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Summary
1 The vertical arrangement of forest canopies is a key descriptor of canopy structure, a driver of ecosystem function and indicative of forest successional stage. Yet techniques to attribute for canopy vertical structure across
large and potentially heterogeneously forested areas remain elusive.
2 This study introduces a new technique to estimate the Number of Strata (NoS) that comprise a canopy proﬁle,
using discrete-return Airborne Laser Scanning (ALS) data. Vertically resolved gap probability (Pgap) aggregated
over a plot is generalized with a nonparametric cubic spline regression (Ps). Subsequently a count of the positive
zero-crossings of second derivative of 1  Ps is used to estimate NoS.
3 Comparison with inventory derived estimates at 24 plots across three diverse study areas shows a good agreement between the two techniques (RMSE = 041 strata). Furthermore, this is achieved without altering model
parameters, indicating the transferability of the technique across diverse forest types. NoS values ranged from 0
to 4 at a further 239 plots, emphasizing the need for a method to quantify canopy vertical structure across
forested landscapes. Comparison of NoS with other commonly derived ALS descriptors of canopy structure
(canopy height, canopy cover and return height coeﬃcient of determination) returned only a moderate correlation (r2 < 04).
4 It is proposed the presented method provides a primary descriptor of canopy structure to complement canopy
height and cover, as well as a candidate Ecological Biodiversity Variable for characterizing habitat structure.

Key-words: airborne laser scanning, canopy stratiﬁcation, forest structure, large-area attribution,
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Introduction
Forests are complex ecosystems when considering structure
and spatial arrangement (Brokaw & Lent 1999; Franklin &
Van Pelt 2004; McElhinny et al. 2005). Horizontal structure
and spatial arrangement (e.g. extent, fragmentation, fractional
cover etc.) has been the subject of much research and there are
a number of techniques to describe horizontal arrangement
across diﬀerent scales (Bradshaw & Spies 1992; Jennings,
Brown & Sheil 1999; Plotkin, Chave & Ashton 2002). Techniques to characterize canopy vertical structure, particularly
over large and continuous spatial domains, are less well
described and are often surmised by an estimation of (variation
in) canopy height alone (Zimble et al. 2003; Parker & Russ
2004). This oversimpliﬁcation could miss important structural

features below the principal canopy such as presence/absence
of a mid-storey and/or understorey.
Detail of forest canopy vertical structure provides additional information on within canopy interaction of radiation,
temperature, wind speed and humidity (Koike & Syahbuddin
1993) and consequently provision of ecosystem services
including hydrology and habitat (Vierling et al. 2008; Jaskierniak et al. 2011). The characterization of habitat structure
has recently been recognized as an Essential Biodiversity
Variable, deﬁned as key measurements for monitoring and
reporting of biodiversity change (Pereira et al. 2013). Noncatastrophic disturbances such as low intensity ﬁre or
thinning can cause divergence from a simple successional
paradigm, leading to the removal of canopy strata or establishment of a multi-age and potentially multistrata stand
(Lindenmayer et al. 2000; Kane et al. 2013). Canopy structure cannot therefore be assumed to be a function of successional stage or other independent drivers (Kane et al. 2010a).
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There are a number of deﬁnitions of canopy vertical structure applicable to forests (Parker & Brown 2000). Here, we
apply the deﬁnition where non-uniformity of plant area volume density can be used to identify canopy stratum by locating
modal peaks in the density curve (MacArthur & Horn 1969;
Lefsky et al. 1999). By extension, a canopy can be stratiﬁed
into one or more canopy strata (Koike & Syahbuddin 1993;
Whitehurst et al. 2013). As with other metrics of vegetation
structure (Lovell et al. 2003), canopy vertical structure metrics
are scale dependent and therefore scale is intrinsic in a metrics
deﬁnition (Wilkes et al. 2013).
Active ranging sensors, such as Light Detection And Ranging (LiDAR), have long been recognized as having the capability for remote sensing of forest structure. This is due to the
ability of active sensors to penetrate the upper canopy surface
allowing top-to-bottom measurement of the location of intercepted surfaces (e.g. leaf, branch, stem and ground surface) in
three dimensions (Lefsky et al. 1999; Lim et al. 2003). Over
large areas and in operational scenarios, small-footprint
(Ø < 3 m) Airborne Laser Scanners (ALS), conﬁgured to capture discrete pulses of backscattered energy (or ‘returns’), have
been used to estimate forest structure attributes (Næsset 1997;
Means et al. 2000; Wulder et al. 2012).
With regard to the vertical distribution of vegetation, ALS
data have been analysed using a variety of statistical techniques, for example, using return height coeﬃcient of variation
(Bolton, Coops & Wulder 2013) and the three dimensional
equivalent ‘rumple’ (Kane et al. 2010b). More advanced parametric and nonparametric analytical techniques include cluster
analysis and other segmentation algorithms (Ria~
no et al. 2003;
Morsdorf et al. 2010; Zhang et al. 2011), application of single
mathematical functions, for example the Weibull (Lovell et al.
2003; Coops et al. 2007) or mixture modelling (Jaskierniak
et al. 2011) and classiﬁcation of points into strata by return
height, type or intensity (Miura & Jones 2010; Morsdorf et al.
2010; d’Oliveira et al. 2012; Zellweger et al. 2013). Nevertheless, where knowledge of canopy structure is not available a priori, it is unlikely a model can be parameterized with the correct
number of components (i.e. number of canopy strata) – particularly as structural complexity increases (Jaskierniak et al.
2011; Muss, Mladenoﬀ & Townsend 2011). This is important
when attributing heterogeneous forested landscapes where forest structure may be highly variable (Lindenmayer et al. 2000).
Techniques to characterize canopy arrangement where an
assumption of structure is not required include polynomial
regression, wavelet and Fourier transformations and Gaussian
kernel smoothing (Popescu & Zhao 2008; Hopkinson et al.
2013). Although these techniques can characterize the distribution of foliage in a dynamic way, they do not explicitly attribute for vertical structure. The only existing method to use
small-footprint ALS, which is automated and makes no prior
assumptions of structure is presented by Maltamo et al.
(2005), who used a hierarchical histogram method to classify
plots into single or multistrata canopy.
This study introduces a new method for characterizing forest canopy vertical structure from discrete-return ALS that is
applicable to large-area characterization. Model output is an

ecologically meaningful metric of canopy vertical structure
where the Number of Strata (NoS) within the canopy vertical
proﬁle is estimated. The new metric is applied across structurally diverse forests, from dry sclerophyll woodland to temperate rain forest. Validation is achieved with a comparison of
crown volume models derived from ﬁeld measurements at 27
permanent inventory plots.

Attributing canopy vertical structure
The new method to estimate Number of Strata (NoS) from discrete-return ALS is outlined in Fig. 1 and is described in more
detail below. Processing of ALS data was achieved with the
open-source ForestLAS Python package (https://goo.gl/
YkIhGL).
GAP PROBABILITY DERIVATION

Gap probability (Pgap) can be estimated from large-footprint waveform recording LiDAR where the proportion
of accumulated energy returned to the sensor from the
top of the canopy to a height within the canopy is
divided by the total backscattered energy (Ni-Meister,
Jupp & Dubayah 2001). The theory has been extended to
discrete-return ALS where backscattered returns are aggregated into plots (Lovell et al. 2003; Ria~
no et al. 2003;
Hopkinson & Chasmer 2009). Occluded surfaces underneath the upper canopy can lead to an underestimation
of plant area of the lower strata, which can be mitigated
by applying a logarithmic transformation to Pgap. Projected cover L can therefore be estimated as L = log
(Pgap) (MacArthur & Horn 1969; Aber 1979; Lovell et al.
2003; Ria~
no et al. 2003).
PROBABILITY DENSITY FUNCTION (PDF) FROM
PROJECTED COVER (L)

If vertically resolved L is equivalent to a cumulative density
function of ALS returns (or foliage), the derivative of L can
be considered the probability density function (LPDF). This is
analogous to the ‘apparent’ canopy height proﬁle (Lovell
et al. 2003). With the addition of the probability of a return
coming from the ground or below a height threshold (zt),
LPDF can be used to estimate the probability of a return X
coming from height z within the plot voxel eqn 1, where the
integral of LPDF = 1  L(zt).

Pr½zmax [ zX [ 0 ¼

8 zmax
< R
:

zt

LPDF ðzÞ;

Lðzt Þ;

z  zt

eqn 1

z\zt

BOOTSTRAPPING AND PGAP FILTERING

Airborne laser scanning is a sampling tool and therefore
may not measure distance to all visible surfaces within
the canopy, particularly at lower pulse densities common
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Fig. 2. Sensitivity of NoS to increasing a (a) and ‘apparent’ Canopy
Height Proﬁles (CHP) derived by increasing a (b–e). Also included is
the canopy height proﬁle histogram (2 m bins) used in the supervised
classiﬁcation (f) (see Section ‘Derivation of smoothing coeﬃcient’).
Results from a supervised classiﬁcation suggested this plot is characterized by two canopy strata (equivalent to pane d) and therefore an aS of
004038 [a].

Fig. 1. Derivation of canopy vertical structure from ALS-derived gap
probability (Pgap).

in operational acquisition (Lim et al. 2003). Therefore, to
derive a robust estimate of NoS as well as to quantify
estimate variance, NoS, is estimated from simulated point
clouds that are generated in a bootstrap (Efron 1979).
Points are drawn from equation 1 until the simulated
point cloud has the same number of returns as the original; in this way, each simulated point cloud has a diﬀerent conﬁguration. In addition, simulated points are also
attributed with an estimate of a ‘Number of Returns’

(NoR) metadata value (see Section Pgap from ALS). This
is achieved by calculating the NoR value probability from
the original point cloud, in 1 m height intervals, then
assigning simulated points an NoR value based on this
probability.
From each simulated point cloud, Pgap is again generated. At this stage, ﬁltering of the Pgap curve is applied to
remove signal noise, a result of intracrown voids and foliage clumping, and to generalize canopy structure (Lovell
et al. 2003; Coops et al. 2007). Filtering is achieved by
application of a nonparametric cubic spline regression (Silverman 1985). This diﬀers from previous approaches to
smooth canopy proﬁles with cubic splines (Jung & Crawford 2008; Muss, Mladenoﬀ & Townsend 2011) by applying the transformation directly to the Pgap curve. Owing to
the relative simplicity of the Pgap curve, compared to the
canopy height proﬁle, transformation of Pgap is more
robust to a non-optimal smoothing coeﬃcient. A new
curve Ps is automatically generated so that the sum of
squares, calculated at the intersections (t or ‘knots’) of
spline section, satisﬁes the smoothing coeﬃcient a eqn 2
(Dierckx 1993).
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a¼\

n 
X
2
Ps ðti Þ  Pgap ðti Þ

eqn 2

Application across a diverse forested landscape

i¼1

When a is equal to zero, Ps is equivalent to an interpolating spline ﬁtted through every point in the Pgap curve
resulting in a close ﬁt to Pgap. When a ? ∞, Ps tends to
an ordinary least squares solution. For a plot, a correct
estimate of the number of strata can be derived from a
range of a coeﬃcients (aS) where aS+1 < aS < aS-1; with
increasing a, the number of strata identiﬁed quickly
decreases before reaching an asymptote (Fig. 2a). When
a = 0, the derived canopy height proﬁle is dominated by
noise, as a increases canopy scale features begin to dominate the shape of the curve until the canopy height proﬁle
becomes over-smoothed and canopy features are masked
(Fig. 2b–e). Determination of an appropriate a coeﬃcient
is therefore required.
For the spline regression to correctly interpret the top of the
canopy, Pgap is extended by a further 10% of maximum
canopy height where the ‘leading edge’ is given a Pgap value of
1. Large voids in the canopy proﬁle can produce erroneous
local maxima with relatively low amplitude compared with the
amplitude of modes coincident with canopy strata. These are
removed by discounting local maxima in f(x)0 , where x = 1 
Ps, whose amplitude is <5% of the largest maxima.
Positive zero-crossings of f(x)″ are indicative of local maxima in foliage density (Hofton, Minster & Blair 2000; Popescu
& Zhao 2008). Therefore, a count of the positive zero-crossings
of f(x)″ is used to estimate the number of strata and a mean of
bootstrapped samples is computed as the metric of canopy vertical structure (Fig. 1).

STUDY AREAS

Three 5 km 9 5 km forested study areas (Table 1), situated
in Victoria, Australia, were selected based on the following criteria: representativeness of a vegetation type and structural
class at a regional scale (Montreal Process Implementation
Group for Australia, 2013) and minimal historical disturbance
(e.g. ﬁre or timber extraction). With continuing successional
stages, sclerophyll forests can stratify into distinct canopy
strata, allowing identiﬁcation of an upper canopy and, if present, shade-tolerant or suppressed strata beneath (Lindenmayer et al. 2000; McElhinny et al. 2005; Morsdorf et al.
2010; Scanlan, McElhinny & Turner 2010).
ALS ACQUISITION AND PRE-PROCESSING

Small-footprint ALS data were acquired over each
25 km 2 study site in April 2012. ALS data were captured with a Riegl LMS-Q560 laser scanner at a
mean pulse density of ~9 pl m 2. The scanner digitized the full waveform of a backscattered pulse; this
was subsequently decomposed using Gaussian pulse
estimation (Riegl, 2006), which resulted in a maximum of ﬁve returns identiﬁed per out going pulse.
Returns below 2 m were discarded from analysis of
canopy structure metrics so as not to incorporate
small shrubs, coarse woody debris and misclassiﬁed
ground returns (Jaskierniak et al. 2011).

Table 1. Description of the three study areas in Victoria, Australia
Number
of
ALS
plots
Coordinates

Site

Elevation (m) Vegetation description

Low Open
Woodland
(LOW)

59

36° 450 11″ 144° 570 57″ 170–300

Mixed Species
Forest (MSF)

76

37° 280 26″ 148° 200 19″ 200–400

Tall Closed
canopy
Forest (TCF)

104

37° 410 22″ 145°410 5″

975–1220

Dominant
forest type*
(>10% of study
site)

Mean annual
Canopy
rainfall
height (m) (1981–2010) (mm)†

Short, discontinues,
Heathy
<30
open woodland with
Dry Forest,
low canopy density
Box
and sparse, shrubby
Ironbark
understorey
Forest
Medium height, dense
Riparian Forest,
20–50
forest characterized by
Damp Forest,
diversity of eucalypt
Shrubby
species. Dense
Dry Forest
non-eucalypt
understorey
20–90
Very tall, dense,
Montane
high productivity forest. Wet Forest,
Localized areas of
Wet Forest,
‘old growth’ forest
Riparian Forest,
(Lindenmayer
Cool Temperate
et al. 2000)
Rain forest,
Montane
Damp Forest

584

833

1122

*As deﬁned by ecological vegetation classes (Woodgate et al. 1994).
Bureau of Meteorology (2014).

†
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Circular ALS plots with a radius of 112 m (004 ha) were
extracted from the full ALS data set to replicate the Department of Environment and Sustainability (DSE) Victorian Forest Monitoring Program (VFMP) large tree plot dimensions
(DSE, 2012). ALS plot locations were determined by superimposing a regular grid (100 m intervals) over the three study
areas. The grid was then stratiﬁed by forest type (Woodgate
et al. 1994), from which 30% of sample points (up to a maximum of 30) that intersected each forest type were randomly
selected. To ensure independence of validation data, any
selected points that were within 50 m of a permanent forest
inventory plot were disregarded. In total, 239 plots were
extracted from across the three areas (Table 1). An additional
27 plots that were coincident with the forest inventory plots
were also extracted for validation.
PGAP FROM ALS

Ignoring the assumption of ALS return dependence from a single outgoing pulse when computing Pgap can lead to an overestimation of Pgap (Lovell et al. 2003; Armston et al. 2013).
Owing to factors such as the proprietary derivation of return
intensity values, return intensity can be uninformative when
estimating proportion of backscattered energy (Armston et al.
2013). A robust estimate of return intensity was instead derived
by weighting individual returns by the Number of Returns
(NoR) metadata value (ASPRS, 2008) recorded for each outgoing pulse, that is 1/NoR. Although this is an oversimpliﬁcation, for example ignoring the diﬀering surface reﬂective
properties, partial backscatter or transmission losses (Ni-Meister, Jupp & Dubayah 2001; Hopkinson & Chasmer 2009),
Armston et al. (2013) reported a good agreement when
comparing Pgap derived with this method and full-waveform
data captured over the same plot. Here, Pgap is estimated
using:
P
wi ðzi [ zÞ
Pgap ðzÞ ¼ 1 
eqn 3
W

5

DERIVATION OF SMOOTHING COEFFICIENT

As mentioned in Section ‘Bootstrapping and Pgap ﬁltering’,
derivation of a suitable a coeﬃcient used in eqn 2 is
required. To test the universal applicability of a coeﬃcient
a forest type, study area and a universal a were estimated
(Table 2). This was achieved using a supervised classiﬁcation of 82 plots from across the three study areas in a
cross-validation with modelled output. Using histograms of
weighted return height, binned at 2 m intervals (e.g.
Fig. 2f), ten individuals were asked to visually estimate the
number of strata (NoSSC) that characterized each of the 82
plots. The mode classiﬁer response was calculated and used
to determine aS for each plot (Fig. 3a). Next, a suboptimal
forest type, study area and universal a (ᾶ) were estimated
using random subsampling cross-validation (N = 50). For
each iteration, the most common a for a randomly generated 75% training cohort (Fig. 3a) was selected as ᾶ
(Fig. 3b). If two or more ᾶ values were equally common,
the median ᾶ was chosen (Fig. 3b). The ᾶ coeﬃcient was
substituted into eqn 4 to compute the number of strata
for the withheld samples (Fig. 3c). A weighted average [4]

(a)

(b)

where W is the per plot sum of 1/NoR (including ground
returns) and wi is 1/NoR for returns i above height z.
Table 2. Forest type, study area and universal a. Riparian forest is
found in both the MSF and TCF study areas. Too few plots were
located in Montane Damp Forest to compute a
Forest type

Study area

(c)

Universal

Heathy Dry Forest
Box Ironbark Forest

058
054

LOW

058

Damp Forest
Shrubby Dry Forest

037
013

MSF

020

Riparian Forest

019

Montane Wet Forest
Wet Forest
Cool Temperate Rainforest
Montane Damp Forest

031
021
026
–

TCF

030

030

Fig. 3. Cross-validation to determine a suboptimal smoothing coeﬃcient. For this, 75% of plots were subset as training data (a), where the
horizontal bars represent aS as determined by a supervised classiﬁcation (NoSSC). A suboptimal coeﬃcient ᾶ was selected as the median
value from the range of most frequently observed a values (b). ᾶ was
subsequently substituted into [2] and applied to the test plots (c).
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was then used to compute the most appropriate forest
type, study area or universal a.
PN
~i ðEmax  Ei ÞÞ
i¼1 ða
~
a¼ P
eqn 4
N
i¼1 ðEmax  Ei Þ
where Ei is the mean of |NoSSC – NoS| for the withheld sample
of each iteration i, and Emax is the maximum Ei value.
BOOTSTRAPPING SIMULATED POINT CLOUDS

For each plot, sample point clouds were generated from eqn 1
in a bootstrap as described above. A sensitivity analysis to
determine the appropriate number of bootstrap samples suggested a maximum of 100 samples was suﬃcient to reduce variance in NoS estimates. This number was signiﬁcantly reduced
for structurally less complex forest plots dominated by a single
stratum. In addition to NoS, canopy height, canopy cover and
return height coeﬃcient of variation (Cv) were calculated,
where for each the mean value from the bootstrap simulations
was used. Canopy height was computed as the 95th percentile
of return height of all non-ground returns >2 m and canopy
cover was estimated as 1  Pgap(z) where z = 2 m.
(a1)

(a2)

(a3)

(b1)

(b2)

(b3)

(c1)

(c2)

(c3)

(d1)

(d2)

(d3)

VALIDATION WITH FIELD INVENTORY

A Geometric Crown Volume Model (GCVM) approach
was used to validate ALS-derived canopy vertical structure
(Drake et al. 2002; Morsdorf et al. 2010) where the modelling of GCVM follows Scanlan, McElhinny & Turner
(2010). This approach was chosen as it is not aﬀected by
occlusion of the upper canopy, which can be a drawback
of in situ ranging techniques (Lovell et al. 2003); it can
also be parameterized with existing inventory data. Field
measurements and allometry were used to parameterize
geometric models of crown volume for individual tress.
Crown volume were then integrated across each plot producing a histogram of canopy volume. The number of
strata was subsequently estimated by visual inspection of
the canopy volume histogram and compared to the ALS
estimate.
Inventory data were gathered concurrent with the ALS
acquisition at 27 plots across the three study areas. At each
point, a circular 004 ha plot was established following the
DSE VFMP protocol, measurements included tree species,
diameter at breast height and tree height (DSE, 2012). Addi-

Fig. 4. Canopy vertical structure from ALSderived Pgap for four structurally diverse forest
plots (a–d) using forest type (green), study area
(purple) and universal (blue) a. Pgap from a
single bootstrap sample is transformed with a
nonparametric cubic spline regression (Ps)
[column 1]. ‘Apparent’ canopy height proﬁle
(Lovell et al. 2003) from f(x)0 , where x = 1 
Ps [column 2]. ALS return density maxima
identiﬁed as strata (Si) from the positive zerocrossings of f(x)″ [column 3]. A comparison of
f(x)0 and a histogram of weighted ALS returns
(wALS) [2] illustrates the generalization of the
canopy height proﬁle possible with this technique.
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tional height to live crown and crown radius measurements
were taken at the LOW and TCF study areas; these were used
to derive allometry between maximum crown height and
height to live crown base and stem diameter at breast height
and crown radius. The exception was for the TCF study area
where allometrics for height to live crown were taken from
Van Pelt, Sillett & Nadkarni (2004).
For crown modelling, an ellipsoidal crown archetype was
assumed for all species (Haverd et al. 2012). Crowns were
modelled as a solid volume (i.e. assuming a Poisson distribution of foliage) and crown densities were weighted according to
position (dominant or subdominant) and species. The exception to this was eucalypt trees where the disparity in foliage
density between the outer crown shell and the interior was
modelled by computing an inner ellipsoid of less dense foliage.
Only crowns that were recorded as ‘live standing’ were modelled (~86% of trees) and as the relative xy position of trees
was not recorded, crown overlap and protrusion beyond a plot
boundary were not considered. Three plots were removed from
validation due to a poor agreement between inventory and
ALS measured maximum canopy height.

Results and Discussion
This manuscript presents a new technique, which utilizes ALS
to estimate the number of canopy strata that characterize a forest plot, in an attempt to quantify canopy vertical structure.
The new technique was successful in identifying local maxima
in vegetation density, coincident with the upper canopy and
shade-tolerant canopy strata beneath, and therefore generating
an estimate of Number of Strata (Fig. 4). A metric of canopy
vertical structure on its own may not be informative when used
in an abstract comparison, for example comparing a tropical
rain forest and dry sclerophyll forest (Parker & Brown 2000).
Nevertheless, the evaluation of a spatially continuous layer of
canopy vertical structure across a landscape (Fig. 5) can identify patterns useful for understanding disturbance history
(Angelo, Duncan & Weishampel 2010) or the distribution of
biomass (Keith, Mackey & Lindenmayer 2009). It is also suggested the new method provides a candidate Essential Biodiversity Variable with which to characterize terrestrial habitat
structure, as discussed by Pereira et al. (2013). Furthermore,
this method oﬀers a means to dynamically parameterize techniques such as mixture modelling or cluster analysis of canopy
vertical arrangement (Jaskierniak et al. 2011; Zhang et al.
2011), where a prior estimate of the number of model components is required.
METHODOLOGY EVALUATION

Parameterizing the a coeﬃcient with a supervised classiﬁcation
and cross-validation was successful (kappa 064–067), particularly for plots where NoS ≤2 (Fig. 6). An improved classiﬁcation (kappa = 072) can be obtained when plots are classiﬁed
into a single and multistrata schema (Zimble et al. 2003; Maltamo et al. 2005), although this would ultimately reduce structural information in more complex forests. It is suggested the

Fig. 5. NoS computed across three diversely forested study areas
(Table 1) at a 30-m resolution. Map coordinates are Map Grid of
Australia Zone 55.
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Fig. 6. Results from the supervised classiﬁcation of 82 plots. Frequency histogram of mean classiﬁcation response (NoSSC) classiﬁed by mode
response (i.e. consensus on number of strata) (a) and confusion matrix comparing supervised classiﬁcation and model output (b).

Fig. 7. Linear regression of per plot mean height and mean number of
spline polynomials. Mean values were derived from the bootstrap simulations.

poor performance where NoS >2 is due to the low number of
ALS plots in the training data for of this cohort (n = 5).
Forest type, study area and universal a (Table 2)
returned similar Pgap curves and canopy proﬁles when
applied to plot data (Fig. 4). Furthermore, there was no
overall improvement in results when a forest type or site-

Fig. 8. A comparison of canopy height proﬁles derived using a point
cloud with a pulse density of 10 pl m2 (black) and a bootstrap
(N = 50) of a point cloud thinned to 1 pl m2 (Wilkes et al. 2015). NoS
equals 3 for the original point cloud, 4 for the thinned point cloud and
312 for the bootstrap mean of the thinned data set. Also included as a
comparison is a histogram of weighted ALS returns (wALS).

Table 3. Comparison of GCVM- and ALS-derived estimates of NoS
GCVM– ALSRadius (NoS)
Radius = 112

Radius = 15

Radius = 20

Study site

n

min

max

l

RMSE

min

max

l

RMSE

min

max

l

RMSE

ALL
LOW
MSF
TCF

24
9
9
6

20
20
10
10

13
00
00
13

02
02
04
01

069
066
060
083

10
10
10
10

10
01
00
10

01
01
02
01

041
033
036
056

10
10
10
10

10
00
00
10

02
01
03
026

047
033
052
067

GCVM, Geometric Crown Volume Model; ALS, Airborne Laser Scanning; NoS, Number of Strata; MSF, Mixed Species Forest.
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Fig. 9. A comparison of 24 canopy height proﬁles (CHP) generated
with GCVM and ALS. Light green and dark green crowns represent
eucalypt and non-eucalypt species, respectively. Trees are randomly
placed within the scene as individual stem location was not recorded.
Grey histograms were generated using GCVM and green and blue
CHPs were derived from ALS plots with a radius of 112 and 15 m,
respectively.

speciﬁc a was applied (Fig. 6). This would indicate a universal a is suﬃcient to characterize vegetation structure
across the three diversely forested study areas; this would
suggest no prior assumption of forest structure or type is
required (Fig. 5). Requirement for forest-type assumptions
has been previously recognized as a limitation of ALS
techniques for deriving forest structure, particularly Pgap,
over heterogeneously forested areas (Hopkinson & Chasmer 2009). A suggested reason for general applicability is
the technique generalizes canopy structure; therefore for
the majority of plots, aS is relatively large and overlaps
for diﬀerent forest type (Fig. 3). Furthermore, the method
scales linearly with increasing canopy height (Fig. 7)
which maintains smoothing characteristics regardless of
canopy height.
The standard deviation of number of strata from the bootstrapped output was small for ~80% of plots (<04 strata). For
the remaining plots, bootstrap iterations produces a suﬃciently diﬀerent canopy proﬁle so that a range of NoS estimates
were derived; typically 1 canopy strata but as much as 2
strata in more structurally complex forests. A number of reasons are suggested for a plot returning a range of NoS values;
these include (i) under sampling of the subcanopy in the original acquisition which caused greater variability in simulations,
(ii) the inﬂuence of partially represented trees on a plot voxel
boundary and (iii) the partial convergence of large tree crowns
in the dominant canopy or of the dominant and shade-tolerant
strata. It is suggested that bootstrapping of point cloud conﬁguration to reduce uncertainty in structure estimates has wider
application, particularly where acquisition pulse density is low
(Fig. 8).
Gaussian smoothing is commonly applied to remove noise
from canopy height proﬁles derived from large-footprint fullwaveform instruments (Hofton, Minster & Blair 2000). Here,
the ﬁltering of Pgap was opted for instead of smoothing the
canopy height proﬁle, as this was more robust to non-optimal
regression coeﬃcients (i.e. aS was larger). Application of
Gaussian smoothing produced a monotonically decreasing
Ps; however, it resulted in far more false positives in f(x)″.
There are a number of techniques to enforce monotonic behaviour when ﬁtting splines (e.g. He & Shi 1998) which could be
explored further if derivation of the canopy height proﬁle is
required. Other techniques to identify canopy strata include
Gaussian decomposition; however, over large areas the iterative nature of this technique can be computationally expensive
(Hancock et al. 2015). Here, determination of an appropriate
smoothing coeﬃcient was suﬃcient to identify canopy scale
features in f(x)″; this negated the requirement for an iterative
process and therefore improved algorithm eﬃciency.
© 2015 The Authors. Methods in Ecology and Evolution © 2015 British Ecological Society, Methods in Ecology and Evolution
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VALIDATION RESULTS

A comparison at 24 plots of ALS and Geometric Crown Volume Modelling (GCVM)-derived NoS returned a RMSE of
069 strata (Table 3). Generally, ALS tended to underestimate
NoS when compared to GCVM (Table 3). Improvements
were made across all study areas when the ALS plot radius was
increased to 15 m (RMSE = 041). This would suggest that
individual trees, particularly large tress both inside and outside
the inventory plot, have a signiﬁcant inﬂuence on the canopy
height proﬁle at the VFMP plot radius (Fig. 9). Increasing the
ALS plot radius integrates a larger number of trees into the
ALS plot voxel and therefore provides a more robust estimate.
Diﬀerences in curve shape are evident between the two ALS
plot sizes (112 and 15 m radii), where the larger ALS plot produces a more generalized curve (e.g. Fig. 9 TCF1 and TCF2).
The poorest results were seen at the TCF study area (Table 3)
and this was attributed to the increasing diﬃculty (with both
techniques) to accurately measure forest structure. For example, GCVM requires accurate measurement of crown dimensions, which in turn requires the ability to accurately sight
crown dimensions. This ability can be somewhat diminished in
more structurally complex forests such as that found in the
TCF plots (Drake et al. 2002; Lee, Lucas & Brack 2004).
A qualitative comparison of pseudo-waveforms generated
using ALS and GCVM reveals a generally good agreement
between techniques, for example the similar location of canopy
strata modes and layer boundaries (Fig. 9). It is clear where
the dominant and shade-tolerant strata have converged (e.g.
Fig. 9 MSF2); the ALS-generated canopy height proﬁle may
only identify a single canopy; this could be mitigated for by
decreasing a. In general, ALS tended to underestimate dominant canopy volume and overestimate the density of the shadetolerant strata. A suggested reasons for this is the equal weighting applied to ALS returns from the eucalypt and non-eucalypt
strata. This may misrepresent the proportion of backscattered
energy as a function of plant area volume density from the
respective strata, caused by the diﬀerent leaf projection functions of the eucalypt and non-eucalypt strata (Ross 1981). This
results in eucalypt crowns seeming more permeable when
viewed from nadir (Lovell et al. 2003).
NUMBER OF STRATA AS AN INDEPENDENT METRIC

Of the 239 plots extracted from across the three study areas,
57% were found to have a single canopy, 31% by two canopy
strata and 6% had three or more strata. Eleven plots returned
a NoS value of <05 (i.e. no canopy), these were characterized
by a very sparse canopy (canopy cover <02) and a single and
negatively skewed regression spline; this would indicate the
understorey or shrub layer was signiﬁcantly more dense than
the dominant canopy.
NoS was only moderately correlated with other ALS metrics
of canopy structure (r2 < 04, P < 0001), suggesting the
method oﬀers new information on ALS-derived vegetation
structure. For example, although the probability of an increasing number of strata increases with canopy height (Fig. 10a),

Fig. 10. Boxplots summarizing the statistical association between NoS
(rounded to integer values) and canopy height (a), canopy cover (b)
and return height coeﬃcient of variation (c). Boxplot whiskers represent the 95th percentile.

and indeed only taller forests can accommodate multiple strata
(Brokaw & Lent 1999); yet canopy height was a relatively poor
predictor of NoS (RMSE ~1 strata), particularly when
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Fig. 11. Comparison of coeﬃcient of variation of return height (Cv) and NoS. Cumulative histogram of Cv where NoS are classiﬁed into integers for
239 plots (a). Canopy height proﬁles for plots with increasing NoS and similar Cv values (b–e) where canopy height proﬁles are represented by
weighted ALS returns (wALS) and pseudo-waveform generated from f(x)0 where x = 1  Ps.

distinguishing plots with between single and two strata plots
(Fig. 10a). Utilizing a proxy metric, such as canopy height, to
predict NoS may seem appealing over large areas. However,
this may mask forested areas that have less common and
regionally signiﬁcant characteristics, for example high biomass
multistrata forest caused by partial stand replacement (Keith,
Mackey & Lindenmayer 2009).
Return height coeﬃcient of variation (Cv) has been used as a
metric of canopy vertical structure heterogeneity (e.g. Bolton,
Coops & Wulder 2013); however, here Cv explains the least
variance in NoS (r2 = 015, P < 0001) and there is no association between Cv and increasing NoS (Fig. 10C). A suggested
reason for this is Cv is a measure of relative return dispersion
through the canopy and not an explicit metric of canopy vertical structure. Therefore, diﬀerent canopy structure types or
capture speciﬁcations (e.g. scan angle) may return similar Cv
values. For example, a plot with a single canopy strata and a
canopy height of <30 m shares a similar Cv value to a plot that
has three or more strata and a canopy height of >50 m
(Fig. 11).

Conclusion
This paper presents a new method for quantifying forest
canopy vertical structure, where discrete-return ALS is used to
derive an estimate of the number of canopy strata. This investigation aimed to develop a technique that could be applied
across forested landscapes where no a priori assumption of forest structure is required. We suggest the presented technique is
suited for this purpose as the a coeﬃcient used in the cubic
spline transformation did not require a speciﬁc calibration for
forest type or study area. This was demonstrated in forest systems ranging from short woodland with a discontinuous single
canopy to tall and structurally complex temperate rain forest.
We suggest this method oﬀers additional information for
ALS-derived vegetation structure that, along with a metric of
canopy height and cover, could be used as a fundamental

descriptor of forest structure (Lefsky et al. 2005). Furthermore, the technique could also be utilized as an Ecological Biodiversity Variable to characterize habitat structure over large
areas (Pereira et al. 2013).
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