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Abstract 
Pulse density, the number of laser pulses that intercept a sur-
face per unit area, is a key consideration when acquiring an 
Airborne Laser Scanning (ALS) dataset. This study compares 
area-based vegetation structure metrics derived from multi-
return ALS simulated at six pulse densities (0.05 to 4 pl m-2) 
across a range of forest types: from savannah woodlands to 
dense rainforests. Results suggest that accurate measurement 
of structure metrics (canopy height, canopy cover, and verti-
cal canopy structure) can be achieved with a pulse density of 
0.5 pl m-2 across all forest types when compared to a dataset 
of 10 pl m-2. For pulse densities <0.5 pl m-2, two main sources 
of error lead to inaccuracies in estimation: the poor identi-
fication of the ground surface and sparse vegetation cover 
leading to under sampling of the canopy profile. This analysis 
provides useful information for land managers determining 
capture specifications for large-area ALS acquisitions. 

Introduction
The accurate and timely retrieval of vegetation structure 
metrics is a key component of vegetation management, moni-
toring and reporting activities, and ecosystem modeling by 
land management agencies and forest scientists. For example, 

canopy height is routinely gathered by land management 
agencies around the world, e.g., Forest Inventory and Analysis 
in the US, the Canadian National Forest Inventory, and the 
Victorian Forest Monitoring Programme in Australia. This in-
formation is needed for the assessment of vegetation condition 
to fulfill statutory and non-legislative reporting obligations 
such as that agreed by the Santiago Declaration (Miles, 2002). 
Canopy height is also widely used by forest scientists as a 
proxy to estimate forest biomass (Asner et al., 2010; Drake et 
al., 2002), and it is an Essential Climate Variable (Sessa, 2009). 

Over the past decade, Light Detecting and Ranging (lidar) 
and in particular, small-footprint Airborne Laser Scanner (ALS) 
systems have progressed from an experimental technique to an 
operational tool for area-based (e.g., plot or stand scale mapping 
unit) attribution of vegetation structure (Wulder et al., 2012a 
and 2012b). ALS allows for synoptic capture of large areas of the 
landscape where remoteness or terrain complexity complicates 
and increases the cost of establishing inventory plots or where 
variance in structure is not captured with traditional sampling 
(McRoberts and Tomppo, 2007; Mora et al., 2013). Furthermore, 
ALS is now recognized by some authors as a more accurate 
method of directly measuring vegetation attributes as compared 
to traditional forest inventory methods (Holmgren and Jonsson, 
2004; Magnusson et al., 2007; Maltamo et al., 2006).

Acquisition over very large areas that transect regional to 
continental extents are becoming viable as the ability to cap-
ture and process large volumes of data improves. For example, 
the Canadian Forest Service captured data along a ~25,000 km 
transect (Wulder et al., 2012a) and the Department of Environ-
ment, Land, Water, and Planning (DEWLP) captured lidar along 
~27,000 km of riparian corridors in Victoria, Australia (Quad-
ros et al., 2011). However, the cost of large-area ALS acquisi-
tions remains significant. There are a number of possibilities 
for reducing acquisition expenditure, such as using a sample 
based approach where lidar “plots” are targeted to capture the 
variance in forest structure (Wulder et al., 2012a) or optimiz-
ing acquisition parameters, such as sampling frequency, to 
capture vegetation type and terrain conditions. ALS sampling 
frequency is referred to as “pulse density” and is defined as 
the number of emitted laser pulses that intercept a given area 
of open ground (Evans et al., 2009); pulse density is expressed 
here as pulses per m2 (pl m-2). Pulse density is determined 
by the pulse repetition frequency (PRF) of the instrument and 
acquisition parameters such as aircraft flying height and air-
craft speed. Although a number of factors mean PRF and flying 
height or speed are not independent; at a constant PRF, de-
creasing pulse density (on the ground) is achieved by increas-
ing flying height and/or aircraft speed (Baltsavias, 1999).
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The primary benefit of acquiring ALS at a greater altitude or 
aircraft speed, and therefore a lower pulse density, is de-
creased project costs (Jakubowski et al., 2013), although this 
is potentially offset by a reduction in the accuracy of metric 
retrieval. For example, decreasing pulse density reduces the 
probability of intercepting crown apexes (Goodwin et al., 
2006) or over dense vegetation, decreases the probability of a 
ground return (Takahashi et al., 2008). Other capture specifi-
cations altered by increasing flying height include increasing 
laser footprint size which integrates the intercepted energy 
over a larger area that in turn reduces instantaneous laser 
power at the receiver. However, these factors are considered 
less significant than sampling frequency (Goodwin et al., 
2006; van Leeuwen and Nieuwenhuis, 2010).  

Although there are a number of studies that assess the 
impact of reducing pulse density on the accuracy of metric 
retrieval, these are generally limited to a single forest type or 
small capture area (Gobakken and Næsset, 2008; Goodwin 
et al., 2006; Jakubowski et al., 2013; Magnusson et al., 2007; 
Næsset, 2009; Takahashi et al., 2008). Previous studies have 
concluded that for area-based attribution of vegetation struc-
ture, successful analysis can be achieved with a pulse density 
between 0.5 to 1 pl m-2, even in mixed species multi-layered 
forests (Hayashi et al., 2014). In this study we extend previous 
work by assessing and comparing the direct retrieval of vegeta-
tion structure metrics from a broad range of forest types and 
topographies across continental Australia: from open savan-
nah woodland to dense tropical forests (Figure 1). The focus of 
this investigation is to assess the error and variance of veg-
etation structure metrics when captured at decreasing pulse 
densities, as well as to estimate intra-plot variability and the 
reproducibility of structural measurements from repeat cap-
ture. To facilitate metric estimation accuracy, a new technique 
for the systematic thinning of point clouds is also introduced. 

Method

Study Area and Data Capture
Six study areas, located across continental Australia (Figure 
1), were selected from the Terrestrial Ecosystem Research 
Network AusCover Facility. Study areas were selected to 
capture a broad range of forest structure and types (Table 1 

and Figure 2). ALS data (TERN/AusCover 2012) was acquired 
between April 2012 to June 2013 for all areas by a single 
provider (Airborne Research Australia) utilizing the same 
capture specifications (Table 2) which facilitates comparison 
between study areas. Flight lines followed a regular north-
south pattern spaced 125 m apart. This, in conjunction with 
a maximum scan angle of ±22.5°, resulted in an approximate 
swath overlap of 50 percent. Owing to steep terrain, addition-
al flight lines were required at two study areas (WC and RC). 

Figure 1. Map displaying the location of the six TERN sites used 
in this investigation, shaded areas indicate forest extent (Mon-
treal Process Implementation Group for Australia, 2008).

Figure 2. Descriptive statistics for 4 metrics of canopy structure 
across 6 study areas: (A) 95th percentile of canopy height. (B) 
Proportion of cover calculated as 1 –Pgap(z) where z equals 1 m, 
�&��&RHIÀFLHQW�RI�YDULDWLRQ��Cv) for non-ground return height and 
(D) COVVES which estimates the number of canopy layers present 
at each plot.
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A minimum pulse density of 10 pl m-2 was stipulated prior 
to capture. By maintaining swath overlap in postprocessing 
acquisition pulse density is approximately doubled, though 
variation in density still occurred. Although capture over 
a large area at this density with a 50 percent swath overlap 
would not be considered operational for a land management 
agency (Wulder et al., 2012b), oversampling allows a method-
ical simulation of various pulse densities.

For each study area, 50 plot centers were randomly located 
across the 5 km × 5 km capture footprint. To ensure spatial 
independence of extracted plots, plot centers were located at 
a minimum distance of 250 m apart. From each plot centre, 
ALS data for a circular plot with a 25 m radius was extracted. 
To decrease the risk of duplication of returns in a thinned da-
taset, extracted plots with a pulse density of <10 pl m-2 were 
rejected and new plots selected. Pulse density of plots was 
estimated by totaling the number of first returns (e.g., points 
with a return number metadata value of 1) per plot and divid-
ing by plot area (Jakubowski et al., 2013).  

Data Processing
There are a number of existing studies that assess the ac-
curacy of forest metric retrieval from point clouds of differ-
ent densities. Ideally, analysis of different pulse densities 
would be undertaken on datasets captured at different flying 
altitudes, or aircraft speeds (Goodwin et al., 2006; Magnus-
son et al., 2007; Morsdorf et al., 2008; Takahashi et al., 2008; 
Thomas et al., 2006). This permits analysis of additional 
variables altered by changing capture specifications such 
as instantaneous laser pulse power and laser footprint size. 
However, capture at multiple altitudes and aircraft speeds 
is limited by cost, particularly over large or discontinuous 
study areas such as in this study, and alternative modeling 
methods are required. A number of authors have decreased 
the number of points in a dataset to match a required point 
density (Maltamo et al., 2006; Tesfamichael et al., 2010; Watt 
et al., 2013); however this does not necessarily replicate the 
reduction in pulse density caused by change in altitude or 
aircraft speed if simulating anything other than a first-return 
dataset (Jakubowski et al., 2013). The majority of techniques 
that simulate a reduction in pulse density do so by superim-
posing a regular grid over the study area of a specified spatial 
resolution to attain required pulse densities, returns are then 
randomly selected from within each voxel (Gobakken and 
Næsset, 2008; Jakubowski et al., 2013; Korhonen et al., 2011; 
Næsset, 2009). However, application of this technique may 
not replicate the regular scan pattern in which data is col-
lected (Baltsavias, 1999), particularly when simulating low 

pulse densities. Other techniques include the removal of 
alternate pulses and scan lines (Treitz et al., 2012), stipulating 
a minimum horizontal distance between returns (Magnusson 
et al., 2007) or systematically thinning a dataset utilizing GPS 
time (Khosravipour et al., 2014); albeit these techniques are 
only suitable for generating single or first-return datasets.

Here we introduce a new technique that can (a) systemati-
cally sample the original dataset to allow analysis of sampling 
variance and acquisition reproducibility, and (b) simulate 
multi-return capture (e.g., as opposed to first or first-and-last 
capture) that state-of-the-art small-footprint instruments can 
produce. Computations were carried out with the ForestLAS 
Python module (contact corresponding author) except where 
stipulated. For the 250 extracted plots, nine different plotwise 
realizations were simulated at six different pulse densities (Ta-
ble 3). This process resulted in a total of 15,500 simulations.

Table 1. DescripTion anD locaTion of sTuDy siTes sorTeD by Mean canopy HeigHT

Site Coordinates Elevation Mean slope Description
Canopy 
height

Mean annual 
rainfall^

Watts Creek (WC) 37° 41' 22" 
145° 41' 5" 975 – 1220 m 15° Very tall, dense and highly productive forest.  

Tall and mature mid- and under-storey. 20 – 90 m 1630 mm

Robsons Creek (RC) 17° 6' 20"
145° 37' 16" 

1160 – 700 m 24° Notophyll vine forest with a tall canopy. 
High species diversity. 25 – 40 m 1890 mm

Zig Zag Creek (ZZ) 37° 28' 26"
148° 20' 19" 200 – 400 m 16°

Medium height, dense forest characterised 
by variability and tree species diversity.  
Dense understorey.

15 – 45 m 820 mm

Litchfield (LI) 13° 10' 39"
130° 47' 23" 210 – 230 m 3° Savanna, eucalypt open forest. 10 – 25 m 1370 mm

Rushworth Forest (RF) 36° 45' 11"
144° 57' 57" 170 – 300 m 5° Short, open forest with low canopy density 

and a sparse, shrubby understorey. 10 – 20 m 580 mm

Credo (CR) 30° 11' 22"
120° 39' 17"

440 – 480 m 2° Open woodland inter-dispersed with open, 
treeless areas. Small shrub layer prevalent. 5 – 25 m 260 mm

^ Rainfall data from Hijmans et al. (2005)
Table 2.fligHT anD sensor specificaTions for THe als acquisiTions

Specifications
Capture specifications
Flying height 300 m agl
Target pulse density (excl. overlap) 10 pulses m-2

Absolute vertical accuracy <0.15 m
Absolute horizontal accuracy <0.15 m
Mean footprint diameter 0.15 m

Instrument specifications

Instrument Riegl LMS-Q560 laser scanner 
(Horn, Austria)

Operating wavelength 1550 nm
Beam divergence 0.5 mrad
Max off-nadir scan angle ±22.5°
Outgoing pulse rate 240 kHz

Table 3. pulse DensiTy anD requireD pulse spacing

Pulse density (pulse m-2) Pulse spacing (m)

0.05 4.47

0.1 3.16

0.5 1.41

1 1.00

2 0.71

4 0.5

10 0.32
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As illustrated in Figure 3, thinning was achieved by super-
imposing a point-grid over the area at a resolution required to 
achieve a target pulse density (Table 3). First-returns with the 
shortest Cartesian distance to the grid point were selected and 
the attributes retained, e.g., selected points were not snapped. 
A search window was utilized when selecting points to filter 
points that may lie closer to an adjacent grid point (Figure 3), 
this was optimized at 2/3 the point-grid resolution to minimize 
duplication of returns while maintaining pulse density (Fig-
ure 3a). For each first-return selected, the number of returns 
metadata value (X) was extracted. An additional X points with 
a corresponding return number metadata value were subse-
quently selected. For example, if a selected first-return had a 
number of returns value of Y then [R2, R3, Rn, … RY] additional 
returns were selected where the subscript value refers to the 
return number. Additional returns were again selected by 
shortest Cartesian distance from the grid point. Maximum dis-
tance for additional returns was likewise restricted to a search 
voxel where the extent (SWe) was determined from an esti-
mate of canopy height (zmax) and an assumed maximum scan 
angle (ș) of 5°, [1] in Figure 3a. The extracted dataset therefore 
simulates a near nadir acquisition with a regular scan pattern 
(Baltsavias, 1999), this standardizes simulated capture specifi-
cations aiding comparison between plots and study areas:

 SWe = 2(zmax · tan ș)[1].

For the simulated datasets, ground points were identified 
and used to compute a Triangulated Irregular Network (TIN), 
from which height relative to ground was calculated for all re-
turns. Computing a TIN and relative height for each simulated 
dataset was necessary so that miscalculation of the ground 
surface can be accounted for (Magnusson et al., 2007).   
Identification of ground returns and relative return height 
calculation was computed using default settings with the 
lasground and lasheight tools respectively from the LAStools 
software package, version 130225 (Isenburg, 2012).

A plot with a radius of 11.8 m was clipped from each 
thinned and ground normalized dataset to replicate standard 
forest inventory plot dimensions (e.g., DEWLP, 2012). Thin-
ning and TIN creation were computed for the larger dataset to 
ensure all ground returns within the clipped area had a full 
neighborhood from which to generate a TIN. Furthermore, the 
scan pattern towards the edges of the larger dataset became 
irregular owing to the circular plot shape; clipping removed 
this effect from the smaller plots.

Owing to the density of the original dataset and the sys-
tematic way in which simulated datasets were constructed, 
additional realizations could be computed from the original 
dataset with minimal duplication of returns between realiza-
tions. Therefore nine simulated datasets were generated for 
each plot, where the origin of the sample point grid was offset 
recursively by 1/3 of the sampling resolution in both the x 
and y direction. From the nine realizations, a robust set of 
descriptive statistics were generated and compared to a value 
derived from a high pulse density dataset (see below). Gener-
ating different plotwise realizations also allowed the repeat-
ability of ALS capture to be assessed (Bater et al., 2011).

Metrics
Forest structure could be characterized by three categories 
of primary descriptor: (a) canopy height, (b) canopy cover, 
and (c) vertical canopy structure (Kane et al., 2010; Lefsky 
et al., 2005). With regard to this, three metrics representing 
each of these categories were selected: the 95th percentile of 
non-ground return height as an analogue of dominant canopy 
height (Lovell et al., 2003); canopy cover was estimated using 
1 –Pgap(z) where z equals 1 m; and the coefficient of variation 
(Cv) of return height as a metric of vertical canopy structure 
(Bolton et al., 2013; Kane et al., 2010; Zimble et al., 2003). 
Vertically resolved gap probability Pgap(z) was computed using 
ALS returns weighted by the return number, as Armston et al. 
(2013) concluded this produced a more accurate estimate of 

Figure 3. Visualization describing the point cloud thinning technique using a target pulse density of 0.5 pl m-2 as an example: (A) A single 
ÀUVW�UHWXUQ�LV�VHOHFWHG�IRU�HDFK�JULG�SRLQW�����ZKHUH�WKH�$/6�UHWXUQ�ZLWK�WKH�ORZHVW�&DUWHVLDQ�GLVWDQFH�LV�VHOHFWHG��6HOHFWLRQ�LV�UHVWULFWHG�WR�
a search-window around each grid point where the search window dimensions are determined by the desired pulse density (d���6HOHF-
tion of X further returns, determined by the number of returns�PHWDGDWD�ÀHOG��LQ�WKLV�FDVH�X = 4), are again chosen by their proximity to 
the grid point. A search-window restricts the maximum distance of “other” returns where the extent is determined by an estimate of the 
maximum height of the forest (zmax� ����P��DQG�DQ�DVVXPHG�VFDQ�DQJOH������LQ�WKLV�ZD\�D�QDGLU�DFTXLVLWLRQ�LV�VLPXODWHG�>1%@��3RLQWV�
have been removed from outside the plot boundary to enhance visualization (B), when point clouds were thinned points from outside the 
plot boundary could be selected.
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Pgap than a frequency based estimate. As techniques for describ-
ing vertical structure are less well described, COVVES, a metric 
that characterizes vertical canopy arrangement by estimating 
the number of canopy layers from the second derivative of Pgap 
was also included (Wilkes et al., 2014). Figure 2 compares the 
range of values for each of the four metrics at each study area. 

To ascertain the benefit of increasing pulse density when 
charactering forest structure, metrics derived using thinned da-
tasets were compared to a dataset with a common density of 10 
pl m-2 (Næsset, 2009). Mean values were computed from the nine 
plotwise realizations at six pulse densities from which difference 
and root mean square difference were calculated. Coefficient of 
determination values were also calculated where the thinned da-
tasets were the independent variable, and the dependent variable 
was the metric computed from the high pulse density dataset. 
Furthermore, descriptive statistics for the nine plotwise realiza-
tions were calculated to ascertain intra-plot variability.   

Results 
Airborne Laser Scanning (ALS) data for three hundred plots 
were extracted across six vegetation systems that characterize 
diverse forested landscapes in Australia. For each plot, veg-
etation metrics representing three primary descriptors of veg-
etation structure (Kane et al., 2010; Lefsky et al., 2005) were 
computed at to six different simulated pulse densities (0.05 to 
4 pl m-2). Results for each descriptor are presented below.

Canopy Height
Differences in canopy height estimates are low for high pulse 
densities and increase with decreasing sampling frequency 
(Figure 4A). For example, at pulse densities t0.5 pl m-2, Root 
Mean Square Difference (RMSD) is <0.5 m for the RF, CR, 
ZZ, and LI study areas, <1 m at WC and <1.5 m at RC. At the 
structurally simple and homogenous RF study area (Figure 
2) where pulse density was simulated at 4 pl m-2, RMSD in 
height estimation is less than the quoted vertical accuracy of 
the bare earth ground surface as stated by the data provider. 
When pulse density <0.5 pl m-2, RMSD is generally less than 2 
m, however for the RC study area error can be >10 m (Figure 
4A). Furthermore, at low pulse densities, differences in height 
estimation is not necessarily a simple systematic offset; this 
is highlighted by a decrease in coefficient of determination 
values with decreasing pulse density (Figures 4A and 5A). As 
noted in previous studies, canopy height estimates decrease 
with decreasing pulse density as a result of the incomplete 
sampling of crown apexes (Goodwin et al., 2006; Morsdorf 
et al., 2008). However, in this investigation the largest errors 
occurred as a result of the misidentification of the ground sur-
face; this resulted in a poor TIN model from which to calculate 
vegetation height (Figure 4E) (Takahashi et al., 2008). This is 
particularly evident at the RC study area where high vegeta-
tion density in the upper canopy leads to attenuated penetra-
tion through the canopy profile. 

Intra-plot variance in canopy height estimation increases 
with decreasing pulse density for all study areas (Figure 6A). 
Standard deviation in canopy height estimates derived from 
different realizations of the same dataset can exceed 4 m. Calcu-
lation of canopy height Coefficient of Variation (Cv) normalizes 
for the large differences in canopy height when comparing plots 
and study areas (Figure 2A). Variance in Cv of canopy height is 
greatest for plots in the LI and CR study areas, particularly at 
low pulse densities (Figure 6B). This is attributed to clumped 
vegetation and low tree density where successive realizations 
capture a significantly different proportion of vegetation. 

Canopy Cover
Difference in canopy cover estimates as a function of sample 
density are smaller when compared with canopy height. For 
example the difference in cover estimates is close to zero for 

all point densities across all areas with the exception being 
RC (Figure 4B). The larger error at RC at pulse densities <0.5 
pl m-2 is again attributed to the poor identification of ground 
surface. This has shifted the height of the ground datum and 
therefore altered the proportion of vegetation returns included 
relative to the nominal height threshold. The trend is further 
reflected in the low coefficient of determination values at the 
RC area (R2 <0.2) (Figure 5B). Replication of cover estimates 
are also robust to diminishing pulse densities (Figure 6C), 
where standard deviation of plotwise estimates is <10% of 
total cover for 0.05 pl m-2.

Vertical Canopy Structure
Difference in Cv of return height are close to zero for all areas 
when pulse density t0.5 pl m-2. When pulse density decreases 
to <0.5 pl m-2 the difference becomes positive for the sparsely 
vegetated areas and negative for other areas (Figure 4C). The 
largest differences are seen at the LI and CR areas where 
canopy cover is the lowest (Figure 2B).  Here it is suggested 
that large positive differences are caused by the under repre-
sentation of vegetation in the return height profile at lower 
pulse densities. The opposite effect is seen to a lesser degree 
at the RC study area where returns cluster towards the top of 
the canopy. Analysis of COVVES values suggests the canopy 
height profile is generally well represented when pulse den-
sity is t0.5 pl m-2. This is reflected in an error of <1 canopy 
layer across all areas (Figure 6D). Pulse density <0.5 pl m-2 
leads to an overestimation in number of canopy layers as lay-
ers appear increasingly fragmented; this trend becomes more 
apparent with increasing canopy height (Figure 2). 

Standard deviation of plotwise Cv of return height in-
creases with decreasing pulse density. Similar to canopy 
height estimates, variance in Cv of return height is greatest for 
plots with low canopy cover at pulse densities of <0.5 pl m-2 
(Figure 2B). The Cv of return height for plots where canopy 
cover >20% have a relatively small standard deviation which 
suggests the dispersion of returns through the canopy is 
constant with each realization. Standard deviation of plotwise 
COVVES is also low for pulse densities >0.5 pl m-2 where 
intra-plot variation is <0.5 canopy layers (Figure 6E). In forest 
types where vertical structure is relatively simple (Figure 2D), 
standard deviation remains low for lower pulse densities.

Characteristics of Thinned Point Clouds
For the original datasets used in this investigation, mean pulse 
density was ~22 pl m-2. Generating different realizations of 
point clouds from an original dataset introduces the potential 
for shared points between subsets. At pulse density of 4 pl m-2, 
~85 percent of returns were shared between d2 of 9 subsets. 
This is suggested as the upper limit for simulation when apply-
ing this technique to a dataset with an original pulse density of 
20 pl m-2. Simulations at a pulse density of 0.01 pl m-2 were also 
attempted. However, for forest types where canopy cover was 
high, poor ground identification limited the number of success-
ful simulations (even within plots), and therefore these results 
were disregarded. Pulse densities for thinned datasets were an 
average of 10 percent less than the prescribed density, which 
is a result of grid points with no returns within the search 
window. This is caused by irregular pulse spacing which is 
attributed to transmission losses (Korpela et al., 2012), oblique 
viewing angles (Lovell et al., 2005) or gaps between flight line 
overlap. An iterative approach could have been used to dy-
namically alter search window dimensions until the prescribed 
pulse density was achieved (Næsset, 2009), although this 
would have increased the risk of return duplication in subsets.  

Examples of thinned point clouds for the six forest types 
are presented in Figure 7, which illustrates the differences in 
vegetation cover density and homogeneity apparent between 
study areas. It is clear that the fidelity of canopy scale features 
is reduced with decreasing pulse density particularly at the 
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sparsely vegetated sites (LI and CR). For higher pulse densi-
ties (10 and 4 pl m-2) a reasonable identification of the ground 
surface was achieved across all areas. As pulse densities de-
crease, the number of ground returns at the RC and WC areas 
quickly diminishes. This is in contrast to areas where canopy 
cover is less (Figure 2) where a regular grid of ground returns 
is still clearly visible at 0.05 pl m-2.  

Discussion 
The 250 plots across six study areas used in this investigation 
covered a broad spectrum of vegetation structure where cano-
py cover ranged from 2 to 98%, canopy height from 2 to 80 m, 
and canopy structure ranged from shrub dominated through 
to vertically complex systems (Figure 2). Yet for all vegetation 

types, an asymptote in achievable accuracy is reached at a 
pulse density of 0.5 pl m-2 (Figures 4 and 5) when compared to 
a high density acquisition. This suggests there is only marginal 
improvement in achievable accuracy by capturing data at 
higher densities for area based vegetation structure estimates. 
Furthermore, intra-plot variance is captured at a pulse density 
of 0.5 pl m-2, although small improvements are evident with 
increasing pulse density (Figure 6). These results are compa-
rable to results found in similar studies (Goodwin et al., 2006; 
Jakubowski et al., 2013; Treitz et al., 2012; Watt et al., 2013). 

Structural measurements derived from pulse densities <0.5 
pl m-2 returned larger differences, particularly at the tropi-
cal rainforest (RC) study area which is attributed to a dense 
canopy cover occluding the ground. Small overestimations of 
ground height are common in forests where ground vegetation 

Figure 4. Difference between the plotwise mean value calculated at six pulse densities (0.05 to 4 pl m-2) and the value calculated at 10 
pl m-2��)RXU�PHWULFV�DUH�XVHG�WR�VXPPDUL]H�FDQRS\�VWUXFWXUH���$��FDQRS\�KHLJKW���%��FDQRS\�FRYHU���&��FRHIÀFLHQW�RI�YDULDWLRQ��Cv) of return 
height, and (D) COVVES. Additionally, difference in ground height is shown(E). Error bars represent the 95th percentile range.
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cover is dense (Magnusson et al., 2007; Ni-Meister et al., 
2001; Su and Bork, 2006). This was evident at the WC and ZZ 
plots where ground height is overestimated by <2 m for all 
simulated pulse densities (Figure 4E). However at the RC area, 
erroneous ground models are caused by the minimal number 
of returns that penetrate through the upper canopy (Takahashi 
et al., 2008). For example at all pulse densities <2% of returns 
are classified as ground, which for the pulse density <0.5 pl 
m-2 results in an average of ~3 identified ground returns in the 
plot area. In reality, a number of simulations had no returns 
classified as ground which led to the failure of metric calcula-
tion (Figure 7). The effect of increasing flying height to attain 
a lower sampling frequency will only exacerbate poor pen-
etration of pulses to the ground owing to a reduction in pulse 

intensity (Goodwin et al., 2006; Takahashi et al., 2008). A 
comparison of the mean height of returns classified as ground 
for low pulse density datasets reveals that points within the 
canopy were miss-classified. This increases the height of the 
ground layer (Figure 4E) and propagates to estimation errors 
in all metrics. It is acknowledged that a generic approach, us-
ing commonly available software, was taken when classifying 
ground returns and a customized solution may have identi-
fied the ground surface more accurately (Evans and Hudak, 
2007; Tinkham et al., 2011). Nevertheless, for large area ac-
quisitions (e.g., regional to continental transects) where many 
different vegetation and terrain types maybe encountered, a 
bespoke solution for a particular scenario may not be feasible 
or warranted. The opposite is apparent at study areas where 

)LJXUH����&RHIÀFLHQW�RI�GHWHUPLQDWLRQ�ZKHUH�WKH�LQGHSHQGHQW�YDULDEOH�ZDV��$��FDQRS\�KHLJKW���%��FDQRS\�FRYHU���&��UHWXUQ�KHLJKW�FRHI-
ÀFLHQW�RI�YDULDWLRQ��Cv), and (D) COVVES at six different pulse densities (0.05 to 4 pl m-2). The dependent variable was the metric derived 
from a pulse density of 10 pl m-2.
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vegetation cover is sparse and can therefore be underrepre-
sented in the ALS capture at lower pulse densities (Figure 4). 
This effect is enhanced where vegetation cover is heteroge-
neous (e.g., clumped) as at the savannah and woodland areas. 

Differences in canopy height estimates at diminishing 
pulse densities are similar to those reported in studies over 
different forest types. For example, when comparing different 
flying heights Goodwin et al. (2006) found only small differ-
ences in the 99th percentile of canopy height (~1 m) estimated 
at three pulse densities between ~0.5 and 1 pl m-2. Jakubowski 
et al. (2013) reported relatively large errors when using pre-
dictive models to estimate field derived canopy cover metrics. 
Although this investigation does not compare results to field 

estimates, it is suggested that the weighted 1 –Pgap(z) method 
is robust to diminishing pulse density and could be used to 
improve predictive models. Previous studies have suggested 
that if sub-canopy structure is to be assessed satisfactorily 
then higher pulse densities are required, however these stud-
ies have been mostly limited to first-return or first-and-last-
return captures (Jakubowski et al., 2013; Thomas et al., 2006). 
The inclusion of intermediate returns suggest that the canopy 
profile can be satisfactorily attributed at 0.5 pl m-2 when com-
pared to more dense acquisition (Figure 4 C and D). Observed 
patterns of increasing variance with decreasing pulse density 
are similar for the four metrics tested and to trends reported 
in previous studies (Gobakken and Næsset, 2008). Random 

Figure 6. Mean intra-plot variance for vegetation structure metrics where variance is calculated as the standard deviation of nine realiza-
WLRQV�GUDZQ�V\VWHPDWLFDOO\�IURP�WKH�RULJLQDO�GDWDVHW��)RXU�PHWULFV�ZHUH�FRPSXWHG���$��FDQRS\�KHLJKW���&��FDQRS\�FRYHU���'��FRHIÀFLHQW�
of variation (Cv) of return height, and (E) COVVES. Additionally, (B) Cv of canopy height was included, which normalizes for canopy height 
when calculating variance. Error bars represent standard deviation of mean variance.
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error in metric estimation increases with decreasing pulse 
density (Takahashi et al., 2010); this is illustrated by a simul-
taneous decrease in coefficient of determination values with 
pulse density (Figure 5).  

Systematically applying an offset to the point-grid al-
lowed robust estimates of vegetation metrics independent 
of sampling location origin. This is particularly useful when 
analyzing low pulse densities where large variation is evident 
between realizations (Figure 6). Analysis of intra-plot results 
suggests that variance in metrics is captured at pulse densities 
t0.5 pl m-2. For lower pulse densities, difference between real-
izations can be more significant. For example at WC difference 
in height estimations between realizations have a standard 
deviation ~3 m at the lowest pulse density, this drops to <1 m 
at a pulse density of 0.5 pl m-2

 (Figure 6A). Intra-plot variance 
was lowest for plots where canopy cover was homogenous 
and structurally simple, e.g., a single canopy (Figures 2 and 
7). For example standard deviation of canopy height remained 
<1 m for the RF study area, even when considering the lowest 
pulse density simulated (Figure 6A). Conversely at the sparse-
ly vegetated LI study area where vegetation is clumped, the 

Cv of canopy height and Cv of return height is highly variable 
(Figure 6B and 6D, respectively). This is due to vegetation 
cover being heterogeneous and therefore subsequent plotwise 
realizations capture significantly different proportions of veg-
etation, resulting in dissimilar interpretations of the canopy 
profile. When comparing four overlapping flight lines ac-
quired on the same day with the same capture specifications, 
Bater et al. (2011) found a similar difference between height 
estimates of <1 m at a pulse density of 2 pl m-2. The authors 
also noted significant differences in metrics calculated from 
last-returns, e.g., describing the ground and lower region of 
the canopy.  This is again less apparent in this study owing to 
the utilization of a multi-return recording instrument.

The technique introduced in this paper has allowed a 
robust comparison of estimating vegetation structure metrics 
simulating different capture pulse densities across a range 
of vegetation types. The inclusion of a TIN model calculation 
is seen as an important step that is not always included in 
thinning simulations. TIN modeling highlighted that utilizing 
a pulse density <0.5 pl m-2 in dense forests is unlikely to iden-
tify the ground surface adequately to accurately determine 

)LJXUH����([DPSOH�SRLQW�FORXGV�IRU�HDFK�IRUHVW�W\SH�GLVSOD\HG�DW�IRXU�GLIIHUHQW�SXOVH�GHQVLWLHV���3RLQWV�DUH�FODVVLÀHG�LQWR�HLWKHU�JURXQG�
(black) or non-ground (grey), e.g., vegetation. Heights are relative to the Australian Height Datum. Point size is shown to increase with 
decreasing density for visualization purposes only.
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vegetation structure. It is recognized that the presented 
technique does not account for factors caused by an increased 
flying height such as increase in laser footprint size or attenua-
tion of laser power caused by increased atmospheric thickness 
(Goodwin et al., 2006), as well as acquisition at oblique view-
ing angles (Lovell et al., 2005) or with a different instrument. 
Physical models such as that presented by Disney et al. (2010) 
could potentially be used to more accurately model different 
acquisition scenarios. However, this would require significant 
effort to recreate landscape scale variance in native forest 
structure and is therefore beyond the scope of this study.

Conclusions
Land managers are commissioning small-footprint discrete 
return airborne laser scanning (ALS) acquisitions over increas-
ingly large areas which may in turn capture a variety of forest 
types. This study examines the sensitivity of pulse density 
(sampling frequency) on primary descriptors of vegetation 
structure (canopy height, canopy cover, return height coeffi-
cient of variation, and COVVES) across a broad range of forest 
types: from sparsely vegetated savannah woodlands to dense 
rainforest. ALS was acquired with the same campaign and 
capture specifications and ALS instrument which facilitated 
comparisons between forest types. Point clouds were thinned 
to six different densities (0.05 to 4 pl m-2) using a novel tech-
nique that systematically selected nine subsets of data from 
each original plot dataset, this allowed metrics to be comput-
ed in a robust way as well as assessing the reproducibility of 
ALS acquisition. Metrics derived from thinned datasets were 
compared to a dataset with a pulse density of 10 pl m-2.

Simulated acquisition with a pulse density of t0.5 pl m-2 
resulted in minimal differences for all metrics across all for-
est types when compared to a dataset with a pulse density of 
10 pl m-2. Furthermore, intra-plot variance was significantly 
lower at higher pulse densities than for less dense simula-
tions. This result suggests there is minimal gain from acquir-
ing ALS data at a pulse density >0.5 pl m-2 which could result 
in potential cost savings for land management agencies. The 
primary reason for erroneous estimation at lower pulse densi-
ties was the poor identification of the ground surface, which 
propagated to metric estimation, and heterogeneous (e.g., 
clumped) vegetation being inadequately sampled. The analy-
sis presented here will allow land managers to be confident in 
specifying lower pulse densities when planning ALS capture 
for large area vegetation characterization, even over dense, 
very sparse, tall, or vertically complex forests. 
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