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Summary

1. Allometric equations are currently used to estimate above-ground biomass (AGB) based on the indirect rela-

tionship with tree parameters. Terrestrial laser scanning (TLS) canmeasure the canopy structure in 3Dwith high

detail. In this study, we develop an approach to estimate AGB from TLS data, which does not need any prior

information about allometry. We compare these estimates against destructively harvested AGB estimates and

AGB derived from allometric equations.We also evaluate tree parameters, diameter at breast height (DBH) and

tree height, estimated from traditional field inventory and TLS data.

2. Tree height,DBHandAGBdata are collected through traditional forest inventory, TLS and destructive sam-

pling of 65 trees in a native Eucalypt Open Forest in Victoria, Australia. Single trees are extracted from the TLS

data and quantitative structure models are used to estimate the tree volume directly from the point cloud data.

AGB is inferred from these volumes and basic density information and is then compared with the estimates

derived from allometric equations and destructive sampling.

3. AGBestimates derived fromTLS show a high agreementwith the reference values fromdestructive sampling,

with a concordance correlation coefficient (CCC) of 0�98. The agreement between AGB estimates from allomet-

ric equations and the reference is lower (CCC = 0�68–0�78). Our TLS approach shows a total AGB overestima-

tion of 9�68% compared to an underestimation of 36�57–29�85% for the allometric equations.

4. The error for AGB estimates using allometric equations increases exponentially with increasing DBH,

whereas the error for AGB estimates from TLS is not dependent on DBH. The TLS method does not rely on

indirect relationshipswith tree parameters or calibration data and shows better agreementwith the reference data

compared to estimates from allometric equations. Using 3D data also enables us to look at the height distribu-

tions of AGB, and we demonstrate that 80% of the AGB at plot level is located in the lower 60% of the trees for

a Eucalypt Open Forest. This method can be applied in many forest types and can assist in the calibration and

validation of broad-scale biomassmaps.

Key-words: LiDAR, above-ground biomass, forest inventory, destructive harvesting, tree recon-

struction, allometric equations

Introduction

Above-ground biomass (AGB) is an important indicator for

forest productivity, carbon storage and sequestration of forests

(Bi, Turner &Lambert 2004). However, the global distribution

of carbon sources and sinks is uncertain (Houghton, Hall &

Goetz 2009), and carbon emissions are poorly known on local,

national and global scales (Hill et al. 2013). Data retrieved

through remote sensing methods can be a useful tool to moni-

tor AGB over large areas (Avitabile et al. 2012), with a cur-

rently increasing interest in forest carbon stock changes

(De Sy et al. 2012). Accurate ground reference measurements

are needed for the calibration and validation of these global

satellite-derived AGB data sets. Two recently published maps

of carbon stocks in tropical regions across different continents
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(Saatchi et al. 2011; Baccini et al. 2012) used similar input data

layers but showed substantial differences in mapped AGB,

especially in areas with little field data (Mitchard et al. 2013).

These two pantropical AGB maps also show very different

spatial patterns compared to field plots distributed across the

region (Mitchard et al. 2014). Improving the field techniques is

key to reducing uncertainty in global biomass mapping, and

previous work suggests more emphasis is needed on real plot-

level forest AGB measurement instead of estimating AGB

from traditional allometric equations (Asner et al. 2013).

Current field methods to estimate AGB of forests are

generally based on indirect relationships with tree structural

parameters, such as diameter at breast height (DBH) and

tree height (Bi, Turner & Lambert 2004; Chave et al. 2014).

This allometric approach can be effective when applied

within the productivity and species range of the calibration

data, but may lead to large uncertainties in broad-scale bio-

mass mapping. This is particularly true for large trees which

contain most of the biomass (and thus carbon) but have

rarely been harvested and measured (Stephenson et al.

2014). Calibration data to support allometric biomass mod-

els requires direct estimates of AGB that involve destructive

sampling of trees. This is often expensive and impractical

and can therefore only be conducted on a limited basis.

Terrestrial laser scanning (TLS), also called terrestrial

LiDAR (light detection and ranging), is an active remote

sensing technique that can accurately measure distances by

transmitting laser pulses and analysing the returned energy

as a function of time. TLS therefore can serve as an excel-

lent tool to assess forest structure and the three-dimensional

distribution of plant constituents (Calders et al. 2014). TLS

allows for measuring forest structure with high detail and

accuracy and has the potential to reduce uncertainties in

inferring AGB since it enables direct estimates of complete

tree volume. Dassot et al. (2012) demonstrated the potential

of TLS for assessing wood volume in leaf-off conditions

and used simple geometric fitting to model the woody struc-

ture up to branches of 7 cm. Hosoi, Nakai & Omasa

(2013) used a voxel-based model to estimate the woody vol-

ume. These previous studies focused on woody components

only, required a substantial amount of manual input or

were restricted in sensitivity analysis.

In this paper, we suggest an approach to estimate total

AGB based on detailed nondestructive sampling with ter-

restrial LiDAR. We validate the derived AGB estimates

against destructively harvested AGB in native Eucalypt

Open Forest plots in Australia. This nondestructive

approach has important implications for large area sam-

pling of AGB as it facilitates calibration and validation of

satellite-derived biophysical data sets. The main objectives

of this paper are as follows:

1. The derivation of AGB through TLS-derived volume esti-

mates and basic density information;

2. The validation of TLS-derivedAGB estimates with destruc-

tively sampledAGB; and

3. The comparison of TLS-derived AGB estimates with AGB

derived from allometric biomassmodels.

We also compare the traditional forest inventory measures

such as DBH and tree height from TLS data and field data.

Our TLS-driven approach supports the need for an accurate

nondestructive method to assess AGB. A comparison of AGB

derived through TLS and allometric models with the harvested

AGB gives some insight into the potential and accuracy of

TLS for rapid biomass assessments at the plot level, and how

this may be used in support of broad-scale biomassmapping.

Study area and data collection

STUDY AREA

This study was undertaken in native Eucalypt Open Forest

(dry sclerophyll Box-Ironbark forest) in Victoria, Australia.

Two plots (RUSH06 and RUSH07) with a 40 m radius were

established in Rushworth forest and partially harvested in

May 2012 to acquire accurate estimates of AGB. The

main tree species in these plots were Eucalyptus leucoxylon,

E. microcarpa and E. tricarpa. Plots RUSH06 and RUSH07

had a stem density of 347 and 317 stems/ha and a basal area

of 13�0 and 13�2 m2/ha, respectively.

FOREST INVENTORY AND DESTRUCTIVE SAMPLING

Traditional field inventory was carried out pre-harvest to col-

lect DBH, tree height and stem maps for both plots. Each

stem of a multi stem tree was treated as an individual tree in

the forest inventory and analysis if the stems split below

1�3 m. DBH was measured over bark at 1�3 m using a diam-

eter tape (precision to the nearest mm). Tree height was mea-

sured using a Laser Tech Impulse (Laser Technology Inc.,

Centennial, CO, USA), which has a precision to the nearest

0�1 m. Detailed measurements of tree height (with a tape

measure) and fresh weight (FW) were collected in the field

for each harvested tree. Fresh weight was measured using a

Wedderburn WS600 digital crane scale (W.W. Wedderburn

Pty Limited, Ingleburn, NSW, Australia). Most fresh weight

crane lifts were <500 kg at an accuracy of 0�2 kg, with very

few lifts approaching 1000 kg at an accuracy of 0�5 kg. Basic

density (dry weight over bark per unit green volume) and

moisture content for each species were derived from a limited

number of samples across a range of DBH (11–62 cm). Discs

were taken every 3 m (from DBH) up the tree for a single

sample tree to a minimum diameter of 5 cm and the total

fresh and dry weight (DW) of these discs (including bark)

was used to generate a weighted average DW:FW ratio. The

discs were all dried at 70�C to constant weight, and whole

discs were weighed, including bark. The moisture content

ratios are lower for larger DBH and higher for smaller diam-

eters, reflecting the proportion of sapwood. The DW:FW

ratios are described as function of DBH for each tree species

(DW:FW = a + b*DBH; Table 1). The reference dry weight

of single trees, that is AGB, was derived from the measured

fresh weights in combination with the inverse DW:FW

ratios. Basic densities for the harvested species are 625�5 kg/

m3 for E. tricarpa, 665�1 kg/m3 for E. leucoxylon and
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759�4 kg/m3 for E. microcarpa. These basic densities were

derived from full discs including bark at a height of 1�3 m.

TERRESTRIAL L IDAR DATA ACQUIS IT ION

Terrestrial laser scanning data were acquired with a RIEGL

VZ-400 terrestrial laser scanner (RIEGL Laser Measurement

Systems GmbH). The beam divergence is nominally 0�35
mrad, and the instrument operates in the infrared (wavelength

1550 nm) with a range up to 350 m. The instrument also col-

lects information about the yaw (through an internal compass)

and the pitch and roll (through inclination sensors). This scan-

ner allows fast data acquisition and records multiple return

LiDARdata (up to four returns per emitted pulse). The advan-

tage of multiple returns over single returns has been discussed

by Calders et al. (2014). They concluded that multiple return

instruments will lead to an improved sampling at greater can-

opy heights. The scanner settingswere the same across all scans

and are summarised in Table 2.We used five scan locations per

plot in a systematic sampling design with one centre scan

location and a scan location at 40 m from the centre in each

cardinal direction. The RIEGL VZ-400 has a zenith range of

30–130�. Therefore, an additional scan was acquired at each

scan location with the instrument tilted at 90� from the vertical

to sample a full hemisphere. Reflecting targets were distributed

throughout the plot andwere used to register the five scan loca-

tions using the RiSCANPRO software (provided by RIEGL).

The average standard deviation of the registered point clouds

was 0�0129 m with values for individual scans ranging from

0�0062 to 0�0226 m. Figure 1 shows the terrestrial LiDARdata

pre- and post-harvest for RUSH07, visualised from a virtual

point above the forest.

Materials andmethods

TERRESTRIAL L IDAR ANALYSIS

Tree height, DBH andAGBwere derived from the TLS data following

a two-step approach: (i) extracting single trees from the registered pre-

harvest TLS point cloud; and (ii) deriving parameters for an extracted

single tree.

EXTRACTING SINGLE TREES

AC++ library based on the open-source Point Cloud Library (Rusu &

Cousins 2011) was used to develop a semi-automated extraction of

individual trees from the global point clouds. This was achieved in four

steps: (i) identification of individual stems through segmentation of the

ground plane and return reflectance filtering; (ii) cylinder fitting to these

stems and application of a series of pass through filters with respect to

the unfiltered point cloud to extract the individual trees; (iii) sequential

identification of point clusters defined by point density in height slices

along the length of the tree to remove unrelated vegetation and noise

from these clouds; and (iv) visual inspection against the whole point

cloud and, if needed, manual removal of unrelated vegetation from

neighbouring trees.

In the first step, only LiDAR data within the 40 m plot radius and

reflectance values above �4 dB were used. Reflectance is defined as

range-corrected intensity and themajority of the LiDAR returns gener-

ally ranges between�20 dB (low return energy) and 0 dB (high return

energy). The unfiltered point cloud in step two and three had a 50 m

radius. This allowed us to capture the full crown extent of trees whose

stem is within the boundaries of the plot, but have their crown partially

outside the plot boundaries. The slices in step three are 1 m high and

each slice increases 300% in x and y coordinate compared to the slice

below. The visual inspection in step four is similar to the final step in

single tree extraction from a LiDAR point cloud in Hopkinson et al.

(2004).

TREE HEIGHT AND DBH

Tree height was calculated as the difference between the height of

the highest and lowest LiDAR point of a single tree point cloud.

The DBH was calculated on a 0�06 m thick cross section between

1�27 and 1�33 m above the lowest point (Tansey et al. 2009). We

use a least squares circle fitting algorithm to account for potential

Table 1. Summary of parameters a and b to describe the dry weight

(DW) to fresh weight (FW) ratio as a function of DBH: DW:

FW = a + b*DBH

Species Sample trees a b R2 of fit

Eucalyptus leucoxylon 8 0�4869 0�004088 0�91
Eucalyptusmicrocarpa 13 0�6366 0�001785 0�74
Eucalyptus tricarpa 7 0�6102 0�001913 0�94

Table 2. Riegl VZ-400 scanner settings for data acquisition

Beamdivergence 0�35 mrad

Pulse repetition rate 300 kHz

Minimum range 1�5 m

Azimuth range 0∘–360∘ (0�06∘ angular sampling)

Zenith range 30∘–130∘ (0�06∘ angular sampling)

Acquisition time 1 min 23 s

PRE-HARVEST POST-HARVEST

Fig. 1. Pre- and post-harvest terrestrial

LiDARdata forRUSH07 plot.
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occlusion in the LiDAR data. Tansey et al. (2009) compared least

squares circle fitting, least squares cylinder fitting and circular Hough

transformation for estimating DBH and found that least squares cir-

cle fitting was most accurate.

AGB FROM QUANTITATIVE STRUCTURE MODELS

Tree volumewas directly inferred from the TLS data through quantita-

tive structure models (QSMs). AGB is derived from these volume esti-

mates and basic density. The QSMs in this paper are reconstructed

with a modified version of the method presented in Raumonen et al.

(2013). The original methodwas validated previously using detailed 3D

treemodels, where tree structure was known. Results showed that, with

some constraints, original length and volume could be reconstructed

with a relative error of <2% (Disney, Lewis & Raumonen 2012). Burt

et al. (2013) applied the same approach to TLS data from three differ-

ent forest types in Queensland, Australia. Based on TLS simulation of

the reconstructed treemodel, they found that total volume could be rec-

reated to within a 10�8% underestimate. The accuracy to which single

scans could be globally registered was identified as the greatest con-

straint in themethod.

The reconstructionmethod assumes a single tree point cloud and has

two main steps. First, the point cloud is segmented into stem and

branches, and secondly, the surface and volume of the segments are

reconstructed with geometric primitives, in this case with cylinders. The

method uses a cover set approach, where the point cloud is partitioned

into small subsets, which correspond to small connected patches in the

tree surface. The cover sets or patches can be thought of as small build-

ing bricks, which can be used to grow the tree from its base upwards

and into the branches. The size of the patches is important: after an

optimum size is reached, the larger the patches are, the less detail that

can bemodelled.

The first main step of segmenting the point cloud into branches can

be divided into multiple substeps, and the segmentation is done twice.

The first segmentation uses large patches and its purpose is to use the

segmentation for information about the local size of the branches based

on the branching order, height and position in the branch. This infor-

mation is then used for a second iterationwhere the patch size is smaller

and varies: the size decreases linearly along the branch from the base to

the tip and the size at the branch base decreases with increasing height

and branching order (Fig. 2).

After the cover generation, we next model the base of the stem at

the bottom part of the point cloud. We approximate the stem by

expanding the base upwards using the neighbour relation of the

patches. The approximated stem now contains most of the stem

patches and some patches from first-order branches. We determine

the connected components of the other patches near the approximate

stem and connect them to the stem by modifying the neighbour rela-

tion. This ensures that small occlusions do not disconnect first-order

branches from the stem. Finally, we expand the stem into tree crown

as much as possible and determine all the connected components of

the other patches. The components are connected to the closest parts

of the tree or other components. This process of determining sepa-

rate components and connecting them is continued until the tree is

one connected component.

Next, the patches are segmented into stem and branches using the

algorithm presented in Raumonen et al. (2013), with some additional

correctional steps:

1. The small child segments, whose distance from the parent segment

is about the same as the approximate radii of the parent segment, are

removed as ambiguous and insignificant;

2. The initial segments are corrected so that they are reaching the fur-

thest tip of their child segments. The stem segment is corrected to reach

the highest tip of all the segments. The resulting segmentation is more

robust, has lower maximum branching order, and in general, the seg-

ments correspond better with the real branches; and

3. The segments are expanded into their parent segment, and the

whole expansion is removed from the parent and the child. This dimin-

ishes the size and occurrence of small parts of the child segments in the

parent, which canmake the fitted cylinders too large.

After the second segmentation based on small patches, the second

main step is to reconstruct the surface and volume of the segments. This

is accomplished by fitting cylinders, in a least squares sense, into short

subregions of the segments. The length of the subregions is approxi-

mately controlled by the input parameter l that defines the relative

length of the cylinders, that is the ratio of the length and radius. After

the cylinders are fitted to a segment, the fitted radii is checked in two

ways to eliminate unrealistic cylinders that otherwise would be fitted in

10 15 20

0

5

10

15

20

25

Fig. 2. Example of patch size variation according to the first segmenta-

tion for a Eucalyptus leucoxylon. Dark blue denotes areas with half the

patch size of dark red areas at the base of the tree.
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some instances. First the radii that exceed the radius of the parent seg-

ment at the branching point are set to the value of the parent, and the

radii below 2�5 mm are set to 2�5 mm. The radius along the segment is

controlled by a parabola-shaped taper, which makes the radii decrease

towards the tip (Fig. 3). The parabola is fitted to the taper data of a few

cross sections of the branch and it gives the maximum local radii along

the branch. The minimum radius is 75% of the maximum. For the

stem, we use a partially linear taper, with the radius at the end of the

stem set to 2�5 mm (Fig. 3).

The method has two important input parameters, d and l, which

define the patch size in the second cover and the relative cylinder length.

Given that the cover generation is random, the final QSMs are always a

little different, even if using exactly the same input parameters. To

assess the robustness of the reconstruction method and variability

between the results, we produced 10 models for each case and calcu-

lated themean and standard deviation from these 10models.We tested

higher number of iterations (20, 50 and 100 runs) for a selected number

of trees, but mean (Student’s t-test) and standard deviations (Levene’s

test) did not significantly differ. The method is implemented in MAT-

LAB, and the average model completion time over our total 650 runs

was 102 seconds per run when using aWindows 7 64-bit operating sys-

tem (3�07 GHz, 24 GBmemory).

ALLOMETRIC BIOMASS MODELS

Allometric equations for estimating above-ground biomass for the

harvested Eucalyptus species are described in Paul et al. (2013). The

equations use a power function, which has a linear equivalent form:

ln ðAGBÞ ¼ aþ b� ln ðDBHÞ þ e Eqn 1

Values for parameters a and b are specified in Table 3, as well as the

correction factor. This factor is a bias correction for the AGB estimates

following back-transforming the logarithm as described by Snowdon

(1991). The derived AGB is multiplied by the factor to correct for the

bias.

MEASUREMENT COMPARISON

We used linear regression to compare different methods for deriving

DBH and tree height. Both tree height and AGB have reference

measurements through destructive harvesting. We therefore calculated

their root-mean-squared error (RMSE) with respect to the 1:1 line to

evaluate the deviation from the reference data. AGB was estimated

through allometric equations and TLS. We compared these two differ-

ent methods against the reference data by calculating the coefficient of

variation of the RMSE, CV(RMSE) and the concordance correlation

coefficient, CCC. CV(RMSE) is defined as the RMSE normalised to

the mean of the reference values. Unlike the RMSE, CV(RMSE) is un-

itless, and this allows values to be easily compared to one another.

CCC computes the agreement on a continuous measure obtained by

two methods (Lin 1989) and ranges between 1 (perfect concordance)

and�1 (perfect discordance).

Results

A total of 75 trees were harvested (Table 4), 65 of which were

included in the analysis (25 E. leucoxylon, 21 E. microcarpa

and 19 E. tricarpa). The inventory measures of the remaining

ten harvested trees could not be linked with the extracted trees

from the TLS data. This mostly concerned multistem trees

with similarDBH for the different individual stems. Fourmore

trees weremissing reference tree height data and were excluded

from the height analysis (see Table 4). AGB was destructively

measured in the field and used as a reference to compare

against AGB derived fromTLS data and allometric equations.

Furthermore, we compared tree height and DBH measure-

ments from traditional field measurements, terrestrial LiDAR

and destructive sampling (reference).

DBH AND TREE HEIGHT

The comparison of field measured DBH against TLS-derived

DBH is shown in Fig. 4. The linear regression shows anRMSE

of 0�02 m and a slope of 0�98. Figure 5 illustrates the different
scenarios for inferring DBH from TLS data through circle fit-

ting. The left panel shows a circle fit through data with no

occlusion, whereas the middle panel illustrates how circle fit-

ting overcomes occlusion in the TLS data. For one tree in our
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Fig. 3. Radius control along branches and stem. Red stars are the scaled average radii at specific cross sections of the branch and scaled up by 5%.

These are used for fitting the parabola (left) or for defining the partially linear red taper curve (right), which defines themaximum local radii.
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study sites (double leader), a circle shows not to be the most

optimal fit (Fig. 5, right panel).

The destructively measured tree height is compared against

the field measured tree height and the TLS-derived tree height

in Fig. 6. Both methods show a good linear fit with the

reference tree height data, but tree heights measured using tra-

ditional methods were underestimated in trees up to approxi-

mately 16 m tall, and overestimated in trees taller than 16 m.

The linear fit of the TLS-derived heights is close to the 1:1 line

with a slope of 0�98. Residuals for both height methods are

calculated with respect to the reference heights and are shown

in the right panel of Fig. 6. The RMSE with respect to the 1:1

line is 0�55 m for the TLS-derived heights and 1�28 m for the

field inventory heights.

ABOVE-GROUND BIOMASS

Above-ground biomass estimates from allometric equations

are compared against the harvested reference values in Fig. 7.

AGB derived from allometric equations generally underesti-

mates the reference AGB. The overall CV(RMSE) for the spe-

cies-specific equations is 57%, and the CV(RMSE) for the

generic Eucalyptus equation is 46�2%. The agreement between

the allometric equation AGB and the reference, expressed by

the concordance correlation coefficient (CCC), is lowest for the

species-specific equations (0�68) and is as high as 0�78 for the

genericEucalyptus equation.

Tree volume is directly inferred from the TLS data through

quantitative structure models (QSMs), and AGB is inferred

from these volume estimates and basic density. The input

parameters for the QSM method were visually evaluated and,

the relative cylinder length, l, of five was selected to best repre-

sent the general tree structure. Parameter d defines the patch

size of second cover generation, andwe used the smallest d that

models the stem well (Fig. 8a). The input parameter that deter-

mines the neighbour relations was fixed to d + 0�005 m. The

last input parameter that influences the volume reconstruction

controls theminimum threshold of LiDARpoints within a sin-

gle patch for inclusion in the reconstruction. This parameter,

nmin, is generally robust (Fig. 8b) up to a certain threshold.

Values larger than that threshold will filter out parts of the tree

(Calders et al. 2013). Figure 8c–d shows an example of the

TLS point cloud and the corresponding final QSMs for a

E. leucoxylon.

Figure 9 compares the destructivelymeasuredAGBwith the

AGB inferred fromTLS. The CV(RMSE) is lower than for the

allometric equations (16�1%), and the agreement with the ref-

erence values is higher (CCC = 0�98). The absolute AGB devi-

ation as a function of DBH for the different methods is shown

in Fig. 10. This figure suggests an exponential increase in abso-

lute deviation with increasing DBH for the allometric equa-

tions and a more stable deviation for the TLS-derived values.

The total AGB of the 65 trees ranges from 43�78 t (generic) to

48�42 t (species specific) for the allometric equations and is

75�70 t for the TLS-derived values. The destructive harvesting

yielded 69�02 t, so there is an overall underestimation of

36�57–29�85% for the allometric biomass models and an over-

estimation of 9�68% for the total AGB derived fromTLS.

Terrestrial laser scanning data provide information about

AGB as a function of tree height and this is shown in Fig. 11.

The tree height distributions of AGB are based on the AGB

Table 3. Summary of parameters a, b and correction factor (CF) in allometric equations according to Paul et al. (2013).N gives the number of indi-

vidual trees, andmaximumDBH indicates the upper limit of the calibration data used to develop the allometric equations. EF is themodel efficiency

index to assess the accuracy of overall fit with the calibration data and ranges from 0 to 1 (perfect fit)

Species N Max.DBH [cm] a b CF EF

Eucalyptus leucoxylon 28 25 �1�37 2�07 1�04 0�98
Eucalyptusmicrocarpa 30 110 �1�92 2�36 1�17 0�98
Eucalyptus tricarpa 54 60 �2�39 2�40 1�10 0�95
GenericEucalyptus tree 2640 100 �1�71 2�21 1�29 0�93

Table 4. Rushworth felled and sampled trees, and trees used in analy-

sis

Tree count RUSH06 RUSH07 Total

Felled and Sampled Trees (FST) 36 39 75

FST inAGBanalysis 34 31 65

FST inDBHanalysis 34 31 65

FST in height analysis 33 28 61

− − −  1:1 line
y = 0·82 + 0·98x;  R2 = 0·97;  RMSE = 2·39

20

40

60

20 40 60
Field inventory DBH [cm]

Li
D
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 D
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 [c

m
]

Fig. 4. Comparison of TLS-derived DBH with field measured DBH

values.

© 2014 The Authors. Methods in Ecology and Evolution © 2014 British Ecological Society, Methods in Ecology and Evolution

6 K. Calders et al.



estimates in Fig. 9 with a vertical bin height of 1 m. These

results show that more AGB is stored lower in the tree. Aver-

aged over all Eucalyptus species, 50% of the AGB is approxi-

mately located in the lower 40% of the tree and 80% of the

AGB is located in the lower 60%of the tree.

Discussion

Single trees were extracted from registered TLS point clouds

with a semi-automated approach, and no trees were missed in

the extraction process. The comparison of TLS-derived DBH

measures with estimates from the field showed high accuracy

and are consistent with previous work (Hopkinson et al. 2004;

Tansey et al. 2009). Circle fitting works well when stems are

partially occluded in the TLS data, and the linear regression

does not show bias.

It is not surprising that TLS-derived height agrees better

with the reference tree height than field measured height

(Fig. 6). The RIEGL TLS system essentially fires millions of

laser pulses to measure the canopy, whereas traditional field

measurements are generally based on a single measurement of

the tallest part of the tree. Picking the tallest part of the tree in

Eucalypt Open Forest is often difficult from the ground given

the large spreading of crowns and lack of apical dominance.

The model efficiency of the allometric equations in Paul

et al. (2013) ranged from 0�93 to 0�98 (Table 3), indicating a

good fit with the calibration data of environmental plantings.

Growing environments can be different for trees in native for-

ests, and the allometric equations underestimate the total AGB

by 29�85–36�57%. Figure 10 suggests that the absolute error

increases with increasing DBH of the tree. This is not unex-

pected because large trees have rarely been harvested andmea-

sured for the calibration data of the allometric equations

(Stephenson et al. 2014). The allometric equations in this study

only include DBH. Eucalyptus trees are not generally shade

tolerant, so diameter to height ratios can be quite variable.

Stand height also reflects the degree of stand competition, par-

ticularly in the wetter eucalypt forests, and therefore has shown

 1:1 line
y = 0·33 + 0·98x;  R2 = 0·98
RMSE wrt 1:1 line = 0·55
y = 1·38 + 1·09x;  R2 = 0·94
RMSE wrt 1:1 line = 1·28
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not to be significantly correlated to AGB. Consequently, DBH

has been found to be the best predictor of AGB without much

improvement from height as an additional parameter for these

sites (Paul et al. 2013).

A circle may not always be the most optimal fit at 1�3 m, as

is illustrated in Fig. 5 (right panel). The particular tree in this

figure is a double leader, which does not split below 1�3 m.

Similar problems may occur in tropical forests, where many

trees have buttresses and do not follow the assumption of being

circular at breast height and instead should be measured above

the height of the buttress (Cushman et al. 2014). Many allo-

metric equations that are being used in tropical forests (Chave

et al. 2014) also include tree height, as well as DBH. Figure 6

suggests that including tree height information from tradi-

tional field inventory in biomass regression models may prove

to be problematic, depending on crown shape and apical domi-

nance. Propagation of error in height estimates by using these

allometric equations is likely to lead to reduced accuracy of

AGB estimates (Kearsley et al. 2013). Terrestrial LiDAR has

the potential tomore accurately estimate tree height than tradi-

tional field methods, but further testing in densely forested

environments is needed (Disney et al. 2014).

Our approach of tree volume modelling from terrestrial

LiDARdata does not need prior assumptions about tree struc-

ture. This is important as our approach will not only be able to

monitor natural gradual changes in biomass, but also abrupt

changes caused by, for example, storm damage, harvesting, fire

or disease. Kaasalainen et al. (2014) found that changes in tree

and branching structure could be monitored within 10% with

QSMs. The total AGB of the 65 trees is overestimated by

9�68% and the individual estimates in Fig. 9 also reflect a simi-

lar overestimation. Possible error sources that can cause over-

estimation can be related to the TLS data (registration error,

occlusion, wind and noise) or quantitative structure model

(QSM) reconstruction (segmentation error and geometric

structure error due to cylinder versus real branch or leaf

shape). The TLSAGBwas derived from volume estimates and

species-specific basic densities. We used basic densities that

were derived from samples across a range of DBH. This may

introduce some uncertainty in the conversion of volume to

AGB for an individual tree, since basic density tends to be

lower for smaller DBH and higher for larger DBH. Further

reduction of these error sources is, along with objective

parameter setting, an area of future work. The final step of the

single trees extraction process, the removal of unrelated vegeta-

tion, required user interaction for about half of the trees and

was caused by dominant and subdominant crown structures

touching. This step was similar to Hopkinson et al. (2004), but

− − −  1:1 line
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further work should be carried out to fully automate the single

tree extractionmethod. Boudon et al. (2014) provided an eval-

uation framework for the assessment of tree reconstruction

that could assist with an automated objective parameter setting

for the QSMs based on, for example, the sensitivity informa-

tion in Fig. 8. A new QSM approach is currently being devel-

oped that combines both single tree extraction and QSM

generation. These improvements will significantly speed up the

processing of large plots and supports the need for robust

and repeatable AGB estimates from TLS with limited user

interaction.

This work provides a tool to assess AGB in a nondestructive

and robust way. Furthermore, the three-dimensional nature of

TLS data enables us to quantify AGB not only at tree or plot

level, but also as a function of tree height, branch size or

branch order. The vertical distribution of AGB is important

for many applications, such as monitoring habitat heterogene-

ity and spatially explicit fuel loadmapping. The latter is impor-

tant to predict fire behaviour and is essential for the

development of 3D wildfire spread models (Skowronski et al.

2011).

Conclusion

We demonstrate not only that DBH can be extracted accu-

rately from LiDAR data, but also that derived tree heights

show better agreement with the reference height than tradi-

tional field height inventories. In this study, we introduce an

approach to estimate AGB that does not rely on the indirect

relationship to basic field measurements. Instead, our

approach uses direct estimates of volume based on 3D data

and basic density to derive AGB. We validate these terrestrial

LiDAR-derived AGB estimates by comparing them with

destructively sampled AGB, and the results reflect a high level

of agreement (CCC = 0�98). The total AGB of the 65 sam-

pled trees is overestimated by 9�68%. AGB derived from local

allometric equations shows an underestimation of 36�57–
29�85%, and the agreement with the reference data is lower

(CCC = 0�68–0�78). Our research also demonstrates that

AGB is not evenly distributed within the tree. For Eucalypt

Open Forest, 80% of the AGB at plot level is located in the

lower 60% of the trees.

Terrestrial laser scanning allows not only for testing of allo-

metric equations, but the 3D data can also be used to develop

and test new allometric relationships. This is of importance

because large trees are not often harvested and measured for

the calibration of allometrics, resulting in larger absolute error

with increasing DBH. Our analysis demonstrates that TLS

measurements can be efficiently modelled with quantitative

structure models. This opens up the possibility of storing and

analysing a broad spectrum of volumetric and other proper-

ties. For example, rather thanmerely calibrate allometric equa-

tions, we can define proper distributions of tree attributes and,

in general, use all the available information.
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