1200 m above ground, al an

average ground speed of 77.2 ms ’. The scanning rate was 36.5 Hz and the instrument

operated at a pulse repetition frequency of 193 kHz. The average point density was around 1.8

points m'2.

Processing of the ALS data started with the classification of the ALS echoes into

ground or vegetation echoes using the progressive irregular triangular network densification

method |63. 64] implemented in the TerraScan software [64], A triangular irregular network

ground surface were then calculated for all vegetation echoes by subtracting the TIN height at

registered per pulse, but we used only

the three echo categories "single", “first of many", and “last of many". The "single" and "first

of many" echoes were pooled into one dataset denoted as "first" echoes, and correspondingly.

the "single" and "last of many" echoes were pooled into a dataset denoted as “last” echoes.

For each echo category, height distributions were first created as described by [65]. A

height threshold of 1.3 m was applied in order to separate trees from falsely classified ground

features and low vegetation. Then, heights al ten percentiles (Oth, I Oth 90th) of these

height distributions were computed to represent canopy height distribution and labeled PF0.

PF 10 PF90 (first echoes) and PLO. PL 10 PL90 (last echoes), respectively.

Furthermore, measures of the canopy density were also computed for first and last echoes.

24

ALS data

Acquisition of the ALS data was carried out along 32 parallel strips with an average width of

their respective xy-positions. Up to five echoes were

The range between the lowest ALS canopy height (>1.3 m) and the 90th percentile height was

(TIN) was created using the ALS echoes classified as ground echoes. The heights above the



divided into 10 layers of equal height. Canopy densities were then computed as the proportion

oi echoes above each layer to total number of first echoes and labeled TFO (>1.3 m). TF1

I F9. Density variables for the last echo distributions were calculated in the same way and

labeled TLO. TLI '1'1.9. Furthermore, mean (MeanF and MeanL). maximum (MaxF and

also computed for both first and last echoes.

Statistical analyses

An overview

Ihree statistical techniques were used to develop relationships between the ground reference

AGB and the ALS metrics. These included OLS. LMMs, and A-NN technique. The analyses

were performed based on the five outlined steps below:

I. Candidate explanatory' variables from the ALS metrics were selected and three OLS

model forms relating ground reference AGB and ALS metrics were fitted and tested.

2. The best selected model form from step 1 was used to build LMM (i.e., random

intercept model) with random effect at the cluster level (i.e.. we added random

effect to the OLS model). The OLS and the LMM were compared.

To account for spatial dependence within the clusters we introduced LMMs with

different correlation structures and compared with the LMM (i.e.. random intercept

model) fitted in step 2.

LMM with variance structure at the cluster level was also fitted. The model was4.

compared with the LMM fitted in step 2 using likelihood ratio testing. The best

selected model (i.e.. from step 1 to 4) was further evaluated using a cross validation

procedure.
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MaxL) and coefficient of variation (CVF and C'VL) of the canopy height distributions were



5. Finally, the A-NN imputations were fitted and compared with the best model

selected from the procedure described above using measures of reliability based on

cross validation.

Parametric methods

Model development (OLS)

OLS are among the most common methods for modeling and predicting AGB in ALS-based

first applied an automated

approach to select candidate predictor variables using the “regsi/bsef" function from the leaps

package [66] in the R statistical software [67]. The "regsubset" regression perform an “all

subsets'’ where all possible variable combinations are considered and ranked based on

different scoring criteria (adjusted R\ Mallow’s Cp statistics. BIC etc.) [68]. We used

Mallow’s Cp statistics [69], which is a measure of the degree of over-fitting, calculated from

square error of the

model including all available predictors. Mallow’s Cp is given by the formula

Cp = (1)-N + 2p

where SSE is the error sum of squares of the reduced model with p parameters (including the

intercept). MSEfuU is the mean square error of the full model, and N is the sample size. A

combination of predictors that minimizes the Mallow Cp over all possible subsets was

considered as the best subset [19], The variable selection was repeated for log-transformed

variables and square root transformed response variable. Thus, three types of OLS models

were finally fitted and tested. Of all the three model forms, square root transformation

(equation 2) was selected as the best based on our initial test results (not presented), i.e
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SSE
MSEfuu

forest inventory. As part of the model development procedure, we

the error sum of squares for the model under evaluation and the mean



\fyi = Po + PiX, i = 1 (2)

Where yt is the ground reference AGB of the ith sample plot, , xik are the k

predictor variables (i.e ALS metrics). po ftk arc the parameter estimates, n is the number

of sample plots and is the plot level residuals.

Model development (LMM)

The sampling design employed by N/XFORMA imposes a hierarchical data structure by

which the field plots are nested within the clusters. LMM is in such a case considered as an

ideal tool for development of predictive models [23. 70] that will account for dependence of

the plots within the clusters. LMM consists of two main parts, fixed and random effects. The

fixed effects arc common to all subjects, while random effect parameters are specific to each

subject [71 ]. In this study the predictor variables used in the OLS with square root

transformed response variable from the previous section were used as the fixed effects and the

cluster id was added to the model to account for the random effect part. The standard form of

LMM as applied in this study is

(3)

6.-y~/V(0,a/)

,Pk are the fixed effects parameters, n,- is the number of

sample plots within the cluster j

random effects were independent of the plot level residuals .
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arc k fixed effects. p0, 

. m is the number ofclusters. We assumed that cluster level

n (O.ct/)

i = 1,......nt j = 1........ m Ui-NtO.afy

where yi} is the ground reference AGB of fth sample plot in the/th cluster.xiyi X(jk



To evaluate the significance of the random effect, we re-fitted the OLS model using

generalized least squarefundion in order to compare the OLS with the LMM using the

likelihood ratio tests, as described by [70].

To account for the non-constant variance and spatial autocorrelation that might not

have been accounted for by the random effect, we further refitted the LMM with variance and

correlations structures and compared with the LMM (i.c.. the random intercept model). The

details for this procedure is described below and elaborated further by [70|.

LMMs with correlation structures

We fitted five different LMMs using maximum likelihood estimation (ML), each assuming

different spatial autocorrelation structures, i.e., linear, ratio, exponential, spherical, and

Gaussian. This was aimed at testing the effect of spatial autocorrelation to account for field

plot proximity within the clusters. In addition to that, we also tested compound symmetry

might vary from one cluster to another. The LMMs that incorporate spatial autocorrelation

compared with LMM without correlation

structure (i.e.. the random intercept model) using a likelihood ratio test. Details of these

correlation structures are fully described in Pinheiro. Bates [71].

LMM with variance structure

To account for variation (i.c.. heteroscedasticity due to cluster) not accounted for by the

random effects, we also re-fitted the LMM (i.e.. the random intercept model) assuming that

the residuals were independent on cluster level. In this case, we used the varlclent variance

function implemented in the nlme package [71]. The model was fitted using ML. and

compared with LMM (i.e.. the random intercept model) using the likelihood ratio test to
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and compound symmetry correlation structures were

determine the effect of cluster information on the model accuracy. Finally, the best model as

correlation structure, assuming that correlation among plots within a cluster is constant but



indicated by the likelihood ratio test was refitted using restricted maximum likelihood

(REML). To ensure our modelling strategy has accounted for hcteroscedasticity due to cluster

structure, the residuals from best model was further analyzed by fitting a residual intercept

compared using a likelihood ratio test to determine if we still have an effect of cluster

structure in the residuals. Pseudo R-square (R2) computed as the square of the Pearson

correlation coefficient between observed and predicted values was used to assess the quality

of the model fit.

Accuracy assessment

To enable fair comparisons of best LMM and non-parametric imputations (presented below).

the prediction error of the best LMM was estimated by using leave-one-cluster-out cross

validation (LOCOCV) [72], Owing to the number of clusters used in the current study and the

lack of an independent validation dataset. LOCOCV

values of AGB obtained from the LOCOCV (i. e. ,SQRT(AGB')^ were corrected for bias

(caused by the square root transformation) using the method by [73] according to

(4)

where MSE is the mean square error of the model. Relative root mean square error from the

LOCOCV (RMSECV%)

as

(5)
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model (i.e., null model) and a residual random intercept model. The two models were

was therefore applied. The predicted

was used as a criterion for assessing model accuracy and calculated

AGBcorrcc[cd = (sQRT(AGBrf + MSE

RMSE(V % = - ---------------- x 100
y



where y, and y( denote ground reference AGB and predicted AGB for plot i. respectively, and

y denotes mean ground reference .AGB for all plots. RMSECV% is a good measure of how

accurately the model predicts the response and is the most important criterion for fit if the

main purpose of the model is prediction [74],

Non-parametric method

k -NN imputation

Imputation using A-NN is a non-parametric method that has often been used for predicting

various attributes in forest inventories supported by remotely sensed auxiliary information [

e.g. 75, 76]. In A-NN terminology it is typically distinguished between reference and target

datasets. The population units for which observations of both response and explanatory

variables arc available is labeled reference set; the set of the population units for with only the

explanatory variables are available is termed as the target set. In our study, the reference set

contained both ground reference AGB and the ALS metrics, while the target set contained

only the ALS metrics.

quantified by the means of the Euclidian distances calculated in the feature space as:

Xt-Xj^Xi -Xj) (6)

where x, and x;- are the feature vectors. Hence, the similarity between the target and reference

observations will increase as the distances decreases, and consequently the nearest

neighbor of the ith target observation is the reference observation located at the shortest

Euclidian distance in the feature space.

The imputed value y(- is expressed as a weighted sums of the responses taken from the nearest

k reference observations as follows:

(7)
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The similarity between the ith target observation and jth reference observation was

du =



where y,/,/ = 1,2 k is the set of the response variable observations for the k

reference set elements that are nearest to the \th target set elements in the feature space. The k-

weights associated with the response in equation 6 were obtained as

(8)

In order to reduce the data redundancy and improve the overall interpretability, a variable

selection procedure was applied by using varSeleeiion function myalmpute package [77] of

the R software [67]. Model fitting was done by using knnreg function in caret package [78].

For A-NN imputations, selection of A has an influence on the accuracy of the imputation.

Large values of A are not recommended since this will shift the predictions towards the

sample mean [26]. For this study

from cross validation (not presented here). LOCOCV was used to assess the accuracy ofk-AW

imputations, where one cluster al time was used as the target set while the remaining clusters

and heteroscedasticity due to cluster structure, we computed the residuals from the LOCOCV.

then w'c fitted a residual intercept model and compared with residual random intercept model

using likelihood ratio test. Lastly,

Assessing the effect of post-stratification on prediction accuracy

lo account for the variation in prediction accuracy that might be attributed to the differences

further evaluated for different vegetation and land use types. Both relative root mean square

errors from model predictions (RMSE%) and LOCOCV (RMSECV%) were calculated and

presented for each category of vegetation and land use type. Specific LMMs (i.e., random

fitted for the post-strata as defined by vegetation and land use types.
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in vegetation and land use types, the best LMM (i.e., LMM with variance structure) was

we compared A-NN and LMM using RMSECV%.

intercept models) were

we used A-values of 5 and 10 based on our initial results

were used at the reference set. To assess the ability of the A-NN to account for the dependence



The models were evaluated using LOCOCV. For each of the post-stratum model, R- and

non-post-stratificd model for the respective post-stratum.
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Convention on Climate Change (UNFCCC) has devel­
oped the mechanism called Reducing Emissions from 
Deforestation and Forest Degradation in tropical coun­
tries (REDD-). There is high interest in seeing such ini­
tiatives to take form, but a key limitation for successful 
implementation of REDD- is reliable methods for quan­
tifying forest aboveground biomass (AGB) [2,3]. Such 
methods are important because payments for carbon off­
sets under REDDr are based on estimates of carbon 
stock and stock changes over time. Moreover, AGB in­
formation is also useful for understanding the contribu­
tion of the tropical forests to the global carbon cycle and 
ecosystem processes |4].
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Background: Aul oir u laser scanning CALS) has recently emerged as a promising tool 10 acquire auxiliary 
information for irrpmvina uboveaiOwnd biomass (AGB) estimation in sample-based forest ir vcntoncs Under 
design-basca and n-cael assisted inferential frameworks. the estimation relies on a model that relates the auxiliary 
ALS metrics to AGB estimated on ground plots die size o' the field plots has been identified as one source of 
model uncertainty because of the so-called boundary effects winch increases with decreasing plot size Recent re­
search m tropical forests has aimed to quantify the boundary effects on moocl prediction accuracy, but evidence of 
the consequences for the final AGB estimates is lacking In this study we analyzed the effect of field plot size on 
model prediction accuracy and its implication when used m a model-assistea inferential framework.
Results: The result- - bowed that the prediction accuracy of the morsel improved as the plot size increased The 
adjusted I- increased 'rom 0 35 to 07a while the relative root mean square error decreased from 63 6 to 292% 
Indicators of bo».r c:.ny effects were identified and confirmed to have significant effects on the model residuals. 
Variance estimates c‘ model-assisted moan AGB relative to corresponding variance estimates of pure ficid-baseci 
AGB. decreased with ircieasit r; plot size m the range from 203 to 3C00 nr. The variance ratio of field-based esti­
mates relative to model-assisted variance ranged from 1 7 to 7.7
Conclusions: This study showed that the relative improvement m precision of AGB estimation -when increasing 
field-plot size, was qicater for an ALS-assisred inventory compared to that of a pure field-based inventory.

Keywords: Airborne laser scant uno, Mocicl-assisteci estimation. Plot size. Aboveground biomass

Background
Tropical forests play an important role in the global car­
bon cycle as they store about -10% of the global terres­
trial carbon, and absorb larger amounts of CUT from the 
atmosphere than any other vegetation type [1]. Despite 
their potential, tropical forests continue to be exploited 
at alarming rates, by being converted into secondary for­
est and many other forms of land use. In an effort to 
conserve tropical forests, the United Nations Framework
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Airborne laser scanning (ALS) has emerged as one of 
the most promising remote sensing technologies to sup­
port AGB forest inventories in boreal-, temperate-, and 
tropical forests [5], A particular strength of Al.S for for­
est applications is its ability to accurately characterize 
the three-dimensional (3D) structure of the forest canopy 
[6]. Such information is more useful for forest inventories 
than the information from other remote sensing tech­
niques see e.g. [7|. Height and density metrics derived 
from the Al.S data has been reported to be highly corre­
lated with AGB see e g. [8,9]. Furthermore, Al.S has shown 
to be superior to other remote sensing data sources be­
cause the relationship between AGB and the remotely 
sensed information has a much higher saturation level for 
Al.S compared to other types remote sensing. Because of 
this, Al.S is a highly appropriate choice of technique in 
high-biomass forests. Based on its potential, Al.S has re­
cently been recommended for Monitoring. Reporting and 
Verification (MRV) systems under REDD- initiatives [10],

Estimation of AGB using ALS is often carried out 
according to the area-based approach (ABA) [11] In 
ABA, empirical models between various metrics derived 
from the ALS data and AGB values obtained in geo­
referenced field sample plots are fitted. The area of 
interest is then tessellated into grid cells [12] with the 
same size as the plots [13,bl] and the developed models 
are used to provide cell-wise predictions of AGB. Finally, 
estimates for the particular area of interest (forest stand, 
forest properly, village, district, or nation) are provided 
by summing the individual cell predictions For some es­
timation approaches, adjustment of model prediction 
bias 115] is also carried out.

As indicated above, the modeled relationship between 
ALS metrics and ground-based values is of fundamental 
importance for the outcome of the ALS-assisted estima­
tion. The use of field plot data for model development 
requires co-registration of field plot location with the 
ALS data [16,17]. In an ALS-assisted inventory, the 
point cloud is extracted only within the plot perimeter. 
However, in field measurements trees are treated as be­
ing inside plots if the center point of the stem is inside 
the plot. This is a challenge in ALS-assisted forest inven­
tory, since the crowns of trees just outside the plot 
border partly extend into the plot area which means that 
the ALS data will be affected by trees that are not regis­
tered in field. Conversely, also trees just inside the plot 
extend their crowns beyond the plot boundary. This 
means that there may be mismatch between the data 
captured in field and from the air.

In order to reduce these boundary effects, it has been 
suggested in a number of studies to use larger plots in 
ALS-assisted forest inventory see eg. [18,19]. This is be­
cause. as plot size increases, the perimeter to area ratio 
decreases and thus the plots include a lower proportion

of boundary-related elements. Similarly, the relative and 
negative influence of a given plot positioning error is re­
duced because the relative overlap between the field- 
and ALS-data becomes larger as plot size increases 
Reduction in model errors are also expected bv increas­
ing plot size due to so-called spatial averaging of the er­
rors [20|. because both the tick! observations ami the 
ALS data capture more of the spatial variation as they 
increase in size. Thus, as plot sizes increase, the vari­
ances of field-based and Al.S assisted estimates are ex­
pected to be reduced, which means that fewer plots are 
needed to reach a certain precision of an AGB estimate. 
However, large plots also have disadvantages by being 
more complicated to measure, which may affect the time 
consumption for collecting tick! measurements [21). 
This makes it challenging to select the "optimal" plot 
size that balances the tradeoff between plot size, sample 
size (number of plots), on-plot costs, traveling costs and 
precision of ALS-assisted AGB estimates in different for­
est types.

As indicated above, plot size has a profound effect on 
the precision of ALS-assisted .AGB estimates for several 
reasons. Likewise, the plot size has an impact on the 
precision of pure field-based estimates for reasons men 
tinned above: larger plots capture more of the variability 
in the area of interest and thus precision will tend to im­
prove as long as the sample size is kept constant .A key 
question is therefore if larger plots will favor ALS- 
assisted estimation precision to the same extent as it fa­
vors field-based estimation precision. Different responses 
to plot size should have a direct impact on bow tropical 
ALS-assisted field sample surveys should be designed as 
their designs currently are "optimized" for pure field­
based estimation.

Forest sample surveys are often designed according to 
design-based (probability-based) principles. Simple ran­
dom sampling is one of these principles, and analytical 
and so-called design-unbiased estimators and corre­
sponding variance estimators exist for a great number of 
such designs. When auxiliary data such as those ac­
quired bv ALS are at hand for the entire area of interest, 
or at least with partial coverage of the area of interest, 
use of these data can greatly improve the precision over 
a pure field-based estimate assuming the same design. 
The inferential framework applied under probability 
sampling when a model is used to predict AGB using 
the ALS data is known as design-based model-assisted 
(MA) estimation. In the MA framework, the model is 
used to predict AGB for grid cells and then AGB is 
summed over all grid cells as indicated in the ABA, but 
in addition to that, the model predictions for the ground 
samples are used to provide an estimate of bias in the 
model predictions, which corrects the pure model-based 
estimate. Several studies see e.g. [22-2-1] have indicated
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that Sz\GBbtl|i,r and MAGBbullcr contributed to explain­
ing the variation in the relative residual errors 
(Table 2). Relating the absolute value of the relative re­
sidual with plot size using simple linear regression 
model indicated that there was a highly significant ef­
fect of plot size (p< 0.0001). Furthermore, the param­
eter estimate for plot size was negative showing that 
the relative residual is larger in absolute terms for 
small plots compared to larger plots (Table 3).

the potential of MA estimation in reducing the variance 
of AGB estimates in boreal forests, but apart from some 
indications provided by |23], neither of them has ana­
lyzed how the variance of the estimates is affected by 
changes in field plot sizes, in tropical forests where the 

current study was conducted, there is even less know­
ledge regarding performance of MA estimation using 
AIS with varying plot sizes Several tropical studies have 
examined the effects of plot size on model prediction ac­
curacy See eg [25-27], but none of them have assessed 
the effects on the precision of AGB estimates and com­
pared such precision estimates with corresponding pre­
cision of field-based AGB estimates using the same 
sampling design, which is of fundamental importance 
for designing future sample surveys serving multiple 

purposes and estimation approaches.
The objectives of this study were to (1) examine the 

effects of field plot size on AGB regression model qual­
ity. (2) assess plot boundary effect and its impact on 
model quality based on the field data, and (3) quantify 
the precision of /\LS-assisted estimates of .AGB relative 
to field-based estimates of AGB assuming the same de­
sign for different plot sizes The study was conducted in 
tropical ram forest in Tanzania with high AGB densities, 
which was expected to represent a particular challenge 
in terms of large boundary effects.
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Boundary effects
Boundary effects were studied by analyzing how the rela­
tive residual errors of the models were affected by the 
ground reference AGB of the trees in an outer buffer 
zone for different field plot sizes. Our results showed

Table 1 Selected ALS metrics for different plot sizes

Plot size (m2) n 
2CO 
300 
■100 
5C.0 
(W 
/Cm 
801 
500 
C«1 
rco 
12C0 
’.300 
MOO 
1500 
1603 
i/W 
182'3 
1W0 
2000 
2 00 
2200 
2303 
2400 
2500 
2600 
2700 
2830 
2900 
3000

Results
Effects of field plot size on ALS AGB predictions
To assess the effect of plot size on ALS assisted forest 
inventory, we first fitted the regression models lor each 
of the plot sizes. The independent variables selected var­
ied between the models developed for the different plot 
sizes (Table 1). The number of variables varied between 
two and three. For all models, the parameter estimates 
were significantly different from zero {p < 0.05) and the 
VIF values were <10, indicating acceptable levels of 
multicolinearity. The variability explained by separate 
models (i.e adjusted R’) improved as the plot size in­
creased. with few exceptions (Figure la). The adjusted 
R‘ ranged from 0.35 for the plot size of 200 m‘ to 0.74 
for the plot size of 3000 m*. The RMSE% values for 
LOOCV decreased non-linearly with increasing plot size, 
from 63.S to 29.2% (Figure lb). The MPE% values 
(Figure lb) and the pattern of under predictions for plots 
with high AGB were relatively lower for larger plots com­
pared smaller (Figure 2). However, it should be noted that 
the number of the larger plots was relatively small.
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Efficiency of AIS-assisted AGB estimation

The SE estimates for the field-based AGB estimates were 
larger than the corresponding model-assisted SE esti­
mates (Figure 3). For the plot sizes that allowed consist­
ent analysis for all 30 sizes, i.e from 200 to 1900 m?. the 
field-based SE estimates decreased from 58 0 Mg ha'1 to 
28.7 Mg ha’1, while the model-assisted SE estimates de­
creased from +1.3 Mg ha’1 to 15.5 Mg ha’1. Relative to 
the mean of field reference AGB for the plot size from 
200 to 1900 m*. the field -based SE estimates decreased 
from 1-1.1% to 8.2% , while for the model-assisted esti­
mates decreased from 10.8% to -1 Similarly, for the
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larger plots (up to 3000 m‘ I tor which 22 observations 
were available for consistent analysis, the SE esiimates 
for model-assisted were relatively much smaller com­
pared to the field-based inventory. In both cases the SE 
was higher for smaller plots compared to the larger 
plots Generally, the effectiveness of the Al.S-assisted es­
timates was more improved as the plot size increased 
compared to the field-based estimates This indicates 
that larger plots are relatively more favorable for Al.S- 
assisted estimation than for pure field-based estimation 
I'he RE values were >1 with a maximum value of 3-1 
(Figure -II for the plot sizes ranging from 200-1900 m‘
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Table 3 Parameter estimates for the model relating 
relative residual in absolute form and plot sizes 
Coefficients Parameter estimates

Intercept 0 50-0

Plot $<ze 0.C002

6 m buffer
Parameter estimate

O‘?35

0 i£-V

00591

0 2015
’ isos MAGB.^-,. with plot identity

r ratio of Mjximum AG8 at the buffer to the ground

difficult to establish. For example, in 
it can be difficult to keep the sides

Discussion
The findings of this study demonstrated the importance 
of choosing appropriate field plot sizes in ALS-assisted 
forest inventories in tropical forests. This is particularly 
important given that field campaigns are expensive and 
time consuming, and linking field measurements with 
remotely sensed data in the most effective manner 
would benefit both REDD - implementations, together 
with al) other studies related to forest carbon cycle. The 
current study extends previous research conducted in 
tropical forests, by having a dataset with a wide range of 
plot sizes. Furthermore, most of the previous studies 
have used rectangular plots.

See e.g. (18.26], whereas in this case circular plots have 
been used Circular plots arc more convenient for re­
mote sensing studies compared to square or rectangular 
plots because only a single coordinate together with a 
plot radius are needed to match the two data sources 
geographically [19,28,29]. Circular plots are also within 
certain sizes easier to establish in the field because they 
have one dimension (i.e. radius) that defines the plot

for which we have a complete dataset of 30 plots. For 
the other set with plot size up to 3000 m2 the maximum 
RE value was 7.7. Il should be noted that the peak in 
relative efficiency for the smallest dataset (22 plots) in 
Figure -I was caused by considerable change in the ob­
served .AGB for a single plot when increasing the plot 
size beyond 2000 m2 The inc leasing AGB was due to a 
large tree that was included in the plot measurements 
once the plot radius exceeded 25 in. This illustrates that 
in a small dataset the results can be sensitive to indi­
vidual observations and even to the presence of indivi­
dual trees.

p-value 
OSO22

<0KX>l

•:CC«>1
fi«od effects with plot identity as random effect Model 2 uses

of AGB at the buffer to the ground reference AGB per hectare. MAG8t.,.«f(

....
Intrrcrj I

V-Vb,

Medels " Two models Model 1 uses SAGB, 
(see te«t)
*SAG9r,/.r, ~ Ratio of either sum 
reference AGB jx’r hectare lf.ee !<•■«).

Table 2 Coefficient estimates for models explaining residual errors of AGB using information extracted 

from buffer zones 
Models' Model 

parameter

smaller circumference to 
than all other plot shapes. However, the visi-

■ on a circular 
the plots get larger.

time for the 
of the area of a rectangular 

i increased marginal cost 
tree) if the width of the plot 

;s kept constant and inclusion of trees are made with 
reference to the long side. However, rectangular plots 
are in general more difficult to establish. For example, in 

nigged terrain 
parallel.

Our findings demonstrated em; 
fects of increasing plot sizes on i 
power of the AGB models The model fit (adjusted R2) 

of the regression models was improved as ' 

creased. Reduced circumference to area 
averaging, and less effect of positioning errors are prob­
ably the main reasons. The fit of our models are in line 
with previous ALS-based studies in both tropical forests 
and temperate forests For example, [30] reported R2 of 
0 7S in the tropical rainforest of Hawaii islands while 
(31) reported R2 of 0.64 in a tropical rainforest of West 
Africa Furthermore, results from the cross-validation 
showed smaller RMSE'.'o and MPE% (Figurelb) for larger 
plots compared to smaller plots. Similar trends have 
been reported and discussed by other authors in both 
temperate and tropical forests see eg. [32].

Plot boundary effects have been discussed in previous 
studies see e.g. [16,33] as one among the sources of 
model error in ALS-assisted inventories, particularly 
when relying on small plots. We demostrated this in two 
steps; first by relating relative residuals to the sum of 
AGB per hectare for all trees in the buffer (SAGBbun,.r ) 
and the maximum AGB per hectare for the largest tree 
in the buffer (MAGBbull>.r ) where we noted that their 
importance were depending on the size of the buffer. 
The buffer conditions as expressed both by (MAGBbullrr) 
and (SAGBbllf(er), seemed to have more impact on the

p-value

Oc<C6

<u(X-r

<0«aT
js random

boundary. The use of circular plots minimizes the plot 

boundary effects because of a 

area ratio t___
bility from the plot center to the perimeter 
plot is increasingly hampered as t' 
which increase per tree measurement 
border trees. An increase 
plot would not necessarily mean 
(cost of including one more t.__’ 
is keot constant and inclusion of trees

pirically the positive ef- 
improved predictive

plot size in- 
ratio. spatial
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Conclusions
To conclude, our study has demonstrated that field plot 
size effect the prediction accuracy of ALS-assisted AGB 
estimation in the tropical forests. Generally, there was 
substantial improvement in prediction accuracy from

would be toward larger and fewer plots as one introduces 
Al.S lo support in the estimation. Even this finding can be 
attributed lo the effects discussed above, namely reduced 
boundary effects and co-registration errors

Despite the potential of improving the efficiency of 
ALS-assisted inventories by use of larger plots, choice of 
an "optimal" plot size must be seen in a broader context 
by considering a number of factors including; sample 
sizes, on-plot costs, traveling costs and overall field in­
ventory design. Several authors see e.g [20,23.30] have 
indicated that selection of the plot size also will depend 
on forest types, available resources and the needed preci­
sion Based on our findings, there is larger potential of 
gaining efficiency of using ALS data in this type of forest 
when the field plot size is larger than 1200 nr. Finally, 
even though our study was limited to the tropical rain­
forests of Tanzania, the major findings are of interest 
and efforts should be taken to upscale to other tropical 
forests by considering more factors that would lead to 
selection of “optimal" plot size.

Plot size (mJ)

r'tt "i.xs . . .end ir t.-.c ‘..in e'e >j.j: i'vIs ae to and zCO

residual error with decreasing distance to the plot 
judged by the A1C values (Table 2), which is logical. Fur­
thermore. when comparing the two variables. SAGBr,U|f„ 
seemed to lose less explanatory power by going from 3 
meter to 6 m buffer than MAGBhlllk.,. This result was also 
expected because the representation of the whole buffer by 
SAGBl,ll||,,I is less prone to be changed by the increase in 
size compared to ,MAGBbllItl.t which is calculated from a 
single tree. Furthermore, the decrease in ALS model resi­
duals (Table 3} with increasing plot sizes is a clear indica­
tion that smaller plots are more prone to boundary effects 
compared to larger plots.

Contribution of ALS data in improving precision of 
AGB estimates was also demonstrated within varying 
ranges of plot sizes. The RE values were> 1, indicating 
that ALS-assisted estimation is more efficient compared 
to pure field-based estimation. To achieve similar preci­
sion of a pure field-based estimate relying on simple ran­
dom sampling, would mean to increase the sample size 
for the field-based inventory by a factor equivalent to 
the value of RE, which would have a substantial effect 
on field inventory costs. In general, the gain in relative 
efficiency was more pronounced as plot size increased, 
suggesting that larger plots are more favorable when z\LS- 
data are used to assist in the estimation. Even though we 
did not undertake any analysis of cost-efficiency, the trend

Figure 3 fii-la t'j'.'C j-i'J rr?a.?l h-jU-i
I? n j
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Methods
Site description
The study was conducted in zXinam nature reserve 
(ANR), which is situated in the southern part of the East 
Usambara Mountains in northern Tanzania (Figure 5). It 
was gazetted in 1997 with a protected area of 8,380 ha. 
ANR lies between 5’14' - 5” 04' S and 38’ 30' - 38’40' E, 
with an altitudinal range of 190 to 1130 nt above sea 
level [34] Rainfall is heavy at higher altitudes and in the

Data collection
Sampling design
.An initial probability sample of 173 field plots with an 
average size of 900 in’ were established across ANR ac­

cording to a systematic design (450 m x 
between plots) in 1999-2000 by a non­
conservation and development organization, 
Tanzania [34] (Figure 5). The plots

re­

target plots compared to smaller plots Indicators of 
boundary effects were also identified and confirmed to 
have significant effects on the model quality From a 
purely technical point of view, our results suggested that 
it is relatively more favorable to increase the plot size 
when Al.S is used to enhance the estimates. This study 
showed that there is a relative improvement in precision 
of ALS-assisted AGB estimation, compared to pure 
field-based estimation up to around 3(100 in* in this type 
of forest. However, the maximum plot size of 3000 m* in 
the current study leaves an open question as to whether 
there are any additional gains in relative precision be­
yond this size. Future studies should be conducted to 
quantify the contribution of AL.S to improve estimation 
precision for even larger plots as the basis for design of 
future inventories in tropical rainforests. Similar studies 
should also be conducted in other types of tropical forests.

----- 1 I
1500 2000

Plot size (m2)

southeast of the mountain, with an average of 1900 mm 
annually. The dry seasons are from June to August and 
January to March, but rainfall is frequent throughout the 
year. The mean annual temperature is 20.6’C |35],

900 in distance 
governmental

, Frontier 
........... > were revisited and
measured in 2008-2012. In order to analyse plot size 

effects on AGB estimates, a small sub-sample of 30 targe 
plots was established. Measurements on the 30 plots 
were acquired in a separate campaign after completion 
of measurements of the targe sample. Due to high travel 
costs and long walking distances in the very steep and 
rough terrain, establishing a probability sample of 30 

targe plots across the entire study area was cost- 
prohibitive. instead we developed a sampling strategy 
by which we took advantage of the a priori knowledge 
of the distribution of AGB in the targe probability sam­
ple and selected purposefully three sub-regions within 
the study area in which the initial plots were revisited. 
There is a strong altitude-dependent AGB gradient in

Figure 4 Rcl.iti.-c c-'ficienc,- i di"< r< r t (> sees
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plots covered an elevation range of 200 to 1000 m above 
sea level (Figure 7a) so that both the lowland forests 
(<800 in above sea level) and the sub mountain forests 
(>800 m above sea level) were represented. Fhe 30 plots 
also covered a wide range of tree sizes (Figure 7b).

the study area. It was therefore important to capture the 
altitude gradient in each of the three sub-regions in 
order to resemble the AGB distribution in the initial 
probability sample.

In the sampled sub-regions, we first selected 16 of the 
plots in the initial probabilitv sample for measurement. 
We also established 14 new and additional plots along 
the grid-lines of the probability sample and located them 
exactly mid-way between two existing plots. Thus, the dis­
tance between our plots was 225 m rather than 450 in.

Although the resulting sample of 30 large plots was 
not selected according to probabilistic principles, it 
closely resembled essential properties of the large prob­
ability sample. First of all the AGB distributions of the 
two samples were similar (Figure 6) The mean AGB of 
the 30 plots with an area of 900 m’ was 366.0 Mg ha"1 
(Table 4, Figure 6), while it was 461.9 Mg ha"1 for the 
large probability sample (Figure 6). The AGB range was 
69.4-908.3 Mg ha"1 (standard deviation of 216.3 Mg ha'1) 
while it was 43 2-1147.1 Mg ha'1 (standard deviation of 
214.7 Mg ha"1) for the large sample. Furthermore, the 30

Field data
Field data were collected during November 2012. about 
six mounts after completion of the field work on the 
large probability sample On each of the 30 plots, we 
registered all trees within a radius limited by the max­
imum distance measuring range of a Vertex hypsometer 
[36], which was used to measure the horizontal distance 
from the plot centre to each tree. The maximum meas­
uring range of the hypsometer varied among the plots 
due to differences in terrain ruggedness and forest dens­
ity. The radius distribution among the 30 plots was as 
follows; 31 in (22 plots), 28 m (2 plots), 26 m (1 plot) 
and 25 m (5 plots) For each tree with diameter at breast 
height (dbh) larger than 5 cm, scientific name, local 
name, distance to plot centre and dbh was registered. A

Figure 5 iUdv <«’•J MJ p’ets ICGfucn C’: A?: jr. future icu*tve !h *.\jn L' *.* >p < Arr ■*.> 'i.iv. ft: er.infltne
T.-.J c‘ Md pxf.
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with dhh only |40-42|. Before calculating AGB, a height 
model (Eq 1). was developed using the observations of 
tree height and corresponding diameters from each plot 
A number of model forms for diameter-height relation­
ship |43-48] were tested using non-linear mixed effect ap­
proach Best model fit. judged by the Akaike information 
criterion (AJCJ), was obtained using the model form by 
[46]

h _ 1 3 + 45.5103 e.r/>(-2 7163 - c.r/;(-0 0354 • dbhj)

(1)

Field estimates of AGB
For each plot AGB was estimated by using the local allo- 
metric z\GB model developed by [39] with both dhh and 
h as predictor variables (Eq. 2). Using models with both 
dbh and h is reported to moderate the effect of large 
rfb/i-values on AGB estimates as compared to models

This model was used to predict height for trees with­
out height measurements AGB was calculated for indi­
vidual trees within each plot according to [39j i.e..

.4GB - 0 4020 • (dhh)"W(h)aM’li

and then summed to obtain total AGB for the respective 
plot. The AGB values were finally scaled to per ha values 

I for the different plot sizes (Table 4). The calculated z\GB 
i values are henceforth denoted field reference AGB.

I r

o ■]
o
O

s
o

o
o

diameter tape, rather than a calliper, was used to gauge 
diameters since tree trunks in this forest type tend to be 
both oval and large in size. The distance was measured 
from plot center to the front of each tree, and half of the 
tree diameter was added to gel the total horizontal dis­
tance The distance measures enabled us to generate any 
plot size within the limit of the maximum radius For 
this study, we decided to select radii between 7.98 m 
(200 nr) and 30 90 m (3000 nr) (Table 4) for further 
analysis. Three trees (largest, medium and smallest in 
terms of diameter) per plot were 
using a Vertex hypsometer

Precise field coordinates were determined in the centre 
of each plot by means of differential Global Navigation 
Satellite Systems (dGNSS). Topcon Legacy 40 channels 
dual frequency receivers, observing both pseudo-range 
and carrier phase of the Global Positioning System (GPS) 
and the Global Navigation Satellite System (GLONASS) 
were used as rover and base station. The post-processing 
reports from Pinnacle version 1 0 software [37] indicated 
an average error of 19 cm for the planimetric coordinates. 
The error was computed as two tunes the standard devia­
tions of the corrected single observations reported from 
Pinnacle output [3S].

aoo cco eoo
AGB (Mg ha ’)

Figure 6 Dish.t'.t cn of A( ( r » -I hr, syirrS-Ghr.
1 grey), m the c* ?■> | I-•.!•■ "■ ■ > if ■ ill. I'll qievl inc
I c.eiija teiween the ivzo ri 'tiioiJK ii' .<!’(•,1 llu .< it.<
I i'd tales the mean n! the un.ill ,-i i !e tir i'O i n.» ; .>r.d I ne h
^the n eaii of the laicn* sumpe ' 9 i r.i j

Laser scanner data
ALS data were collected during the period from 19 
January to IS February 2012 using a Leica ALS70 sensor 
(Leica Geosystems z\G. Switzerland) carried by a Cessna 
•104 fixed-wing aircraft Mean (lying altitude was 800 m 
above ground covering the entire area of ANR (i.e. wall 
to wall) at a ground speed of 75 m s'1. The scanning 
rate was 58.6 Hz and the instrument operated at a pulse 
repetition frequency of 339 kHz with a resulting average 
pulse density of 106 points m''.

Processing of the ALS data started with classification 
of each ALS echo as ground or vegetation using the 
progressive irregular triangular network densification 
method [49] implemented in the TerraScan software 
|50). z\ Triangular Irregular Network (TIN) was cre­
ated using the ALS echoes classified as ground echoes. 
The heights above the ground surface were calculated 
for all echoes by subtracting the respective TIN heights 
from the height values of al! echoes recorded. Up to five 
echoes were registered per pulse and we used the three 
echo categories classified as “single", “first of many", and 
“last of many”. The “single" and “first of many” echoes 
were pooled into one dataset denoted as “first" echoes, 
and correspondingly, the “single" and “last of many" echoes 
were pooled into a dataset denoted as "last" echoes.

Several variables were extracted from the ALS data for 
each of the field plot sizes as described by [51], For each 
plot size, height distributions of both first and last 
echoes were first created. z\ height threshold of 2.0 m 
was applied in order to remove the effect of low vegeta­
tion and echoes from ground features falsely classified 
as vegetation Then, heights at nine percentiles (10lh,
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Data analyses
Model development
Multiple linear regression analysis with ordinary least 
square regression (Ol.S) was used to develop the statis­
tical models relating the field reference AGB and the 
predictor variables from the ALS data To ensure that 
our modelling approaches met the basic assumptions of 
OLS, the response variable was transformed to logarith­
mic scale [11,52], while for the predictors both log trans­
formed and non-transformed variables were used 
Separate models with log transformed response and 
combination of log transformed and non-transformed

Table 4 Summary of field data 
Plot size (mJ) 

200 

•93 

430 

533 

630 

7&j 

800 

993 

•000 

•ICO 

•?>3 

' 300 

'493 

•‘.Co 

'e.O 

• ”20 

’Ml 

2703 

2 ICO 

2703 

2370 

2400 

2503 

2670 

2703 

2830 

2XO 

3302

Number of ptols for the different plot $i?e% together v«rth mean field reference AGB values Aith corresponding standard deviation, minimum, and maximum

20th.......90Ib) of both the first- and last echo distribu­

tions were computed to represent canopy height and la­
beled H’o.F, .... H„,i.F (first echoes) and Hm-L,

.... HW.L (last echoes), respectively. Measures of 
canopy density were also derived for first and last 
echoes of each plot size. The range between the lowest 
ALS canopy height (>2 m) and the 9511' percentile height 
was divided into 10 vertical fractions of equal height. 
Canopy densities were then computed as the proportion 
of .ALS echoes above each fraction to total number of 
first echoes and labeled D(I.F (>2 m), Dj.F, .... D„.F. 
Density variables for the last echo distribution were cal­
culated the same way (relative to total number of last 
echoes) and labeled D0L. DpL.......D.,.L. Furthermore,
for both first and last echo height distributions on each 
plot, the maximum height (Hinj, .F and H„,„.L ), mean

values (Hln,..in.F and llm^n-L), standard deviation (ILi F 
and H.d.L), coefficient of variation (HCV.F and H,v L), 
and skewness (H F and .) were computed
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Model validation and accuracy assessment
In order to assess the performance of the models for 
each plot size, leave-one-out cross-validation (LOOCV)

Analysis of boundary effects 
To analyze the boundary effects 
sidual errors of the models were 
erence AGB of the trees in an outer 
different field plot sizes. To archive this, 
field reference AGB values for 3 m c.'.J f : 
side the field plots for the plot sizes of 200-

predictor variables were fitted for each ol the plot sizes. 
We decided to fit separate models (unique variable 
combinations) for each of the plot sizes, because we 
wanted lhe model for each plot size to be the best 
and not be constrained by forcing specific variables 
into the model.

Variable selection was conducted by using reg-subset 
in the leaps package in R [S3]. The selection of the vari­
ables was limited to the best combinations of three or 
fewer variables in order to avoid multicolhneanty among 
candidate predictors The preferred models were chosen 
based on the Bayesian information criterion (BIC) [54|. 
Adjusted R2 was also used for assessing the model fit 
while multicollinearity was assessed by computing the 
variance inflation factors (VIE) The VII' values were de­
termined for the individual |5 parameters. VIE values 
greater than 10 were regarded as an indication of multi­
collinearity problems [55].

Log-transformation of the response variable introduces 
a bias when back-transforming to the arithmetic scale. 
The model for AGB was therefore adjusted for logarith­
mic bias according to [56] by adding half of the model 
mean square error to the constant term before trans­
formation to arithmetic scale.

1
Diameter at breast height (cm)

i Figure 7 Dislntu>Cns c! ‘ir-ld pier., ele..it.on r.un let c‘ Trees per hj .nd tree S.vs (a) XUi’K’l c' fil'd f.cts '.ei'.us ee.jti-n (bl t»urc.r C

■ nees per ha veisus lice •!.•<•$ ___________________ __ ________________________________________________________________________________________________________ ___________ ______________________________________________ _______________________ ._____________________________ ■_________________ _______________________________________________________

was performed. One field plot at a time was excluded 
from the dataset, and the model was fitted based on n-1 
plots to predict the AGB of the left out plot. Here, n de­
notes the number of field plots, where i - 1,... n. Rela­
tive root mean square error (RMSE %) and the mean 
prediction error (MPE%) were used as the measures of 
reliability and calculated according to

= -----------------------------------------  X

y

1 ■_----------x 100
y

Where y, and y, denote field reference AGB and pre­
dicted AGB for plot i, respectively, and y denotes mean 
field reference AGB for all plots. RMSE% is a good 
measure of how accurately the model predicts the re­
sponse and is the most important criterion for fit if lhe 
main purpose of the model is prediction [57].

■

I

_
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(5)

(6)V t.'j;

where e,

RE - ‘ (7)
‘>/.v

For model-assisted estimation, the variance estimator 
of the so-called generalized regression estimatoi is [60].

model prediction residual for plot

H(n-l)

E: .o,-yr 
n{n- 11
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200-1)00 m"’, respectively. We selected the trees with 
dbh > 10 cm and computed AGB per hectare for the lar­
gest tree in the buffer and the total AGB per hectare for 
all trees in the buffer To obtain the model residual 
error, we first subtracted the ground reference AGB 
from the predicted AGB. Then we calculated the ratio 
between the residuals and the total field reference AGB 
for the respective plot (i.e., relative residual). Similar ra­
tios between (1) sum of AGB per hectare for all trees in 
the buffer (SAGB^.ji,.,) and the field reference AGB for 
the plot and (2) the maximum AGB per hectare for the 
largest tree in the buffer (MAGBb.1!(..,) and the field ref­
erence AGB for the plot were also computed. Two em­
pirical models explaining the variation in the relative 
residual values using either SAGB.,or MAGB.,.,..,., as 
explanatory variables were developed. Linear mixed ef­
fects (LME) regression using nbnc add-on package [5S] 
in R was used for model fitting. LME models are linear 
regression models in which parameters are the sum of 
the fixed and random effects. In this case the fixed ef­
fects were either SAGB^.h,., or MAGB(,._n,f while plot 
identity was treated as the random effect. We assumed 
that each plot will have different random error struc­
tures and that the distribution of AGB within these plots 
is not independent of one another. To test the effect of 
plot sizes on relative residual, we also fitted the linear re­
gression model which relates relative residuals in abso­
lute form and plot sizes. Absolute value was used because 
we were interested in the magnitude of the residual re­
gardless of its sign.

Values of RE greater than 1 0 indicates higher effi­
ciency of Ai.S-assisted estimates than field-based esti­
mates for a given plot size. To achieve consistency in the 
analysis across different plot sizes, the dataset was di­
vided into two major groups The first group subject to 
analysis comprised all the 30 plots and allowed consist­
ent analysis of plot size ranging from 200-1900 nr. ’1 he 
second group allowing analysis from 200 to 3000 m* 
consisted of 22 of the plots.

Efficiency of ALSassisted AGB estimation
Al.S-assisted estimation of AGB within the design-based 
and model-assisted inferential framework can greatly im­
prove the precision compared to pure field-based esti­
mation. The purpose of this analysis was to quantify the 
gam in estimated precision of using ALS data relative to 
a pure field-based estimate for increasing plot sizes

A basic requirement for validity of design-based infer­
ence is the availability of a probability sample [59). As 
stated above, the current sample of 30 plots was ob­
tained as a subsample of a probability sample, but the 
sub-sampling was not conducted according to strict 
probabilistic principles. However, the sub-sample was se­
lected to resemble important properties of the large 
probability sample as closely as practically feasible Thus, 
a comparison of variances using the current data and as­
suming a probabilistic design will most likely introduce 
a bias in the estimators of unknown magnitude. Like­
wise. when a systematic sample is obtained, it is com­
mon to adopt design-based estimators assuming e.g. 
simple random sampling (SRS) although it is well- 
known that SRS variance estimators usually are posi­
tively biased under systematic sampling. The magnitude

of the bias is always unknown foi a particular sample be­
cause bias is a property of an estimator and not a particular 
sample The current analysis was conducted under the as­
sumption that the sample at hand would give a meaningful 
quantification of the effect oi plot size on relative variance 
estimates. Thus, m the i urrent study we adopted design­
based variance estimators assuming simple random sam­
pling and complete cover of Al.S data.

.Assuming SRS. the variance estimator for the field­
based AGB estimate ignoring collections for finite popu­
lation is [60].

y.-y, is the 
y”

i and c — ls mean residual for all plots.
Standard error (SE) was computed as the square root of 
the variance estimates Finally, the relative efficiency 
(RE) of ALS-assisted inventory relative to field-based in­
ventory was calculated for different plot sizes as the ratio 
of the two variance estimates, i.e ,
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Abstract

The decline of biodiversity in tropical forests is one of the major current global concerns.

However, there is still lack of information on forest biodiversity for supporting different

conservation efforts that aim at protecting and restoring the biodiversity of tropical forests.

Current remote sensing techniques may close this gap by providing spatially continuous

information that can be used for biodiversity assessment and monitoring. In this study, we

evaluated the potential of using remotely sensed data derived from airborne laser scanning

(ALS) for modeling and predicting measures of tree species diversity. Specifically, we

considered tree species richness and Shannon diversity index since they are commonly used

measures of tree species diversity. Two modelling approaches were tested: linear mixed

nearest neighbor technique (A-NN). by which both measures were jointly modelled

(multivariate approach). For both methods, we tested the effect of vegetation type on the

prediction accuracies of tree species richness and Shannon diversity index. Separate

predictions for richness and Shannon diversity index using LMM resulted in relative root

mean square errors (RMSEcv) of 40.7%. and 39.1%. while for the A-NN they were 41.4% and

39.1%. respectively. Inclusion of dummy variables representing vegetation types to the LMM

improved the prediction accuracies of tree species richness (RMSEcv = 40.2%) and Shannon

diversity index (RMSEcv - 38.0%). The study showed that ALS data has a large potential for

modelling and predicting measures of tree species diversity in the miombo woodlands of

Tanzania.

Key words: Airborne laser scanning, biodiversity, tree species diversity. k-NN.
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effects modelling (LMM). by which each of the measures was modelled separately, and the A-



1.0. Introduction

Tropical forests ecosystems host at least two thirds of the earth's terrestrial biodiversity and

provide significant human benefits at local and regional scales through the provision of

economic goods and services (Gardner ct al.. 2009). Nevertheless, the biodiversity of tropical

forests is declining rapidly due to conversion of forests to permanent agricultural land, climate

change, induced fires, and unsustainable logging practices (Bellard et al.. 2012; Chidumayo.

2013). Other consequences of these changes include increasing amount of carbon emission

from tropical forests as compared to other forest types globally. To mitigate this development.

and to conserve the beneficial ecosystem services that tropical forests can provide. Reducing

international effort under the United Nations Framework Convention on Climate Change

(UNFCCC) since 2005. REDD-r has now become the most active global land use policy

program (Matthews and van Noordwijk. 2014) in the tropical countries. Although the primary

objective of the REDD+ framework is climate change mitigation through enhancement of

forest carbon stock and sustainable forest management, co-beneflts from biodiversity

conservation are also expected (Imai et al.. 2014). However, despite this considerable

potential, methods for monitoring forest biodiversity are lacking in the context of REDD+

(Ehara et al.. 2014; Gardner et al.. 2012; Roe et al.. 2013). Efforts have so far focused on the

establishment of methods for accounting large-scale forest carbon stock and changes, with

little emphasis on forest biodiversity assessment (Imai et al.. 2014). Such methods are also

important for other subsidiary' bodies like the Convention on Biological Diversity (Chandra

and Idrisova, 2011) and Millennium Ecosystem Assessment (Mooney et al., 2004).

Assessments of biodiversity for management, conservation planning or policy

development (e.g. REDD t). however, poses a number of challenges, especially at larger

scales due to the broad, multi-dimensional and multi-scale characteristics associated with such

3
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assessments (Boutin et al.. 2009). Unlike in forest carbon assessments, where agreed and

consistent metrics exist (e.g. carbon density or emissions in metric tons per hectare), there is

lack of consensus on what to monitor in biodiversity assessments (Pereira et al.. 2013). To

account for this, the emphasis has turned to acquiring data for estimation of indicators that

aggregate and synthesize information for describing multiple aspects of biodiversity

simultaneously (Winter et al.. 2011). Species diversity is one of the most intuitive and widely

adopted indicators of biodiversity because it is strongly correlated with other biodiversity

attributes such as genetic diversity and ecosystem functioning (Chiarucci and Palmer. 2006:

Colwell and Coddington. 1994; Pereira and Cooper. 2006). Thus in many studies that aimed

at describing biodiversity of forest ecosystems, tree species diversity has been used as an

indicator of forest biodiversity (e.g. Barna and Bosela. 2015: Schmidt et al.. 2015: Shirima et

al.. 2015: Vanderhaegen et al.. 2015). Additionally, from cost-benefit and time-efficiency

perspectives, tree species diversity is considered as a more viable option for biodiversity

assessment since it can easily be derived from existing datasets such as national forest

inventories (Chirici et al.. 2012).

Species richness and species evenness are two basic measures describing species

diversity of different taxa (Magurran. 19S8). Species richness, computed as the total number

of species in a community, has frequently been used as a measure of tree species diversity in

different forest types (e.g. Chiarucci and Palmer. 2006; McRoberts and Mcncguzzo. 2005).

especially for those cases that involves comparisons of conservation values of different sites .

Species evenness (sometimes known as equitability) is describing the way abundance is

distributed among individual species in a community. A biological community, in which all

while a community in which a few species are represented by many individuals and the other

species are represented by few individuals, has a low species evenness. A number of indices

4



taking into account both species richness and evenness have also been proposed for measuring

species diversity. In this category, the Shannon diversity index (c.g. Magurran. 1988) has

frequently been used in many studies on tree species diversity (Borah ct al.. 2015: Nadeau and

Sullivan. 2015; Shirima cl al.. 2015).

I he computation and reliability of measures for tree species richness and evenness, or

for the two combined, in estimating tree species diversity rely heavily on accurate field-based

information. Traditionally assessment of tree species diversity has been done by using

ground-based surveys. 1 lowcver. for larger spatial scales ground field based surveys are

impractical due to huge amount of data to be collected. Current remote sensing techniques

may close this gap by providing spatially continuous and time-series information that can be

used to describe tree species diversity (Pricker et al.. 2015: Muller and Vicrling. 2014).

Moreover, remote sensing allows frequently repealed recording of environmental information.

and may thereby provide time-series information that arc essential for monitoring and

understanding how tree species diversity respond to different environmental factors over time

(Lcutncr ct al.. 2012).

Airborne laser scanning (ALS) is a remote sensing technique that recently has gained

wide acceptance in ecologically based studies due to its ability to quantify the three

dimensional (3D) structure of forests, which is of particular interest in characterizing

measures of tree species diversity and other taxa in the forests ecosystem (Fricker et al.. 2015;

Muller and Vicrling. 2014). However. ALS cannot measure directly the measures tree species

diversity, thus applications of ALS involve the development of statistical models or classifiers

that relate the ALS structural metrics to measures of tree species diversity derived from Held

and Shen, 2003). estimates of tree species diversity may be produced for relevant

geographical areas of interest. Models may also be used for developing tree species

5
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distribution maps that can support decision-making and conservation planning. Several

studies in tcmpearate and boreal forests, have used ALS data for modelling and predicting

measures of tree species diversity (Ceballos et al.. 2015; Leutner et al.. 2012; Simonson ct al..

2012) together with other taxa such as beetles (Muller and Brandl. 2009). spiders (Vierling et

al.. 2011) and birds (Lindberg et al.. 2015: Vogeler et al.. 2014). Parametric, and to lesser

extent non-parametric methods (e.g. random forests), have been used in these studies.

The non-parametric approach A-nearest neighbors (A-NN) have widely been used in

modelling and estimation of different forest attributes such as volume and aboveground

biomass (AGB) when using remotely sensed data (McRoberts et al.. 2015). Among the

desirable features of A-NN are the ability to handle multivariate data and non-linear and

diverse relationships between dependent and independent variables (Eskelson ct al.. 2009).

The multivariate feature of the A-NN technique makes it very useful in ecological applications

because management decisions frequently require consistent information on multiple

parameters and estimates. However, to our knowledge no study has to date attempted to use A-

NN for modelling and prediction of measures of tree species diversity using ALS data. Of

particular interests is the tropical forests, where irrespective of the methods used, only a few

studies have quantified the relationship between measures of tree species diversity and ALS

data (Muller and Vierling. 2014). Lack of ALS data and a complex structure due to the large

number of tree species in tropical forests, as compared to temperate and boreal forests, arc

among the possible reasons for that fewer studies of this kind have been carried out in tropical

forests. Furthermore, the few studies that do exist (e.g. Fricker et al.. 2015: Hernandez-

Stefanoni et al.. 2014). have not attempted to analyze the influence of vegetation types/forest

types on the relationship between measures of tree species diversity and ALS data. Vegetation

types are considered as important sources of forest structural variation (Swatantran et al..

201 I), which would also affect the prediction accuracy of tree species diversity when using
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ALS data. Stratification and post-stratification of'forest inventory information has been

al.. 2015). particularly in the studies related to prediction of different forest attributes using

ALS data. However, such studies are still limited in the aspects of tree species diversity as

compared to AGB and volume.

I he overall objective of this study was to assess if ALS data can be used to predict

measures of tree species diversity in miombo woodlands, forests and other vegetation types

surrounding the woodlands in Liwale district, Tanzania. The specific objectives were to: I)

examine the performance of parametric and non-parametric methods for predicting measures

of tree species diversity using ALS data; and 2) assess the prediction accuracy of measures of

tree species diversity across vegetation types.

7
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2.0. Materials and Methods

2.1. Study area description.

The study site is located in Liwale district Lindi region (Fig. 1) and it occupies an estimated

area of about 15.867 knr in the south-astern part of Tanzania. The altitude ranges from 360 to

900 meters above sea level. The area experiences an annual rainfall ranging from 600 mm to

1000 mm. the majority between November and early April. The average annual temperature

ranges between 20°C and 30"C (LDC. 2014). The vegetation type that dominates the study

area is miombo woodlands, characterized by the presence of three genera: Brachyslegui.

Jubernardia. and Isoberlinia from the family Fabaceae and sub-family Cuescdpinioidciie.

Even though the area is mainly dominated by miombo woodlands, forests and other

vegetation types that were neither woodlands nor forests, were also found in our study area.
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Fi<i. 1. Location of the study area in Liwale district, southern Tanzania.
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2.2. Dahi collection and processing

2.2.1. Field data

used the Held plots that were established and measured by the National Forest

Resources Monitoring and Assessment (NAFORMA) program in 2011. NAFORMA is the

first ground based national forest inventory' of Tanzania that has been conducted from 2009 to

2014 covering different vegetation types across the country (MNRT, 2015). In our study area

(i.e. Liwale) the initial measurement by NAFORMA was completed in June 2011. Eight

months later (February 2012) we revisited all the plots to ensure temporal consistency with

the ALS data acquisition (February/March 2012) but also to accurately record the positions of

the plots using survey grade Global Positioning System and the Global Navigation Satellite

System receivers.

2.2.2. Sampling design

The sampling design adopted by NAFORMA is systematic double sampling for stratification

with individual plots allocated in clusters (Fig. 2). The design was chosen after sampling

budget constraints (Tomppo ct al..

2014). In the first phase, a dense grid ofclusters was over laid on the map of Tanzania

mainland at distance of 5*5 km between the clusters. All first phase clusters across the

country- were then stratified into 1 8 strata based on three criteria: predicted growing stock

volume, accessibility and slope. The second phase sample was systematically selected from

the first phase for each individual stratum with different sampling intensities in each of the 18

strata. Higher sampling intensities were used in strata with large predicted growing stock

volume and lower sampling intensities were applied in strata with low predicted growing

stock. The clusters selected during the second sampling phase determined which clusters to be

measured in the field. Ten plots were allocated systematically according to an ‘*L’‘-shaped

9

simulations to reduce uncertainty of estimates under given

In this study we



pattern in each cluster (Fig. 2). The distance between plots within a cluster was 250 in while

the distance between clusters varied from 5 to 45 km. The details of the planning of this

design are given in Tomppo et al. (2014).
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5
2 SO m

250 m

3

2

Plot 1

Fig. 2. The structure of a NAFORMA cluster. The field sample plots are represented by black

dots, and the ALS coverage is shown with gray shading. Note that the AI.S measurements do

not cover the entire cluster.

2.2.3. Plot data

The NAFORMA cluster structure has a total often plots per cluster (MNRT. 201 1). however

during the re-measurement we omitted two plots in each cluster (Fig. 2). because they were

outside the corridors designated for ALS data acquisition. Thus, eight plots per cluster were

re-measured in the field. Differential Global Navigation Satellite Systems (dGNSS) were used

to positions the center of each sample plot. Two Topcon Legacy 40-channels dual frequency

receivers observing both pseudo range and carrier phase of the Global Positioning System

(GPS) and the Global Navigation Satellite System (GLONASS) were used as rover and base

station, respectively.

10
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The re-measurements of the NAFORMA plots used in the current study followed the

NAI-ORMA field protocol. The plots had a concentric circular design with 15 in radius.

diameter tape following the concentric plot design described in Fig. 3. Height measurements

ol species names of even,’ recorded tree in the plot was done by the professional botanist from

I anzania Forest Research Institute (TAFORI). The identification was also guided by the

previous tree species information recorded by NAFORMA in 2011 to ensure consistency

between the two measurements and that the same names were used for every measured tree.

For all the trees that were identified, the species names were further con finned by using

the Herbarium at Lushoto Silviculture Research Centre before further analyses.

grouped our data into three distinct vegetation types (NAFORMA broad categories):

woodlands, forest, and other vegetation types as described in Table 1 and further elaborated in

iMNRT (201 I). This information was used to stratify the plots into more homogeneous

ecological groups with the objective of helping to explain the variation in tree species

diversity better.
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Within each plot, diameter at breast (cihh) for the trees was measured using calipers or

NAFORMA checklist to ensure that botanic names are correctly recorded, this was done in

On each plot, information on vegetation types were also recorded. For this study, we

were done lor every fifth tally tree in the cluster by using a Suunto hypsometer. Identification



1) Within 1

R=1 m.

4)

Fig. 3. NAFORMA concentric sample plot design.

Woodlands Moderate biodiversity value.

Less biodiversity value

12

Within 15 m radius; all trees with 
dbh > 20cm were recorded

Other vegetation 
types

• In this category, we refer to 
bushland, grassland and 
cultivated land.

• 'Hie canopy cover in these 
categories is more sparse as 
compared to forest and 
woodlands.

• Detail description of individual
categories are given in MNRT 
(2011). ” 

tn radius; all trees with 
dbh > I cm were recorded

Table 1. Brief description of the structure and biological values of the three vegetation types. 
Vegetation types_____Description___________________________Biodiversity________________
Forest The forest category referred to in this High biodiversity values,

study comprised of low land forests.
• They occur at an elevation less 

than 800ni.
• They are characterize by semi

ever green closed and dense 
canopy.____________________

• Generally, the canopy cover for 
the woodlands is less dense as 
compared to forest.

• frees arc well spaced with short 
trunked and spreading canopies.

• Most of the woodlands are 
deciduous.

2) Within 5m radius; all trees with 
dbh > 5cm were recorded

3) Within 10m radius; all trees with 
dbh > 10 were recorded

"'"xsR=10 m\R=15 m 
R=5 m /\s \



2.2.4 Calculation oj the measures of tree species diversity

In this study we considered tree species richness and Shannon diversity index as the

commonly used measures of tree species diversity. Calculation of the two measures of tree

species diversity was done for each sample plot, and only trees with dbh > 5 were considered.

I ree species richness (S) was calculated by summing the number of tree species in each of the

plot i, while Shannon diversity index (/■/') was calculated as:

H' = - Zf: i P, In p, (I)

where pi is the proportion abundance of the ith species relative to the total abundance

of all the species (S) sampled in the plot i and In is the natural logarithm. Shannon diversity

index assumes that the p(’s are population parameters where all the species in the population

the population and is biased because the number of species observed in the sample (e.g. field

plot) is less than species in the population. But. if sampling is adequate, this bias is considered

to be small (Oldeland et al.. 2010).

To assess sampling adequacy of our sample plots, we developed species accumulation

curves (Kindt and Coe. 2005) as presented in Appendix 1 and 2. The curves seem to approach

asymptotic levels, indicating that the number of sample plots employed provided adequate

representation of tree species richness of the study area. All the calculations and plotting were

done by using vegan library (Oksanen et al.. 2011) in R statistical software following the

procedure by Kindt and Coe (2005). Summary' statistics for the tree species richness, and

Shannon diversity index over the different vegetation types are presented in Table 2.

13
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387 239 0.02Woodlands 5.36 0.12 1.20

0.0740 6.68 0.3690 I 29Forest

zXgriculture and other cover types 0.080.31 0.7357 79

270 0.025.22.All 484 0.12 1.15

2.2.5. ALS data

The ALS data were acquired in the period between 10 February and 7 March 2012. Thirty-

two parallel strips with an average width of 1374 m. were systematically distributed over the

study area in east-west direction (Fig. 4). The ALS strips were spaced 5 km apart, following

the NAFORMA 5*5 km grid. A Leica ALS 70 airborne laser sensor (Leica Geosystems AG.

Switzerland), carried by a Cessna 404 aircraft was used for data acquisition. The

measurements were acquired from an average flying altitude of approximately 1 200 m above

the ground, at an average ground speed of 77.2 ms'1. The sensor was operated al a pulse

repetition frequency of 193 kHz. with a scan rale of 36.5 Hz. The beam divergence was 0.28

m rad which produced an average footprint size on the ground of about 34 cm. The average

pulse density was 1.8 m 2.

The data were initially processed by the contractor (TerraTec AS, Norway), where the

first step was to classify echoes into ground- and vegetation echoes. Then, a terrain model was

built using the progressive Triangular Irregular Network (TIN) dcnsification algorithm

(Axelsson. 2000) implemented in TerraScan software (Anon 2012). The heights above ground

(the TIN surface) were calculated for all vegetation echoes by subtracting the respective xy-

corresponding TIN heights from the echo height values. Up to four echoes were registered per

14

Table 2. Number of field sample plots (n). total tree species richness, mean, standard error 
(Sc) of tree species richness and Shannon diversity index for different vegetation types.

Vegetation typea n Tree species richness Shannon diversity index
Total Mean Se Mean Se

a Vegetation types according io MNR'I (20111.



pulse and we used the three echo categories classified as “single", “first of many", and “last of

many". The "single" and “first of many" echoes were pooled into one dataset denoted as

"first" echoes, and correspondingly, the "single" and "last of many" echoes were pooled into

a dataset denoted as "last" echoes.

Separate height distributions were derived from the first and last ALS echoes and used

to extract ALS metrics for each sample plot. .A threshold of 1.3 m above ground was used to

separate canopy echoes. Below this height, echoes were considered to have been reflected

from shrubs, grass, or ground, i.e.. non-tree objects. Height variables for first and last echoes

including maximum value (MaxF and MaxL). mean value (MeanF and MeanL). coefficient of

variation (CVF and CVL). and percentiles at 10% intervals labeled PFO. PF 10......PF90 (first

echoes) and Pl.O. PL 10...... PL90 (last echoes), were computed. Furthermore, several

measures of canopy density were derived. Canopy density was calculated for 10 different

vertical layers according to Ntesset (2004). The height of each layer was defined as one tenth

of the distance between the 95 percentile and the lowest canopy height, i.e., 1.3 m (Gobakken

et aL, 20 I 2). Canopy densities were then computed as the proportions of ALS echoes above

fraction »0. 1........9 to total number of echoes, and denoted TF0 ( >1.3 m). TF1......TF9 for

the first echoes and TL0. TLI...... TL9 for the last echoes.
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Fig. 4. Map of the study area. ALS strips coverage, and distribution of sample plots.

2.3. Statistical analyses

2.3.1. Outline of the analyses

used to develop statistical relationship between

the measures of tree species diversity and the ALS metrics. Specifically we used linear mixed

effects models (LMMs) and the A-NN approach. The analyses were performed based on the

following steps below:

16

i 
lz=-
I 
I 
ir=

3

I
i

• Sample1 f let
I__ 5 AL S *.eip>
'___.StuJ. xrj

 
 

 
=1

f  

 =1

Parametric and non-paramctric methods were



I. Explanatory variables for predicting each of the measures of tree species diversity (i.e.

tree species richness and Shannon diversity index) were selected separately for fitting

I.MMs.

2. Separate I.MMs for tree species richness and Shannon diversity index were lilted.

3. Multivariate approach was then used for selecting explanatory' variables and predicting

measures of tree species diversity using A-NN techniques.

4. Both of the two methods were evaluated and compared using measures of reliability

derived from the cross validation.

Effects of vegetation types on the prediction accuracy of the measures of tree species5.

diversity for each of the method was assessed.

2.3.2. Parametric method

Model development (LMMs)

When modelling measures of tree species diversity using ALS data previous studies (e.g.

Fricker el al.. 2015: I lernandez-Stefanoni et al.. 2014; Wolf el al., 2012) ordinary' least square

regression (OI.S) have most frequently been used. However, in this study the sampling design

characteristics employed by NAFORMA (section

where the Held plots are nested within the clusters. Theoretically this may induce a spatial

dependency among the plots measured from the same cluster, and thus it is likely that the

basic assumptions of uncorrelated error terms might not hold. LMM in this case was

potentially an ideal tool for development of predictive models that account for dependence of

the plots within the clusters, but also for ensuring that the modelling procedure adheres to the

sampling design. LMM essentially consists of two main parts i.e. a fixed effect- and random

effect part. The fixed effects are common to all subjects, while random effect parameter are

specific to each subject (Pinheiro and Bates. 2000).

17
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Model development for each of the measures of tree species diversity started with

variable selection, i.e. separate explanatory variables were selected for richness and Shannon

diversity index. In both cases a subset regression technique was used for variable selection.

Specifically we used reg-subsets function implemented in the leaps Package of the R software

(Team, 2014). The model statistics used to determine the best subsets was Bayesian

Information Criterion (BIC)- The selection of the variables was limited to the best

combinations of four or fewer variables in order to avoid multicollinearity among candidate

predictors. We also computed VIF values for each of the parameters (//s). and values greater

than 10 were considered as an indication of multicollinearity. Variable combinations that

yielded VIF-values higher that this threshold were excluded from the model (O'brien. 2007).

To account for heteroscedasticity and non-linearity, the model for tree species richness

was fitted with natural-log transformation of the response variable and non transformed

predictor variables. Such model form has been used by Hemandcz-Stcfanoni et al. (2014)

with good results when modelling and predicting tree species richness using ALS data. For

Shannon diversity index we used non transformed model. All the models were fitted using

restricted maximum likelihood estimation (REML) procedure in lme4 package (Pinheiro et al.

2007) of the R software (Team 2014). Quality of the model fits (coefficient of determination)

were assessed by using pseudo R-square (R2) computed as the square of the Pearson

correlation coefficient between observed and predicted values. The standard form of LMMs as

applied for each measure of tree species diversity are presented below:

(-)

H' (3)

i = 1, n(-
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the jth cluster.xi;1. ,Xijk are k fixed effects. /?0, ,(3k are the fixed effects

parameters. nt is the number of sample plots within the cluster j , m is the number of clusters.

We assumed that cluster level random effects //f were independent of the plot level

Accuracy assessment

In order to assess the prediction accuracy of tree species richness and Shannon diversity index

when using ALS data, we applied leave one out cross validation (LOOCV) at the cluster level

to ensure that hierarchical data structure was preserved during re-sampling (i.e. leave one

cluster out). The predicted values from LOOCV were corrected for biasness due to

logarithmic transformation using the method suggested by Snowdon (1991). The accuracies

evaluated by using relative root mean square error (RMSEcv%):

(4)RMSECV% =

where y( and y( denote observed and predicted tree species richness and Shannon diversity

index respectively, for plot i, and y denotes their mean field observed value for all plots.

2 3.3. Non-parametric method

A-NN imputation

Non-parametric methods have gained wide acceptance in ecologically based studies given

their unique ability to account for complex relationships and spatial patterns as compared to
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arc tree species richness and Shannon diversity index of tth sample plot in

of the prediction from the LOOCV for tree species richness and Shannon diversity index were

E"=1(yi-y)2/n
-- -------------- x 100

y

residuals ri; .

where S(; and



the traditional probability based approaches (Drew et al.. 2010). Furthermore, these methods

allows univariate and multivariate predictions of both continuous and categorical variables. In

this study, we used the A-NN imputations method carried out with the package yalmpute

(Crookston and Finley. 2008). In A-NN language and set up the dataset should be

distinguished between reference and target sets. The population units for which observations

of both response and explanatory variables are available is labeled reference set; the set of the

population units for which only the explanatory variables are available is termed as the target

set. In our study, the reference set contained both measures of tree species diversity (i.e. tree

species richness and Shannon diversity index) and the ALS metrics, while the target set

contained only the ALS metrics.

hi typical A-NN imputation, the dependent variable for the target observation is

predicted by means of finding its A nearest neighbor observations in the reference dataset and

assigning the value of the variable to be the weighted averages of the of the values of the

neighbors. Nearness of the observations is measured with the independent variables and is

defined in terms of weighted Euclidean distance. The principle behind A-NN imputation as it

is applied in this study is further explained in Eskelson ct al. (2009); McRoberts (2012) and

its use for forest parameter estimation inyalmpute statistical environment can be found in

Hudak et al. (2008).

In order to identify' predictor variables for predicting tree species richness and

Shannon diversity index simultaneously, multivariate variable selection was firstly done by

using the I'arSelection function in the R yalmpute package. Model fitting and imputation

package, any A number of reference observations can be selected to impute the target. We

tested the values of A from 1 to 10 and selected the value with lowest RMSEcv from cross

validation. We used LOOCV at the cluster level, where one cluster at time was used as the

20

were then performed by using wn and impute tools within theyalmpute package. In this



target set while the remaining clusters were used at the reference set. The imputed values

from the LOOCV

compare with LMM.

2.3.-/. Effect of vegetation types on the prediction accuracy

To account for the variability in prediction accuracy that might be caused by the differences in

vegetation types, we firstly fitted and evaluated the LMMs that relates each of the measures of

tree species diversity and ALS data, with dummy variable that specify vegetation types.

Secondly vegetation specific LMMs for each of the measures of tree species diversity were

filled and evaluated. We applied the same procedure described above for variable selection

and accuracy assessment. Lastly multivariate A-NN imputation with A ~ 1 was also applied for

each of the vegetation type. RMSEcv% from the LOOCV for each of the method was

calculated to assess the variability in prediction accuracy across different vegetation types.

21

were used to compute RMSEi v% as described in equations 4 and used to



3.0. Results

3.1. Parametric method

LMMs for predicting tree species richness and Shannon diversity index were tested and

evaluated. Predictor variables derived from both the first and last echoes were selected from

the best subset regression. The number of predictors for the individual models were four

consisting of both canopy height and canopy density metrics. For all the selected variables.

the VIF values were < 10. indicating acceptable levels of multicollinearity. Similarly the

parameter estimates for LMMs fitted for each of the measures of tree species diversity (Fable

3). were significantly different from zero (p < 0.05). The LMMs explained relatively more of

the variation in tree species richness as compared to Shannon diversity index. 1 lowever.

compared to tree species richness (Table 4). A more detailed evaluation of the prediction

accuracy of the measures of tree species richness and Shannon diversity index is presented

using the validation plots (Fig. 5). which shows the relationship between predicted and

corresponding observed values.

Standard errorStandard error
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0.6372
0.0346
-0.0782
-0.S061
2.0465

0.0872'
0.0072
0.0115
0.1769
0.2002

Intercept 
MaxF 
PF20 
TL0 
TF2

0.0788
0.0064
0.0123
0.1894
0.1662

Intercept 
MaxF 
PF 10 
TF2 
TL0

Table 3. Parameter estimates of LMMs for tree species richness and Shannon diversity index.
Tree species richness Shannon diversity index
Predictor Parameter Standard error Predictor Parameter 
variables estimates variables estimates

results from the LOOCV indicated lower RMSEcv% values for Shannon diversity index as

0.4850
0.0262
-0.0518
1.4667
-0.7453

PF20 = Percentiles of the first echo canopy heights for 20% (mh TF2 = Canopy densities corresponding to the 
proponion of first echoes above fraction “2; TI.O = Canopy densities corresponding to the proportion of last 
echoes above fraction * 0 (1.3m). MaxF - Maximum of the canopy height distributions of the first echoes
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i

Observed Shanon diversity index

index (right) using LMMs.

3.2. Non-parametric

Multivariate predictions for both tree species richness and Shannon diversity index were

performed using A-NN imputation models (Table 4). A total of eleven predictor variables

were selected from the multivariate variable selection procedure. A comparison of RMSEcv%

values calculated for tree species richness and Shannon diversity index using different number

of neighbors is presented in Fig. 6. The imputation for both tree species richness and Shannon

diversity index resulted in into lowest values of RMSEcv% when using imputation model

with 10 neighbors. The RMSEcv% for Shannon diversity index was relatively low as

compared to tree species richness. Comparing the two methods (i.c. LMMs and A-NN). the

RMSEcv% for both tree species richness and Shannon diversity index were slightly lower for

presented in Fig. 7.
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(number of neighbors).

I

J .

Observed tree species richness Observed Shanon diversity index

Fig. 7. Relationship between observed versus predicted richness (left) and Shannon diversity

index (right) using A-NN imputations.
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3.3. Effect o f vegetation types on prediction accuracy.

The results suggest that vegetation types affect the relationship between the measures of tree

species diversity and the ALS data. In the first approach, where the model fitted with dummy

variables, indicated that for both tree species richness and Shannon diversity index, the

parameter estimates for the dummy variables were significantly different from zero (p < 0.05)

(Table 5). The standard error of parameter estimates for the LMMs with dummy variables

were relatively low as compared to the LMMs without dummy variables. T his is further

shown by the results from the LOOCV where the RMSEcv% of the LMMs with dummy

variables (Table 6) is relatively small as compared to the model without dummy variable. In

the second approach where vegetation specific models were fitted, the influence of vegetation

was proved to affect the prediction accuracy. Different predictor variables in each of the

vegetation types were selected from the best subset procedure (Table 6). The variability

explained by the vegetation specific LMMs ranged from 0.34 to 0.53 for tree species richness

and from 0.32 to 0.47 for Shannon diversity index (Table 6). The results from the LOOCV

indicated variation in prediction accuracy across the different vegetation types. Lowest

RMSEcv% for predicting tree species richness across vegetation types was obtained in

woodlands, while for Shannon diversity index the lowest value was obtained in forest (Table

6). Variations in prediction accuracy as measured by the RMSEcv% among the vegetation
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Standard error

a
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0.0909 
0.0063 
0.0120 
0.1859
0.1701 
0.1 117 
0.0748

0.2798 
0.0234 
-0.0492 
1.3551
-0.6592 
0.2682 
0.2982

Shannon diversity index 
Predictor Parameter
variables estimates
Intercept 
MaxF 
PF 10 
TF2 
TLO 
Forest 
Woodlands

Parameter 
estimates 
0.3377 
0.0315 
-0.0760 
-0.7082 
1.8926 
0.4229 
0.4283

Standard 
error 
0.0971 
0 0070 
0.0111 
0.1755 
0.1918 
0.1183 
0.0796

Table 5. Parameter estimates of LMMs for tree species richness and Shannon diversity index 
with dummy variables._____________________________________________________________

Tree species richness
Predictor1
variables

Intercept
MaxF
PF20
TLO
TF2

Forest
Woodlands

PI ’2(1 - Percentiles of the first echo canopy heights for 20% (tn); TF2 ~ Canopy densities corresponding to the 
proportion of first echoes above fraction ;»2; TLO - Canopy densities corresponding to the proportion of last 
echoes above fraction #0 (I 3ni). MaxF ~ Maximum of the canopy height distributions of the first echoes;
Forest and woodlands “ Vegetation types according to MNRT (2011)
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4.0. Discussion.

modelling and predicting measures of tree species diversity in miombo woodlands of

Tanzania. More specifically we tested and evaluated the performance of parametric and non­

parametric methods for modelling and predicting tree species richness and Shannon diversity

index using ALS data. Overall we found that ALS data can be used for modelling and

predicting tree species richness and Shannon diversity index. Both tree species richness and

Shannon diversity index are often used as measures of tree species diversity in remote sensing

literature (e.g. Laurin ct al.. 2014; Leutner et al.. 2012). However, to our understanding this is

the first study to use ALS data for predicting tree species richness and Shannon diversity

index in the miombo woodlands of Tanzania.

Based on our results from LMMs. more variations was explained by the ALS data

when predicting tree species richness as compared to Shannon diversity index. Similar

findings have been reported by Leutner et al. (2012) who assessed the potential of ALS and

hyperspectral data for predicting plant species richness and Shannon diversity index in the

temperate forests of Germany. The reason for this difference is unclear and opens questions

for further investigations. However, irrespective of this difference, in an ecological context.

Shannon diversity index is considered as a more appropriate measure of tree species diversity

as compared to tree species richness, because it has the attributes of both richness and

evenness. Besides that. Shannon diversity index is considered to be a better indicator for

describing forest structure when using remotely sensed data as compared to tree species

richness (Foody and Cutler. 2003). Use of Shannon diversity index in remote sensing based

studies has also been suggested by others using both ALS and other remotely sensed data (e.g.

Laurin et al.. 2014: Oldeland et al.. 2010)
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Assessment of the performance of the two prediction methods, i.e. LMMs and the k-

NN. has shown that both of the methods can reliably be used for predicting the measures of

tree species diversity. The choice between them may therefore depend on the objective. For

example, for making spatially consistent predictions of the multiple measures of tree species

diversity, it is more reasonably to consider the use of A-NN. Furthermore, A-NN (A =1) retains

more of the original (co) variations than the LMMs. This is clearly seen in Fig. 8 where the

predictions values from the A-NN imputations with A I were more frequently within the

range of the observed values as compared to the LMMs and A-NN with A = 10. This is in line

with earlier studies that reported the strength of the A-NN over the parametric based methods

(e.g. McRoberts et al.. 2002; Moeur and Stage. 1995). LMM being a parametric method is

more applicable if the interest is to examine the relationship between individual measures of

tree diversity and the ALS data, which is important for deriving ecological interpretation of

relationship between the measures of tree species diversity and the respective ALS metrics.

.'0ic f.

Fig 8. Observed and predicted values for tree species richness and Shannon diversity index.
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LMMs and A-NN have shown that vegetation types had significant impact on the prediction

accuracy of the measures of tress species diversity when using ALS data. The parameter

estimates of the dummy variables representing vegetation types were significantly different

from zero when incorporated in the LMMs for predicting tree species richness and Shannon

diversity index. This indicates that different vegetation types have different tree species

diversity and spatial structure which entirely affect the relationship between the measures of

tree species diversity and the ALS measurement. The importance of accounting for the effects

of the vegetation types in the LMMs was also demonstrated by the results from LOOCV

where the LMMs with dummy variables turned out to have lower RMSEcv% as compared to

the LMMs without dummy variable. The variability imposed by different vegetation types

was further indicated by different prediction accuracies when testing and evaluating both

LMMs and A-NN across different vegetation types. As compared to LMMs the RMSEcv%

values for the A-NN were relatively higher across different vegetation types. This might be

attributed to the relatively low number of observations, since imputations methods are

generally more sensitive to the number of observations as compared to parametric methods.

The variability in prediction accuracy obtained across vegetation types, implies that it is

important to control for the effect of vegetation types when making large scale estimation by

post stratifying the area into different vegetation types.

Generally, the findings of our study in terms of model quality critcrions such as R2 and

RMSEcv% arc in accordance with other published studies that have attempted to use ALS

data for predicting measures of tree species diversity in the tropical forests (Fricker et al„

2015: Wolfet al.. 2012). For example. Wolf et al. (2012) reported R2 of 0.48 when predicting

tree species richness in the Neotropical forests of Panama. However, we should also mention

that some of the studies from the tropical forests have reported relatively better results (e.g.
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I lernandez-Stefanoni et al., 2014; Laurin et al.. 2014) than what we have obtained from this

study. This is not surprising since in most cases the predictive ability of the remotely sensed

data varies with the ecosystem and biogeographical context (Camathias et al., 2013).

Furthermore, the differences in factors such as number of species, field design, data

characteristics, and scales of reporting may attribute to the differences in prediction accuracy

among the studies. Il is therefore also important to mention some possible sources of errors

that might have attributed to relatively low prediction accuracy in this study. The plot size

used was relatively small compared to remote sensing based studies in ecology, where one

hectare plot size has commonly been used (c.g. Asner and Mascaro, 2014; Asner et al., 2012:

Mascaro et al., 201 I). In ALS-based studies smaller plots have been reported to be a source of

model errors due to the poor overlap between the field- and ALS-dala. Thus, larger plots

would most likely have helped in reducing the residual errors of the models. The effect of

field plot size on ALS-based inventories is extensively analyzed in AGB related studies in the

tropical forests (e.g. Mascaro et al.. 2012; Mauya et al.. 2015) and we would expect the same

pattern in tree species diversity related studies. For example. Hernandez-Stefanoni et al.

(2014) compared the prediction accuracy of tree species richness at different plot size ranging

from 400 nr to 2200 nr and indicated that the R2 increased from 0.32 to 0.67. Another source

of error that might have affected the accuracy of the model, is the NAFORMA subsampling

procedure illustrated in Fig. 4. Since not all the trees within the plots were considered during

measurement, we may expect a slight mismatch with what has been captured by the ALS data.

Furthermore, with the NAFORMA subsampling procedure, it is possible that we have under­

estimated tree species diversity, particularly when using Shannon diversity index, which

theoretically assumes that all the species are represented in the sample.

While our study focused on the use of ALS alone, future studies should attempt to

combine ALS with other remotely sensed data that have large spatial coverage such as
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hypcrspcctral images. This will likely also improve the prediction accuracy of the models, as

the two types of sensors will complement each other, especially when modelling multi­

layered forests (e.g. Dalponte et al.. 2008; 1.aurin et al.. 2014). Hypcrspcctral data are useful

in providing detailed surface reflectance characteristics while ALS data adds detailed three-

dimensional positioning information. Moreover, in this study, we focused on the commonly

used /XLS metrics that have widely been proved efficient in the prediction of various

argue that further

studies should be devoted in exploring other types of metrics such as texture based metrics

that might improve the prediction accuracy of the models.
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5.0. Conclusion

In this study the potential of using ALS data for prediction of measures of tree species

diversity in the iniombo woodlands of southern Tanzania has been analyzed. LMMs and k-

NN imputations were tested and evaluated, and the results suggested that both approaches are

promising tools for modelling and predicting measures of tree species diversity. The

prediction accuracies of tree species richness and Shannon diversity index were affected by

the differences in structural properties attributed by the vegetation types. Fusion of ALS data

with other remote sensing techniques such as hyperspeclral dataset is considered as an avenue

for future research that might improve the prediction accuracy of trees species richness and

Shannon diversity index.
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Appendix. Species accumulation curves.
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Fig. Al. Species accumulation curves for different vegetation types.
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Fig. A2. Species accumulation curve for all field sample plots pulled together.
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