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a b s t r a c t
Most efforts to link remote sensing to species distributions and movement have focused on indirect estimates of traits based on components of physiological and functional biodiversity. Such a view reﬂects
one perspective on the general needs (habitat) of species. However, information on the vertical and horizontal structure of habitat may play a critical role in deﬁning what a suitable habitat is. The development
and application of highly accurate airborne laser scanning (ALS) systems, which are capable of describing
the three-dimensional distribution of vegetation, have signiﬁcant potential value in deriving quantitative
relationships between species distributions and their habitat structure. In this paper we review the use of
ALS for biodiversity studies, and propose a three-dimensional index which captures the three main components of vertical and horizontal vegetation structure: height, cover, and complexity. Once developed,
we apply the index across the forested area of the Canadian province of Alberta, and compare and contrast the differences across natural subregions and land cover types. We also demonstrate how the index
can be used with biodiversity data, in this case examining patterns in avian species richness. We conclude with a discussion on the potential use of the habitat structure index with other biodiversity-related
research.
© 2016 Elsevier Ltd. All rights reserved.

1. Introduction
Developing an improved understanding of species distributions
and movement remains a key challenge for the conservation of biodiversity. Most frequently, biodiversity is measured by assessing
assemblages of species. Home range size and shape, timing of
migrations, and movement trajectories of individuals are among
the most important species-speciﬁc measures, receiving constant
attention in research and management over the past quarter century (Herﬁndal et al., 2005). Recently, the use of remote sensing
imagery to track resource availability through space and time has
grown in application as it offers an ideal technology to monitor and
assess habitat at a variety of spatial and temporal scales (e.g., Kerr
and Ostrovsky, 2003; Running et al., 2004; Potter et al., 2003; Fraser
and Latifovic, 2005; Coops et al., 2008; Leyequien et al., 2007).
To date, the majority of remote sensing applications to species
distribution and biodiversity have been through the use of time
series measures that facilitate spatial-temporal analysis of vegetation production and change (Turner et al., 2003; Myneni et al.,
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1998). This is most commonly based on spectral indices such as
the normalized difference vegetation index (NDVI), or the fraction
of photosynthetically active radiation (fPAR) intercepted by vegetation, both of which are analogous to greenness or cover (Knyazikhin
et al., 1998). Potter et al. (2003) demonstrated that daily fPAR can
successfully be used to monitor large-area ecosystem behavior.
Nilsen et al. (2005) linked satellite measured greenness with measures of faunal diversity. Results demonstrated that the predictive
accuracy of home range size was improved for 8 of 12 species using
vegetation greenness. Greenness data derived from passive optical
sensors such as the Moderate Resolution Imaging Spectroradiometer (MODIS), Advanced Very High Resolution Radiometer (AVHRR),
Satellite Pour l’Observation de la Terre (SPOT), and Landsat series
provides substantial insight into the spatial and temporal patterns
in vegetation productivity. However, these two dimensional data
ultimately provides only one perspective of the habitat needs and
requirements of species. The physiognomy or structure of vegetation is largely ignored (Bergen et al., 2009).
Habitat structure can be deﬁned as having both horizontal and
vertical components (Bergen et al., 2009). Horizontally, changes
in forest type, land cover or habitat result in patterns, which can
be characterized using patch and other landscape metrics (Turner
et al., 2001). Vertically, structure includes changes in vegetation
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height and biomass (Bergen et al., 2009). For a comprehensive view
of habitat, species ranges and richness, and by inference biodiversity, both productivity and habitat structure must be considered
in management and conservation strategies. The vertical and horizontal structure of vegetation plays a critical role in deﬁning
suitable wildlife habitat and can do so in a variety of ways. For certain species, vegetation structure relates to food quality, diversity,
and availability (Hamer and Herrero, 1987; Johnson et al., 2001;
Mansson et al., 2007). For example, access to high quality forage
for ungulates in early successional stage forest stands, deciduous
overstorey stands, or open areas with grass, forb, herb and berry
species (Allen et al., 1987; Dussault et al., 2005; Munro et al., 2006)
decreases the energy required for foraging and digestion, and thus
maximizes energy intake. Vegetation structure also affords protection through cover which provides security against predation,
protects individuals from heat stress when ambient temperatures
exceed optimal levels (Schwab and Pitt, 1991), and provides refuge
from deep snow during winter. Snow accumulation often adversely
affects species mobility and food intake, and thus survival and
reproductive rates (Cederlund et al., 1991; Mech et al., 1987; Post,
1998).
A key impediment to the inclusion of structural information
into species assessments has been the lack of remote sensing
data to measure local habitat structure. The development and
application of Airborne Laser Scanning (ALS) systems, which measure the three-dimensional distribution of vegetation within forest
canopies, has resulted in a revolution in describing, mapping, and
monitoring structural aspects of vegetation (Lefsky et al., 1999).
ALS utilizes Light Detection and Ranging (LIDAR) technology. LIDAR
is an example of an active remote sensing tool which utilizes a
near-infrared laser and detector to measure the three dimensional
location of targets with decimetre accuracy. For example, in a
forested environment where sunlight ﬁlters through the canopy
down to the ground, LIDAR will capture the distribution of echoes
reﬂected from stems, branches, and foliage from top of canopy to
the forest ﬂoor (van Leeuwen et al., 2008; Aschoff and Spiecker,
2004; Baltsavias, 1999). Location information is provided using a
Global Navigation Satellite Systems (GNSS), while platform orientation (pitch, roll, and yaw) is determined using an inertial navigation
system. Together the systems allow for the precise determination
of the location of reﬂected laser pulses. ALS relies on airborne platforms for data acquisition, with measurements typically acquired
at altitudes above ground of between 500 and 3000 m (Hilker et al.,
2010). ALS has been widely used for development of bare-earth digital elevation models (DEM) (Bater et al., 2009) and the estimation
of forest inventory attributes (Wulder et al., 2008a,b, Reutebuch
et al., 2005). Typically, these airborne systems have footprints ranging from 0.1 to 2 m (Lim et al., 2003; Wulder et al., 2008a,b),
and can achieve terrain surface heights with sub-metre accuracys
(Blair et al., 1994; Lefsky et al., 2002). In many jurisdictions, ALSbased estimation of tree height and canopy cover is becoming the
standard by which to assess these attributes, and in most cases,
are more accurate and less biased than ﬁeld-based measurements
(Næsset and Økland, 2002; Coops et al., 2007). In addition, by examining the number and height of the return pulses within a given
area, information on the vertical proﬁle of light penetrating the
plant canopy can be derived, providing additional information on
structure, such as crown shape and density. Beyond height, when
compared against optical or radar data, ALS measurements have
shown an excellent capacity to produce non-asymptotic biomass
estimates and there have been extensive studies highlighting the
accuracy of ALS to predict forest structural properties at stand
and individual tree levels, including stem volume, basal-area, and
height (Lefsky et al., 2002; Lim and Treitz, 2004; Nelson et al.,
2004; Næsset and Gobakken, 2008; Tompalski et al., 2015). ALS
data can provide speciﬁc information on forest structure, such as
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mid and understory cover assessment, and topographic morphological variables, such as slope, aspect, and terrain wetness (White
et al., 2012; Nijland et al., 2015a,b,c), as well as predict the presence of veteran trees or snags (Bater et al., 2009). As a result, the use
of ALS technology has increased for assessments of wildlife habitat.
Vierling et al. (2008) provide a review of the current status of LIDAR
remote sensing for wildlife habitat characterization and conclude
that, although a growing number of studies highlight ALS advances,
few studies have actually used the data to quantitatively address
these relationships.
In this paper we further develop the concept of ALS as a tool
for biodiversity assessments by proposing a broad-scale integrative index of habitat suitability derived from key components of ALS
returns across the forested areas of Alberta, Canada. First, we brieﬂy
review the range of structural measurements of vegetation, with
the aim of reducing the suite of possible measures to a small number of complementary vegetation metrics that capture variation in
habitat structure. Secondly, we review the use of ALS data for biodiversity studies and discuss the key components of the index. Once
developed, we apply the index over the forested area of Alberta.
Using information on the terrestrial land cover and natural subregions of the province, we then compare and contrast the index
of habitat structure across vegetation types. We also demonstrate
how the index varies when compared to avian species richness and
conclude with a discussion on the potential future development of
the index within the context of other biodiversity-related research
within Canada and elsewhere.
2. Data
2.1. Airborne laser scanning
The provincial government of Alberta, Canada, has acquired a
near wall-to-wall coverage of ALS data over provincially managed
forested lands. In total the coverage is in excess of 33 million
ha, one of the largest ALS data compilations available globally.
With these data it is possible to integrate ALS information into
a structural habitat index for the region. ALS data was acquired
between 2003 and 2014, with over 70% acquired from 2006 to
2008. Point densities range between 1 and 4 returns per m2 with
ﬁrst return density very consistent ranging between 0.5 and 0.7
returns per m2 The “ground” class was derived with standard
processing routines (Axelsson, 2000) and used to normalize the
point elevations to height above ground level. A suite of forest
canopy metrics were then developed at 30 m spatial resolution
using FUSION (McGaughey, 2014) software packages.
2.2. Land cover, ecological and climatic stratiﬁcation
We utilized a 2010 land cover map for Alberta developed by
the Alberta Biodiversity Monitoring Institute (ABMI), which is a
polygon-based representation of Alberta’s land cover based on
a digital classiﬁcation of 30 m spatial-resolution Landsat satellite
imagery (Fig. 1). The land cover map consists of approximately 1
million non-overlapping polygons with a minimum size of 0.5 ha
for aquatic features and 2 ha for upland features. The overall thematic accuracy of the map, as estimated by an extensive validation
dataset, is 75% with the maximum of 11 classes and 88% if these
classes are grouped into 5 general classes (Castilla et al., 2014).
In addition to land cover, we also utilized natural subregion
stratiﬁcation (Fig. 1), which separates geographically the province
into six relatively homogeneous areas based on landscape patterns, notably vegetation, soils and physiographic features (Natural
Regions Committee 2006). These subregions represent areas of similar climate, topography and geology. ALS data covered 3 of the
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Fig. 1. (A) Natural subregions (Natural Regions Committee, 2006) and land cover of Alberta, Canada. ALS data coverage showed with hatching and (B) components of the
Structural Habitat Index with their corresponding histograms. Each component is further divided into 3 classes indicated by the solid vertical lines on the histograms.

Table 1
Datasets used in the analysis.
Name

Source

Data type

Classiﬁcation/units

Spatial resolution

Natural Subregions of Alberta
Land Cover
Climate Data
Digital Elevation Model

Government of Alberta
ABMI
Climate Western North America
SRTM

Polygons
Raster
Raster
Raster

6 Focus regions
11 classes
Annual maximum Temperature and annual Precipitation
Elevation

NA
30 m
100 m
100 m
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natural regions sufﬁciently for the analysis of vegetation structure. These regions – Boreal, Foothills and Rocky Mountain, are
further divided into 10 subregions. Long term climate observations from weather stations were interpolated across Alberta using
CLIMATE-WNA (Centre For Forest Conservation Genetics 2015),
which includes a bilinear interpolation of the PRISM (Parameterelevation Regressions on Independent Slopes Model) records, along
with elevation corrections to temperature records for mountainous
terrain (see Hamann and Wang, 2005 for details of climate surface ﬁtting approaches and use of PRISM). Interpolation from local
weather stations requires information on elevation. We used a 90 m
digital elevation model obtained from the Shuttle Radar Topography Mission (SRTM) and resampled to 100 m spatial resolution.
These auxiliary datasets are listed in Table 1.
2.3. Avian species richness data
To evaluate the utility of the structural index we compared
ALS indices to avian species richness from ABMI data. The ABMI
monitors biodiversity at 1656 permanent sites distributed in a
20 km systematic grid across Alberta. The precise geographic location of ABMI monitoring sites is conﬁdential, with coordinates
made available within 5.5 km of the precise geographic coordinate. Avian species richness was derived from bird surveys
conducted between May 25 and June 22 from 2003 to 2014.
Bird recordings start approximately 30 minutes before sunrise at
a set number of locations around the plot for 10 minutes. For all
birds observed or detected, the species and number of individuals is recorded. Species were classiﬁed by habitat association
using published literature where available (Cody, 1985; De Graaf
et al., 1985), or the Cornell Lab of Ornithology Online Bird Guide
(birds.cornell.edu/onlineguide/). The number of species (species
richness) was then used to assess ALS variable importance and
model ﬁt across species groups.
3. Methods
Measurements of forest structural variables are derived from
traditional forest inventory methods that include statistical summaries of individual tree attributes, such as diameter or height,
or estimated variables based on allometric relationships, such as
biomass components and stem volume (Bergen et al., 2009). In
research relating forest structure to avian habitat, MacArthur and
MacArthur (1961) promoted the use of foliage height diversity
as a measure of canopy layering. More recently, there has been
a number of different foliage proﬁle approaches used, resulting
in numerous forest structural complexity metrics incorporating
both vertical and horizontal variation in canopy, shrub, woody
debris, and snags (McElhinny et al., 2005; Goetz et al., 2010). The
inability to collect these detailed forest measurements across the
landscape has resulted in forest structural data being collected at
discrete plot locations, and then extrapolated over the landscape
using similar stands derived from aerial photography (Morgan et al.,
2010).
Previous research in the application of ALS to assess forest structure has highlighted that no single ALS measurement captures all
aspects of forest structural stages (Kane et al., 2010) nor will a
single ALS metric be appropriate for all aspects of biodiversity. A
number of key studies however do provide excellent summaries of
the types of metrics which can be calculated from ALS data and
their expected signiﬁcance for assessing forest structure. Lefsky
et al. (2005), one of the ﬁrst to link ALS data (in this case large
footprint ALS data) and forest structural characteristics, found that
forest structure can be captured by 3 key ALS categories of metrics::
(1) metrics focused on the overall tree or stand biomass or height;
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(2) metrics describing cover or the horizontal arrangement of the
biomass in a stand, such as canopy, over, mid or under-story, also
including patch size, distribution and placement; and (3) metrics
capturing the vertical distribution of biomass or height within the
forest canopy, focusing on both the placement, and the amount of
biomass at different vertical locations (Lefsky et al., 2005). Below
we highlight a few recent studies demonstrating the diversity and
use of these different ALS metrics across a range of taxa (Table 2).
3.1. Canopy height
Canopy height is the most common metric derived from ALS
data, due to its ease of measurement and high accuracy (Coops
et al., 2008). In a study focused on den site selection of the Paciﬁc
Fisher (Martes pennati) in California’s Sierra Nevada, Zhao et al.
(2012) utilized ALS data to determine canopy height and vertical distribution metrics around each ﬁsher den tree. They found
that ﬁsher dens were associated with tall trees with high vertical
structural distribution and on relatively steep slopes. Palminteri
et al. (2012b) examined relationships between canopy height and
populations of bald-faced saki monkeys (Pithecia irrorata). They
found that saki monkeys preferred sites with the tallest, most
homogeneous (well-formed, uniform, interconnected) canopies.
Jung et al. (2012) found, for species of bats (Chiroptera spp.), that
occurrence and activity was positively related to canopy height,
canopy complexity and fraction of edges, all of which describe
old forest stands with vertical and horizontal structural heterogeneity. For large mammals, Melin et al. (2013) utilized ALS to
predict canopy height to determine where radio-collared moose
(Alces alces) were found. They found that as stand height increased
and became more homogeneous, moose were less common in
both the summer and winter, suggesting a preference for shorter,
more heterogeneous stands. In one of the ﬁrst studies of its kind
using ALS data, Hill et al. (2003) related canopy height to Great tit
(Parus major) chick mass over a seven year period. They found that
chick mass was positively related to canopy height in warm, early
springs. Graf et al. (2009) explored metrics of canopy height, vertical distribution and canopy edge density for Capercaillie (tetrao
urogallus; an endangered forest grouse) habitat, ﬁnding that their
presence was positively related to canopy height and forest edge
density.
3.2. Total cover
In addition to canopy height, canopy cover can also be directly
measured using ALS and is known to be a key indicator of biodiversity. Nelson et al. (2005) used a basic, ﬁrst-return laser to
estimate top-of-canopy height, canopy cover, and patch size to
characterize suitable habitat for the Delmarva fox squirrel (Sciurus niger cenereus). They found that 25 of the 32 ALS identiﬁed
sites were veriﬁed as suitable. Similarly, Flaherty et al. (2014) used
data to map canopy cover and number of trees, to characterize
suitable habitat for the endangered Eurasian red squirrel (Sciurus
vulgaris L.). A strong correlation was found between the ALS-based
and ﬁeld-based model predictions for habitat. Coops et al. (2010)
and Ewald et al. (2014) explored winter range preference for mule
deer (Odocoileus hemionus) and roe deer (Capreolus capreolus),
respectively. Coops et al. (2010) found that mule deer in British
Columbia, Canada preferred moderate crown closure over moderate to steep slopes on warm aspects during the winter months.
Ewald et al. (2014) derived canopy and understory cover metrics
to characterize roe deer habitat in Germany. They found that active
deer occurred in relatively low canopy cover and high understory
cover, but moved to areas of higher canopy cover as temperatures
decreased and snow became deeper. Lone et al. (2014) also studied
roe deer in Norway ﬁnding an association between high understory
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Table 2
Chosen characteristics of natural regions and subregions of Alberta.
Elevation range
(m)

Mean warmest
month
temperature (◦ C)a

Mean coldest
month
temperature (◦ C)a

309
819
530
603
677
367
211
835

445
420
840
1012
679
498
66
487

16.3
13.7
15.9
16
15
15.6
16.5
14.2

−23.5
−24.8
−19.9
−17
−21.3
−24.5
−23.8
−21.2

3

274

229

15.9

−25.2

4,489,929
2,153,745

97
100

952
1291

1045
1332

14.7
13.4

−12.4
−10.8

Grassland

Dry Mixedgrass
Foothills Fescue
Mixedgrass
Northern Fescue

4,693,718
1,362,345
2,007,176
1,493,335

4
22
3
5

795
1104
971
806

524
716
789
450

18.6
16.3
17.5
17.2

−12.3
−9.7
−10.1
−13.6

Parkland

Central Parkland
Foothills Parkland
Peace River Parkland

5,370,616
392,169
312,042

17
20
8

744
1247
619

751
576
487

16.5
14.8
15.7

−14.5
−10
−16.1

Rocky Mountain

Alpine
Montane
Subalpine

1,508,453
876,775
2,521,847

31
67
65

2353
1394
1766

2405
1280
1811

8.8
13.8
11.4

−12.9
−10.5
−11.6

Natural region

Natural subregion

Area (ha)

Boreal Forest

Athabasca Plain
Boreal Subarctic
Central Mixedwood
Dry Mixedwood
Lower Boreal Highlands
Northern Mixedwood
Peace Athabasca Delta
Upper Boreal Highlands

1,352,526
1,182,272
16,785,578
8,532,149
5,561,503
2,951,320
553,542
1,185,823

81
0
74
39
85
13
17
99

Canadian Shield

Kazan Uplands

971,882

Foothills

Lower Foothills
Upper Foothills

a

Area with ALS
coverage (%)

Mean elevation
(m asl)

Summary of climate data for the 1961–1990 reference period (source: Schneider, 2013).

cover with increased predation from lynx and decreased predation from humans. Loarie et al. (2013) characterized vegetation
structure associated with male lion (Panthera leo) hunting versus
resting behavior, and found that males preferred to hunt in relatively dense understory vegetation but rest in more open areas.
Clawges et al. (2008) used understory cover metrics to determine
that dark-eyed juncos (Junco hyemalis) and warbling vireos (Vireo
gilvus) were positively associated with well-developed understory
vegetation. Lastly, the California spotted owl (Strix occidentalis) was
positively associated with high tree density and cover compared to
the broader landscape (Garcia-Feced et al., 2011).

3.3. Structural complexity
Structural complexity of a stand, or the vertical arrangement
of biomass, has also been shown to be a key indicator of habitat, especially for avian communities. Martinuzzi et al. (2009)
utilized ALS data to determine metrics of canopy height, cover,
vertical distribution and topography. These metrics were used to
model snag diameter class distributions for four bird species: dusky
ﬂycatcher (Empidonax oberhilseri), hairy woodpecker (Picoides
villosus), Lewis’s woodpecker (Melanerpes lewis) and downy woodpecker (Picoides pubescens). Snag presence increased with canopy
complexity, which was classiﬁed with an accuracy of 79–91%
(Martinuzzi et al., 2009). Clawges et al. (2008) calculated the vertical canopy distribution from ALS data to determine that dark-eyed
juncos (Junco hyemalis) and warbling vireos (Vireo gilvus) were
positively associated with well-developed understory vegetation.
Goetz et al. (2010) used ALS to determine canopy complexity, vertical distribution and topography of black-throated blue warbler
(Dendroica caerulescens) habitat, ﬁnding that the species was also
positively associated with well-developed understory, as well as
canopy height and complexity. Hazel grouse habitat was studied
using ALS by Bae et al. (2014), who found habitat was most positively related to a vertically well-distributed forest with a diverse
arrangement of successional stages across the landscape (Bae et al.,
2014).

3.4. A 3-dimensional forest structure index
In this paper we take the same approach as Kane et al. (2010) and
use the 95th percentile of all returns as a measure of stand height,
and canopy cover as a metric of gaps and canopy continuity (which
we deﬁne as the percentage of ﬁrst returns above 1.37 m as a measure of canopy cover). We utilize the standard deviation of points
as a measure of stand complexity which has been found to produce
higher correlations than the coefﬁcient of variation of heights when
compared to ﬁeld ordinations (Kane et al., 2010). While strong correlations can exist, especially at the stand level, between height
and standard deviation of heights due to taller trees having higher
variability in laser echoes we, like previous researchers believe this
information is valuable, and therefore include both variables in the
index, as it allows differentiation between trees stands with low
variation (single layered stands) and vice versa. Including only one
variable would not allow us to distinguish between stand that are
tall and vertically complex and stands that are tall but have short
crowns. These three metrics were calculated for each 30 m × 30 m
cell, using ﬁrst return ALS data, which Bater et al. (2011) demonstrated were more robust than metrics calculated using all returns.
We ﬁrst analyzed separately the values of the three individual
forest structure components of height, cover and structural complexity by comparing them across the subregions and land cover
classes. To do so, we randomly selected 500 points in each of the
10 natural subregions (5000 points in total) and assigned stand
height, canopy cover and complexity values. We then combined the
three dimensions of habitat complexity into an integrated product. Due to the lack of precise geolocation information of ABMI
plots, each publicly available plot center was buffered by 5.5 km
and the dominant land cover class from the ABMI land cover layer
was determined. ALS metrics and climate data were then summarized for all 30 m cells within the 5.5 km buffer exhibiting the same
land cover class as the dominant class. Five variables, three ALSbased and two climatic, (height, canopy cover, vertical complexity,
annual precipitation, and mean annual maximum temperature)
were used as independent variables in the statistical modeling
of avian species richness. Given the focus on forest structural
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Fig. 2. Boxplots for stand height, canopy cover and complexity derived with ALS data, divided into 5 land cover classes and 10 natural subregions. Values based on 500
randomly selected points per subregion (5000 points in total).

vegetation, bird species were limited to species occurring in forest types (conifer, deciduous, or mixed). Boosted regression trees
(Elith et al., 2008) were used to predict avian richness, a modeling
technique that has been shown to be effective in species distribution modeling (Leathwick et al., 2006; Cappelle et al., 2010; Rickbeil
et al., 2014). Boosted regression trees can incorporate multiple
distribution types, missing data, and inherently estimate variable
interactions (Elith et al., 2008). They have been shown to be prone
to over-ﬁtting of data when proper model evaluation is absent
(Rickbeil et al., 2014). Ten-fold internal cross validation was used
to prevent model overﬁtting and for model assessment (Elith et al.,
2008). A learning rate (which sets the shrinkage of each tree) of
0.005 and a bag fraction (the amount of data used at each node)
of 0.5 were used for the analysis (Ridgeway, 2015). Analyses were
performed in R (R Core Team 2015, version 3.2.2) with the GBM
package (Ridgeway, 2015) and assessed using the proportion of
cross validated deviance explained ([null model deviance – residual deviance]/null model deviance; Rickbeil et al., 2014), Pearson’s
correlation coefﬁcient (r), and root mean squared error (RMSE). The
ﬁnal model was used to create a wall-to-wall prediction of bird
species richness in the forested areas of Alberta, Canada.

4. Results
The spatial distribution of the three components of the structural habitat index is shown in Fig. 1B with the combined dynamic
habitat index displayed in Fig. 2. By combining the variability in
these three habitat components into one index, information is provided on the overall pattern of forest structure, and by inference,
aspects of biodiversity and habitat quality. The composite image
was developed by assigning the canopy height to the red band,
the total cover greater than 1.37 m to the green band, and the
structural complexity (calculated as the standard deviation of all
returns greater than 1.37 m) to the blue band. Each band was ﬁrst
divided into three classes (Fig. 1B). The threshold values for classifying height were equal to 10 and 20 m; for classifying canopy
cover – 33% and 66%; and for complexity – 3 and 5 m. This resulted
in a low, medium and high class for each of the 3 components.

Areas with bright hues have taller trees, have higher canopy cover
and greater complexity. Black areas indicate areas without forest
cover. Dark red, brown and pink areas indicate forests that are tall,
have low or moderate complexity, and low canopy cover. Yellow
and bright green colours represent stands with the greatest canopy
cover (>66%) and height above 10 m (green) or above 20 m (yellow).
In northern Alberta the boreal highlands have some of the
largest variations in vegetation structure. The deciduous and mixed
stands in these areas are some of the tallest in the Province with
deciduous stands over 20 m and mixed stands over 15 m. Coniferous forests in these areas are typically shorter, between 15 and
20 m, and are generally less variable in their height. More open
shrub land and remnant vegetation in grassland areas within this
area are, as expected, the shortest in height at generally less than
10 m. With respect to canopy cover, the deciduous and mixed
stands have the highest amount of cover greater than 70%. Shrubland and grassland in the boreal areas have much lower canopy
cover ranging from 10 to 55%. The Canadian Shield region of northeast Alberta shows slightly shorter forests (where ALS data are
available), again with deciduous stands the tallest followed by
conifers. In the foothills region the stands are some of the tallest
observed in Alberta, with conifers almost as tall as deciduous and
mixed stands. The shorter and more variable mixed and shrub types
are also on average taller than in other locations in the Province.
The Parkland region has more diverse forest structures, with a range
of heights between 10 and 20 m with higher variability than other
areas within the broad forest cover classes. In these areas forest
cover is generally lower than the foothills or the boreal forest types.
Finally in the Rocky Mountain subregions, deciduous and coniferous areas are more variable in structure with heights generally
between 10 and 15 m tall with canopy cover between 50 and 70%.
Examining the combined 3-dimensional forest structure index,
canopy complexity associated with the central mixed wood regions
of Alberta are evident with tall stands and high complexity, as
exhibited in a combined blue and red shading seen in Fig. 2. The
lower boreal highlands clearly show increased complexity compared to the surrounding areas. By contrast, the foothills exhibit the
tallest trees and highest canopy cover, but have much less structural complexity, likely a result of the more intensively managed
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Fig. 3. RGB image composite presenting the 3-dimensional forest structure index. Three larger scale subsets are located in Lower Boreal Highlands (A), Central Mixwood (B),
Upper Foothills (C) natural subregions.

pine-dominated stands and high severity ﬁre regimes resulting in
even aged/single cohort stands being common. In these areas the
yellow hue are indicative of tall trees and high canopy cover. In
the north west of the forested ALS coverage we see some indication of increasing canopy complexity compared to areas in the
south.
By plotting the three components of the index together
(Figs. 3 and 4), differences across natural regions and subregions
area are more apparent. Central- and Dry Mixedwood, Lower
Boreal Highlands and Lower Foothills, represent the largest variability in stand conditions, covering a large spectrum of stand
heights, canopy cover, and complexity values. Alternatively, Alpine,
Subapline and Montane natural subregions, all within the Rocky
Mountain region, present limited values for all three components,
which is especially visible for the Alpine subregion. The tallest forest stands were observed in Lower Foothills subregion, followed by
Dry Mixewood, Lower- and Upper Boreal Highlands, with deciduous and mixed forests being typically taller than coniferous. Canopy
cover was also noticeably lower for coniferous forests for the mentioned subregions when compared to deciduous and mixed forests.

The highest levels of stand complexity were observed for mixed
forests in the Lower Foothills subregion. Complexity values were
higher for deciduous and mixed forests in most of the natural subregions in Boreal regions, while being more similar or lower in value
in the Foothills and Montane regions.
ALS-based complexity variables for grassland and shrubland
land cover classes also differed. The general trend of lower attribute
values for grassland and shrubland existed for most of the subregions and all attributes. However, there were exceptions for every
variable – canopy height of shrubland was very similar to canopy
height of forest types for Lower Foothills, canopy cover for grassland
in the Athabasca Plain was similar to canopy cover of coniferous forests in that subregion, and complexity of both grassland
and shrubland in the Montane subregion was similar to deciduous
and mixed forests. Differences in land covers classes can also be
observed – the Athabasca Plain subregion is dominated by coniferous stands with low heights and limited complexity, while the
Dry Mixedwood subregions is dominated by deciduous forests,
with stands being taller, with higher canopy cover and greater
complexity.
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Fig. 4. Scatterplots of the three individual stand indices across natural subregions and for the 5 land cover classes. Scatterplots based on randomly selected points (500 points
per subregion, 5000 points in total).

metrics across their ranges of variation with a unimodal association
with maximum temperature (Fig. 6). Fig. 7 indicates the predicted
avian species richness over the province based on the developed
model.

5. Discussion

Fig. 5. Variable importance calculated with boosted decision trees (Variables as
follows: Prev: Precipitation, Tmax: Maximum Temperature, H: LiDAR height, :
Standard deviation of heights and CC: Canopy Cover).

The modelling of avian forest species richness with the ALS
forest stand metrics and climate data resulted in absolute and
relative root mean square error of 4.30 and 24.98%, respectively
(Fig. 5) and Pearson correlation coefﬁcient of 0.75. The proportion of deviance explained was 54.1%. Variable importance (Fig. 5)
demonstrated that precipitation was the most important explanatory variable (relative importance = 26.4%). All three ALS-derived
forest stand attributes, had similar importance, with complexity
being the least important (relative importance of canopy height,
canopy cover, and complexity was 18.2%, 17.5%, 17.5%). All ﬁve
variables made signiﬁcant contributions to the ﬁnal model. Species
richness was negatively associated with precipitation until approximately 700 mm per year, after which the association was neutral.
Forest bird richness was positively associated with all three ALS

The inclusion of structural information into biodiversity assessments at regional levels is an important step in improving spatial
estimation of habitat for species and biodiversity, and ultimately
for informing management and land use planning. Including ALS
data into habitat schemes facilitates more direct estimates of vegetation structure, which has been shown to be of direct relevance
to habitat evaluations and wildlife management (Vierling et al.,
2008). ALS data provides valuable insights into a number of key
forest attributes for habitat assessments. Tree height, canopy cover,
and structural complexity are examples of crucial habitat drivers as
they relate to understory composition, fruit productivity (Hamer,
1996; Nielsen et al., 2010, 2004), and providing cover from adverse
weather and snowfall (Mech et al., 1987; Schwab and Pitt, 1991).
Optical methods for estimating canopy closure saturate beyond a
leaf area index value of 3.5, resulting in uncertain results depending on variations in species compositions (Nijland et al., 2014). ALS
measures of height and canopy are generally consistent over both
deciduous and coniferous species, and do not saturate at canopy
closures found in temperate or boreal forests. ALS data therefore
provides a more detailed and consistent separation of canopy density and height classes. In addition, information on canopy gaps,
shading, and height variations have also been shown to directly
affect the distribution of some species and are captured by these
three dimensions of structural habitat.
To date, the inclusion of ALS data into broad scale habitat maps
has been problematic due to data quantity and the lack of large
area compilations, which would allow species to be assessed over
their entire range or migration cycle (Wulder et al., 2012; Nijland
et al., 2014). Traditionally resource managers and previous research
have emphasized the importance of wall-to-wall characterizations
of forest structure. The cost of acquiring ALS data using a wall to
wall strategy is high and as a result ALS data is often utilized in
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Fig. 6. Predicted forest bird species richness by boosted regression tree variables. Observed versus predicted richness also shown (Variables as follows: Prev: Precipitation,
Tmax: Maximum Temperature, H: LiDAR height, : Standard deviation of heights and CC: Canopy Cover).

sampling frameworks that integrate ALS measures following statistically supported monitoring practices (Wulder et al., 2012). This is
however quickly changing. For example, in this study, through the
effort of the provincial government, a wall-to-wall ALS coverage is
available for most of the forested areas in Alberta. Likewise in the
United States, the 3D Elevation Program (3DEP) initiative is acquiring ALS data over an eight year period (United States Geological
Survey, 2015). Similar efforts have been undertaken in Europe
and other parts of the world, with many national ALS acquisitions
already existing.
This paper demonstrates how valuable these data are, not only
in engineering and resource management, but also for improving
wildlife management and supporting ecological values and other
beneﬁts of forests. The development of a generic but robust habitat index speciﬁcally designed for regional applications based on
structural assessment of canopy should be useful for landscape and
regional studies examining changes in biodiversity in response to
anthropogenic and non-anthropogenically driven change. Recognizing however that large jurisdictions, such as counties, regions,
state or Provinces are unlikely to obtain data in a single sortie three
main speciﬁcations that should be considered when purchasing
data are the ground point spacing distance, the minimum absolute vertical and horizontal accuracy of the data, as well as the type
of processing and products which are to be delivered. Additional
information such as the number of returns per post, scan angle,
time of year of acquisition (leaf on or leaf off) and the type of data
recorded (discrete returns or full waveform) are also important for
consideration if any coordinated merging of the data is anticipated

(see ALS best practice guide by White et al., 2013 for example). In
this paper the data was collected in the mid-2000s, a time when ALS
data acquisition for forestry applications was in its infancy, and as
a result considerations for combining datasets was not considered.
As future acquisitions are underway however providing an update
to the initial coverage and ﬁlling in missing areas, these types of
considerations listed above are being and should be made.
By providing an initial stratiﬁcation of variations in habitat
structure, this 3-dimensional forest structure index, combined with
ground based observations, can be utilized to undertake ﬁner scale
investigations of the effects of habitat fragmentation, and land
cover change, both demonstrated at local levels to be related to
extinction risk (Simberloff, 1992; Pimm et al., 1995; Brooks and
Balmford, 1996; Brooks et al., 2002; Pimm and Raven, 2000).
Investigation of the avian species richness and its relationship to
forest structural information from ALS offers interesting insights.
At continental and regional extents, climatic drivers are explaining
signiﬁcant variations in avian species richness. However, at ﬁner
spatial scales it is likely that a series of factors combine to inﬂuence local species diversity (Kerr and Packer, 1997). MacArthur
(1972) postulated that patterns of species respond to three major
descriptors: climatic stability, productivity, and habitat structure –
with empirical evidence demonstrating that each of these descriptors plays an important role in biodiversity patterns. This work
demonstrates that while climate models explain regional variation in forest bird richness, forest structure attributes, which drive
habitat structure and reﬂect changes in disturbance and modulate landscape productivity (Thuiller et al., 2004), contribute in a
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Fig. 7. Spatial prediction of provincial avian species richness using airborne laser scanning and climate data.

different way by adding complementary information that when
combined outweigh the variance explained by climate data alone.
In particular, forest structure is a key indicator of habitat, affecting
distributions of birds, mammals and other taxa. Complex vegetation structure has also been linked to higher levels of productivity
explaining positive correlations between species richness, productivity and forests (Evans et al., 2005) suggesting that other
relationships with other taxa may be similarly well predicted. One
potential bias with this analysis is that the speciﬁc locations of
ABMI data were unknown with stand metrics summarized within a
5.5 km radius of public plot locations. As a result, stand level measures are unlikely to be as signiﬁcant as more regional measures
such as climate. This scale mismatch is likely resulting in greater
noise resulting in an unsymmetrical comparison. It is highly likely
that stand metrics would be even more important than climate if
it were at the actual location of the plot.
When demonstrating the relationships between stand structure and avian richness we averaged the stand structure across
the dominant land cover class within the 5.5 km radius. We did

this for two reasons; ﬁrst, even if avian species richness plot locations were exactly known, we would still need to describe the local
stand structural conditions rather than structural conditions in a
single corresponding cell. The bird data itself is acquired using calls
which can identify species up to 100 m from the plot centroid and
as a result stand level summaries of structural data are required
to provide this local context. Second averaging stand conditions
across land cover types will result in mean forest structure descriptions which are not representative of any one class. As a result we
averaged structural descriptors across the same land cover type
knowing that the avian species richness data collected at a plot
center is also designed to be representative of the local surrounding conditions. It was logical therefore to select the land cover type
that is the most represented within the 5.5 km radius plot, as it is
most likely that the avian species is also using that particular land
cover habitat.
We recognize issues associated with large compilations of ALS
data such as data acquisition over multiple years and seasons,
and acquired using a range of systems and survey conﬁgurations,
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resulting in different data speciﬁcations and potentially quality. In
our case, most of the ALS acquisitions occurred within a 3 year difference window, however in a small number of cases temporal gaps
of up to 7 years may exist. Across the range of forest types in the
area however the relationship between stand dominant height and
age for common pine and spruce species in the area indicates that
the relative height difference between stands older than 50 years is
markedly lower than a height difference between younger stands.
For example, theoretical dominant height difference between two
pine dominated stands in the south western Alberta, between ages
of 80 and 100 under moderate site conditions is 6.7%. As a result
over the 7 year time frame between different LIDAR data acquisitions we anticipate in areas of no disturbance overall structural
conditions to have remained relatively constant (Cieszewski and
Bella, 1991). Our results demonstrate that models developed using
a combination of both broad-scale climate data and ALS structural
information, captured more ﬁne scale spatial variation than models
using climate data alone. The inclusion of the ALS attributes suggests that these variables provide a more robust prediction of avian
species richness than climate alone.
6. Conclusions
In this study we presented how ALS data can be used to characterize habitat structure across large areas. We found that ALS data
can provide three critical pieces of information needed to characterize forest habitat. The 3-dimensional forest structure index was
created using information on stand height, canopy cover and complexity, all extracted from ALS point clouds. Enhanced with coarse
climate data, the index is suitable to characterize species richness.
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