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Abstract: We investigated the potential use of airborne light detection and ranging (LiDAR) data to predict key
wood fiber properties from extrinsic indicators in lodgepole pine leading forest stands located in the foothills of
central Alberta, Canada. Six wood fiber attributes (wood density, cell perimeter, cell coarseness, mature fiber
length, microfibril angle, and modulus of elasticity) were measured at 21 plots, and with use of data reduction
techniques, two components of wood properties were derived: wood strength, stiffness, and fiber yield and fiber
strength and smoothness. These wood fiber components were then compared with extrinsic indicators of wood
characteristic-derived LiDAR-estimated topographic morphology, tree height, and canopy light metrics. The first
principal component indicating wood strength and stiffness was significantly correlated to the depth of different
canopy zones (or light regimes; r2 ⫽ 0.55, P ⬍ 0.05). The second component, related to fiber strength and
smoothness, was significantly correlated to the height of the canopy and canopy thickness (r2 ⫽ 0.65, P ⬍ 0.05).
The results indicate that airborne LiDAR attributes can explain about half of the observed variance in intrinsic
wood fiber attributes, which is approximately 5–10% less than that explained by growth-related field-measured
variables such as diameter increment and height. This reduction in explained variance can be balanced by the
opportunities for much broader spatial characterizations of wood quantity and quality at the stand and landscape
levels. FOR. SCI. 59(2):231–242.
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are of
paramount importance to foresters, mill operators, and consumers. Differences in wood and
fiber properties can affect decisions along the entire value
chain because the economic value of sawlogs is largely
affected by the properties of wood fiber, log shape and
curvature, and number and diameter of branches; pulping
quality is largely determined by the fiber length, strength,
and dimensions. Consequently, information on the quality
of standing timber before harvest is of enormous benefit to
the forestry sector to help optimize harvesting and marketing strategies (Zobel and Van Buijtenen 1989), and the
effective and sustainable management of our forest resources can be optimized using accurate information on
wood properties. In addition, wood and fiber attributes also
have an impact on biodiversity, carbon sequestration, hydrology, nutrient cycles, and regulation of other key ecological processes. For example, the chemical and physical
composition of snags and coarse woody debris will influence the rate of decay and longevity of these structures and
therefore the long-term supply of habitat, substrate, fuels,
and nutrients (Spies et al. 1988).
OOD AND FIBER PROPERTIES OF TIMBER

A large number of factors drive wood and fiber properties. At the broadest scale, climate, topography, and soils
all have a direct impact on the physical and chemical
characteristics of timber, most specifically through either
the occurrence of different species and site characteristics
(Väisänen et al. 1989, Wilhelmsson et al. 2002) or regulation of light absorption and photosynthesis, which affects
growth. At the stand level, wood fiber properties vary
according to stand development, with local topography,
wind exposure, moisture and nutrient availability, stocking
density, species composition, and disturbance all being
linked to wood properties (Downes and Drew 2008, Kint et
al. 2010). At the tree level, the individual growth rate, knot
size, type and placement, crown development, crown size,
and branch placement vary significantly across a range of
species and sites (Mäkinen and Colin 1998, Mansfield et al.
2007).
van Leeuwen et al. (2011) proposed that wood fiber
characteristics can be derived through measurement of either intrinsic or extrinsic indicators of wood properties.
Intrinsic indicators relate to the internal, anatomical structure of the wood and the proportions of juvenile and mature
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wood, as well as the subcellular structure, including cell
perimeter, length and thickness, and microfibril angle (Chen
and Evans 2005, 2010). These cellular attributes have recently been measured in radial and tangential planes using a
combination of microscopic digital imagery, X-ray densitometry, and X-ray diffraction (Evans et al. 2000, Evans and
Ilic 2001, Downes et al. 2002, Downes and Drew 2008).
Information on intrinsic indicators of fiber properties is
critical for mill operators and end users; however, such
detailed measurements are not generally available over
large forest estates before harvesting. Extrinsic indicators of
wood properties relate to the external characteristics of a
tree, including tree height, diameter, stem taper, and crown
structure. To assess wood fiber characteristics from standing
trees, studies have explored relationships between intrinsic
and extrinsic characteristics (Eriksson et al. 2006, Donaldson 2008). For example Donaldson (2008) undertook detailed work relating wood fiber attributes to tree structure
and form (principally height), concluding that height and
mechanical stresses on the bole, such as wind and gravity,
can all have a direct impact on wood fiber attributes and
thus serve as reliable indicators of wood properties.
Light detection and ranging (LiDAR) has increasingly
been used to measure canopy and individual bole and crown
characteristics more easily and effectively than standard
forestry inventory practices (Coops et al. 2007). LiDAR
systems provide three-dimensional measures of the forest
canopy structure using laser ranging from a known platform
location. In forestry, LiDAR data are commonly acquired
from aircraft or helicopters to support operational and strategic forest resource monitoring and inventory at local or
regional scales (Holmgren and Persson 2004). Airborne
LiDAR systems usually record multiple (1–5 returns per
emitted pulse) discrete-return laser pulses (with a footprint
size of 0.1–2 m), using the time a laser beam travels between the emitting source and reflected target to estimate its
distance (Blair et al. 1994). Studies have demonstrated that
the LiDAR measurement error for individual tree heights
(of a given species) is typically less than 1.0 m (Persson et
al. 2002) and is less than 0.5 m for plot-based estimates of
maximum and mean stand height with full canopy closure
(Næsset 1997, Magnussen and Boudewyn 1998, Magnussen
et al. 1999, Næsset 2002, Næsset and Økland 2002). Furthermore, LiDAR estimates of tree and stand height have
been shown to be more consistent than field-based measurements (Næsset and Økland 2002).
In this study, we investigated the potential of airborne
LiDAR to derive a range of forest canopy and topographic
indicators (e.g., canopy height and density, elevation, slope,
aspect, and curvature) for the purpose of determining wood
fiber attributes. Airborne LiDAR data were acquired over a
1 million-ha forest estate located in central Alberta, Canada,
and a number of intrinsic indicators of wood properties were
measured within field plots located throughout the area. We
demonstrate how plot-level LiDAR canopy and terrain metrics can be used to predict plot-level averages of two synthetic wood fiber attributes obtained by a principal component analysis (PCA).
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Methods
Lodgepole pine (Pinus contorta var. latifolia Engelm.) is
one of the most ubiquitous tree species in western North
America, occurring in many different inland forest types of
the montane and subalpine zones, often in spatially extensive pure stands, but also in mixed stands (Lotan and
Critchfield 1990). Ecologically, the successional role of
lodgepole pine depends on the local environmental conditions and extent of competition from associated species
(Hardy et al. 1999). Because tree growth is strongly related
to the availability of light, measurements of crown depth,
tree spacing, and stand density are potentially useful indicators for wood and fiber properties in lodgepole pine
(Mansfield et al. 2007). In addition, information on stand
structure has also been related to stand and soil properties,
and, as a result, a better understanding of canopy architecture could be useful for determining the amount and value
of merchantable timber and wood products (Mäkinen and
Colin 1998, Wilhelmsson et al. 2002).
The geographic area of focus of this study is a largely
lodgepole pine-dominated forest located in the Hinton Forest Management Area, which is managed by Hinton Forest
Products, a division of West Fraser Timber and located
approximately 280 km west of Edmonton, Alberta (53°25⬘
N, 117°35⬘ W). The mean annual temperature is approximately 4° C; the mean annual precipitation is approximately
400 mm. The Hinton Forest Management Area contains a
range of lodgepole pine age classes, management histories,
and disturbances; an overview is provided in Figure 1.

Extrinsic and Intrinsic Descriptors of Wood
Fiber Properties
In 2001, 54 forest inventory plots (plot size 25 ⫻ 25 m)
were randomly sampled across the region to determine
wood fiber properties as part of the Integrated Wood Properties Trend Assessment program initiated by Weldwood of
Canada’s Hinton Division (Dempster and Burkell 2002).
The stands were largely lodgepole pine dominated; however, some were mixed and included black spruce (Picea
mariana [Mill.] BSP) and white spruce (Picea glauca [Moench] Voss). The selection of the sites was based on their
leading species, timber productivity rating, and age class
based on Weldwood’s internal inventory record. At each
plot, trees were selected using a prism (3, 4, or 5 prism basal
area factor), such that 10 sample trees (living and ⬎7.0 cm
dbh) for the target species were selected. A set of standard
forest inventory variables were measured in each plot (all
trees; Dempster and Burkell 2002), including dbh, height,
crown size and condition, and branch dimensions of the
largest branch up to 5 m from the ground (Table 1).
In addition to the standard inventory attributes, a number
of wood fiber attributes were measured (Table 2). For all
sample trees, 2 12-mm diameter core (bark-to-bark) samples
were extracted at breast height (1.3 m) using a large-diameter increment borer (Dempster and Burkell 2002). These
core samples were labeled and placed in protective tubes for
preparation and shipment to the laboratories for analysis.
Cores were then pretreated with ethanol to remove water
and other extractables (see Singleton et al. 2003 for detailed

Figure 1.
image.
Table 1.

Map of the study area overlaid on a MODerate Imaging Spectoradiometer (MODIS) satellite

Summary of forest field inventory data.

Mean
Minimum
Maximum

Stems/ha

% live
crown

dbh
(cm)

Height
(m)

Age
(yr)

dbh increment
(cm/yr)

Site
index

Branch diameter
(cm)

Crown diameter
(m)

1,863.97
728
4,486

42.93
21.66
63.85

22.11
12.01
34.76

18.17
12.71
26.47

89
38
224

2.45
0.72
5.85

14
8
20

2.6
0.6
4.2

1.12
0.52
1.96

The arithmetic mean and range of observations is shown. The branch diameter is defined as the diameter of largest branch within 5 m of the ground (N ⫽
54).

Table 2.

Summary of wood fiber attributes.

Mean
Minimum
Maximum

DEN
(kg/m3)

PER
(m)

CRS
(g/m)

MFA
(°)

MOE
(GPa)

MFL
(mm)

496.2
454.7
548.8

107.5
100.5
114.4

340.8
310.4
392.2

15.5
12.1
19.1

13.3
108
15.6

2.4
2.2
2.6

ences therein providing additional information on their definition and other methods of measurement:
1.

Basic wood density (kg/m3) was calculated as the ratio
of dry mass to green volume. Density is one of the
most common indicators of solid wood strength elasticity (Zobel and Van Buijtenen 1989), rupture, and
pulp yield (Lindström 1996a, 1996b, 1996c, Gartner
2005, Downes and Drew 2008). Because density is
integral to plant-level hydraulics and cavitation, it has
been shown to vary across species and geographically.
It also varies within daily and seasonal time periods,
driven both by temperature and precipitation (Swenson and Enquist 2007).

2.

Cell perimeter (m; correlated with basic wood density) was calculated from the radial and tangential
xylem cell diameters; it is known to have a strong
influence on water transport and mechanical support
(Dean and Long 1986, Baas et al. 2004, Gartner 2006).

The arithmetic mean and range of observations is shown. N ⫽ 54. DEN,
conditioned wood density; PER, cell perimeter; CRS, cell coarseness;
MFA, microfibril angle; MOE, modulus of elasticity; MFL, mature fiber
length.

discussion on the effect of extraction on density estimates)
and allowed to equilibrate to 20° C and 40% relative humidity before X-ray microdensitiometric analysis using the
Silviscan-2 (CSIRO, Australia) instrument. Age was estimated using dendrochronological methods, providing an
estimate of growth rate (defined as dbh/age). A brief description of the fiber attributes measured is provided in
Table 2, with Zobel and Van Buijtenen (1989) and refer-
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3.

4.

5.

6.

Wood fibers with larger perimeters and thinner walls
generally collapse more readily and therefore make
denser, stronger, and smoother paper (Zobel and Van
Buijtenen 1989, Wang and Aitken 2001).
Cell coarseness (g/m) is the ratio of cell wall mass
to cell unit length (m; Gartner 2006) but can be
approximated by fiber weight (g) per unit length (m;
Via et al. 2004) by combining X-ray density profiles
with cell diameter profiles. Research indicates that cell
coarseness is strongly related to drought resilience
(Hacke et al. 2001, Gartner 2006) and influences paper
strength and stiffness (Via et al. 2004), with improved
paper qualities associated with low cell coarseness.
Microfibril angle (°) is the angle of the cellulose
microfibrils with respect to the long axis of the individual cells (Wimmer 2002). Microfibril angle (MFA)
normally ranges from 5 to 20° in outer growth rings
and varies, depending on mechanical stress of the tree
due to wind and gravity (van Leeuwen et al. 2011).
MFA is a key determinant of wood stiffness. Barnett
and Bonham (2004), Wimmer (2002), and Downes et
al. (2002) found that MFA was larger in earlywood
and juvenile wood and lower in latewood and mature
wood.
Mature fiber length (m) is the length of the wood
cell. This property influences paper and timber
strength and stiffness. Longer fiber length, together
with reduced cell coarseness, leads to improved bonding and is associated with paper strength and stiffness
and pulp yield (Via et al. 2004). Fiber length is also an
important attribute for timber products because longer
fibers result in greater resistance against buckling of
wood beams; however, the trait is considered of lesser
importance than wall thickness and wood density (Zobel and Van Buijtenen 1989).
Modulus of elasticity is a measure of the resistance of
wood to deformation under applied load and can be
determined indirectly as a function of wood density.
Modulus of elasticity influences strength and dimensional stability in structural lumber and is used as
an indicator of stiffness in machine stress grading of
structural timber (Watt et al. 2006).

Fifty-four plots were available from field inventory and
were used to determine the relationship between wood fiber
characteristics and field attributes. The basal area-weighted
average of values across the cores was used to describe the
fiber attributes used in the following analyses. As indicated
above, the subcellular structures of wood fiber attributes are
often highly correlated. As a result, there is a degree of
redundancy in the six attributes, which can be reduced to
produce overall assessment of the wood fiber properties. To
address this redundancy, we applied a PCA to a variance/
covariance matrix derived from the original six wood quality attributes to produce a subset of orthogonal (uncorrelated) attributes that describe most of the variance in the
wood fiber data set. To ensure that each of the six wood
fiber attributes was weighted equally, we first centered and
scaled each attribute by its SD (z score). The PCA provides
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eigenvalues that can be used to order the principal components by the amount of variance explained in the observed
fiber attributes. They can therefore be used to restrict the
number of components to only those explaining significant
(nontrivial) amounts of variation in the original data set.

Airborne LiDAR Acquisition and LiDAR
Metrics
Discrete return airborne LiDAR data were acquired on
November 19, 2007, using an Optech 3100 sensor at a mean
flying altitude of 1,400 m. Only a subset of the area covering the entire 54 plots was flown, so that 21 of these plots
were available from field measurements and LiDAR simultaneously. The sensor had a 70-kHz pulse rate, recording up
to 4 returns per outbound laser pulse. The estimated positional accuracy of the sensor was 0.45 and 0.30 m in
horizontal and vertical direction, respectively. The flying
speed was 296 km/hour; data were recorded with a scan
frequency of 33 Hz and at an average point spacing of
0.75 m with a 50% overlap between flight lines. Ground and
nonground returns were separated using Terrascan v0.6
(Terrasolid, Helsinki, Finland; Kraus and Pfeifer 1999), and
a digital elevation model was generated from the ground
returns at a spatial resolution of 1 m (using a grid-based
software approach; FUSION, version 2.65, developed by
the USDA Forest Service). To match the plot-level information obtained from field measurements and to allow
processing of the LiDAR metrics from an operational standpoint, tree heights were first estimated using a 1-m resolution digital elevation model and then were averaged to the
plot level by using 25-m spatial grid cells. Likewise, terrain
heights were also averaged to match the wood fiber observations using a plot-level size of 25 m.
Three sets of metrics were derived from the LiDAR point
cloud: topographic or terrain-related indices extracted from
a gridded surface of bare-earth ground returns, canopy
height and density metrics, including Weibull location,
scale, and shape parameters of the LiDAR canopy height
distribution, and bulk-canopy light metrics describing the
depth and density of three hypothetical light zones.

Topographic Indicators
We created a 25-m digital elevation model from all
LiDAR points classified as ground returns and then extracted estimates of elevation, slope, and sine- and cosinecorrected aspect. We selected these particular terrain metrics as potential indicators of resource availability and plant
growth based on findings of previous studies (Franklin
1995, Wilson and Gallant 2000, Lookingbill and Urban
2005, Hengl and Reuter 2009).

Forest Canopy Height and Density Attributes
and Weibull Location, Scale, and Shape
Parameters
These were computed at a 25-m grid-cell resolution
using all LiDAR canopy height returns greater than 2 m
following the definitions and methods of Næsset et al.
(2004). Metrics included canopy cover (computed at 2 m

above the ground, at mean canopy height, and at modal
canopy height), maximum canopy height, height percentiles
from 10 to 90%, and the first four L moments of the canopy
height distribution (i.e., mean, coefficients of variation,
skewness, and kurtosis; Frazer et al. 2011). All LiDAR
canopy height and density metrics were computed using
FUSION/LDV, version 2.8 (developed by the USDA Forest
Service, Pacific Northwest Research Station). The probability of canopy gap (gap fraction) at canopy height z was
estimated as the sum of the total number of laser hits down
to a height z, relative to the total number of within-plot
LiDAR returns (N; Lovell et al. 2003, Riano et al. 2003,
Coops et al. 2007):

冘 #z

z j ⫽z max

P gap 共 z兲 ⫽ 1 ⫺

j

z j ⫽z

N

(1)

where #zj is the number of hits at height zj and j takes the
value from height z to the top of the canopy at zmax.
Several different distributions can be fitted to the foliage
density profile to characterize the vertical distribution of
canopy elements. Most commonly, a Weibull function is
used, because of its flexibility in characterizing foliage
distributions of various species (Vose 1988, Kershaw and
Maguire 1995). This distribution has also been used (Magnussen et al. 1999) to examine the distribution of canopy
heights from airborne LiDAR systems by comparing the
probability of LiDAR height quantiles above a desired
height with the distribution of leaf area. The Weibull cumulative density function can be related to the probability of
a canopy gap as follows:

␦ P gap 共 z兲
z  ⫺1 冉⫺ z 冊 
e 
⫽
␦z


(2)

where , , and  are, respectively, shape, scale, and location (height) parameters of the Weibull distribution. The
height parameter may either be estimated or set to the height
of the highest LiDAR return (Bailey and Dell 1973). , ,
and  may be obtained from simple nonlinear regression of
the LiDAR returns per height layer (here, LiDAR data were
grouped into 1-m vertical strata; see Coops et al. 2007 for
details). Parameters of the Weibull distribution can then be
empirically related to the physical properties of interest
(Lefsky et al. 1999, Parker et al. 2002, Coops et al. 2007).

Bulk-Canopy Light Metrics
We developed several new LiDAR metrics related to
canopy light transmittance and interception and the vertical
partitioning of canopy light regimes based on the findings of
three published studies: Magnussen and Boudewyn (1998)
demonstrated that simple quantiles of laser canopy height
were well correlated with the vertical distribution of stand
leaf area; Lefsky et al. (1999) described a method of classification based on the presence/absence and vertical accumulation of laser return energy, which allowed partitioning
of the canopy volume into regions of closed versus empty
(gap) space and high (euphotic) versus low (oligophotic)
light; and Parker et al. (2002) used the estimated means and

variances of photosynthetically active radiation measurements taken along a vertical axis from the top to the bottom
of the canopy to separate the canopy profile into “bright”
(high mean, low variance), “transition” (rapid change in
mean photosynthetically active radiation, high variance),
and “dim” (low mean, low variance) light zones. By extension, we used a simple linear regression model of the form
Ŷ ⫽ b0 ⫹ b1X to fit a scatterplot of sample quantiles of
LiDAR canopy height Lhq (y-axis) against q (x-axis) to
approximate the boundary height (h2) between bright and
transition zones (i.e., Ŷ ⫽ b0 ⫹ b1) and the boundary height
(h1) between transition and dim zones (i.e., Ŷ ⫽ b0; Figure
5B). Before fitting the linear model, we arbitrarily trimmed
the tails of the LiDAR canopy height distribution at the 10th
(q ⫽ 0.1) and 90th (q ⫽ 0.9) percentiles to limit the
influence of distributional outliers on model fit. In cases in
which b0 was less than 0 (i.e., h1 ⬍ 0) and the sum of b0 and
b1 was greater than the maximum LiDAR canopy height
(i.e., h2 ⬎ Lh100), we set h1 ⫽ 0 and h2 ⫽ Lh100. From
estimates of h1 and h2, we computed five separate metrics:
(1) thickness (m) of the bright zone (Lh100 ⫺ h2); (2)
thickness (m) of the transition zone (h2 ⫺ h1); (3) thickness
(m) of the dim zone (h1); (4) canopy density (%) above h1;
and (5) canopy density (%) above h2. We expected that
metrics 2 and 4 would be important predictors of wood
properties because the transition zone contains the bulk of
canopy leaf area and is therefore an important functional
zone influencing several key canopy processes related to
plant growth (e.g., light capture, photosynthesis, evapotranspiration, and material exchanges; Parker et al. 2002).

Statistical Approach
We used stepwise multiple linear regression to systematically add or remove terms from the multilinear regression
between LiDAR metrics and the nontrivial principal components derived from the wood fiber data set (response)
based on their statistical significance. The approach compares the explanatory power of an initial regression model
to incrementally larger and smaller models based on the P
value of an F statistic. The method terminates when no
single step improves the model (Draper and Smith 1998).
LiDAR attributes that were extracted for all plot locations at
which field measurements of wood fiber attributes had been
acquired included measures of the terrain structure (elevation, slope, and aspect), measures of the radiation regime
(thickness of bright, transition, and dim canopy zones), and
the canopy structure itself (tree height and foliage distribution as indicated by the Weibull parameters). Based on the
results of previous studies (Franklin 1995, Wilson and Gallant 2000, Lookingbill and Urban 2005, Hengl and Reuter
2009) and a review by van Leeuwen et al. (2011), these
metrics were then used as indicators of fiber strength,
smoothness, and softness and related to the principal components derived from tree core observations.

Results
Results from a PCA of the intrinsic indicators of wood
fiber attributes indicated that only two principal components
were statistically significant (Figure 2). Wood strength and
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Figure 2. Magnitude and direction of the relationship between the field-measured wood fiber attributes and the principal components 1 and 2 (PC coefficients). DEN, basic wood
density; PER, cell perimeter; CRS, cell coarseness; MFA, microfibril angle; MFL, mature fiber length; MOE, modulus of
elasticity.

stiffness (PC1) was related to the depth of canopy measured
by length and beginning of the green tree crown and the
canopy profile description. Fiber yield (PC2) was related to
tree height and tree height distribution as provided by the
LiDAR canopy metrics. PC1 accounted for 53.2% of the
total variance in the six attributes, whereas PC2 accounted
for 34.4% of the total variance. As a result, the first two
principal components combined explained more than 87.6%
of the total variance in the wood fiber data set.
PC1 predominantly captures variations in wood density
and modulus of elasticity. A low modulus of elasticity
indicates that low force is required to achieve deflection,
which can be interpreted as high elasticity or low stiffness.
Consequently, PC1 can be described as an indicator of wood
strength, stiffness, and fiber quantity (Gartner 2005). PC2
describes differences in fiber dimension (i.e., cell perimeter,
coarseness, and length), with increases in PC2 associated
with increases in cell coarseness, perimeter, and length. PC2
may therefore be interpreted as an indicator of the overall
fiber strength, smoothness, and softness (Gartner 2005).
Figure 3 shows the eigenvalues for all six principal components, Table 3 shows the component loadings, correlations
for those nontrivial principal components (PC1 and PC2).
The relationships between selected field-based inventory
measurements and the first two principal components derived from the wood fiber attributes are shown in Figure 4.
Based on our regression analysis, PC1, describing wood
strength, stiffness, and fiber yield, was significantly correlated (R2 ⫽ 0.65) with the annual increment in dbh, and
PC2, an indicator of fiber strength, smoothness, and softness of the wood fiber, was significantly correlated (R2 ⫽
0.73) with stand height.
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Figure 3. Eigenvalues for the PCA performed on the field
observations.
Table 3.
ponents.

DEN
PER
CRS
MFA
MFL
MOE

Component loadings for nontrivial principal comPC1

PC2

⫺0.52
0.38
⫺0.20
0.44
0.25
⫺0.53

⫺0.05
0.48
0.57
⫺0.33
0.54
0.18

N ⫽ 21. DEN, conditioned wood density; PER, cell perimeter; CRS, cell
coarseness; MFA, microfibril angle; MOE, modulus of elasticity; MFL,
mature fiber length.

Figure 5A provides an example of a LiDAR-derived
foliage density profile estimated for a single plot. The
histogram of observed LiDAR canopy returns is shown as
gray bars and plotted in steps of 1-m canopy height increments, with the fitted Weibull function shown in black. For
the example shown in Figure 5A, the majority of foliage is
located between 12 and 18 m in height, with only little
understory present in this stand. The fitted Weibull curve
captured the distribution of the foliage well, while smoothing the observed distribution of foliage toward the upper
end of the canopy. Figure 5B shows the quantiles of a
cumulative foliage density profile and linear regression
model fit to the 10th to 90th percentiles of LiDAR canopy
height. The slope and y-intercepts of the regression line
approximate the bright, transition, and dim canopy zones
described by Parker et al. (2002). Although this technique
does not provide an absolute estimate of canopy density at
a given height level (compare Figure 5A), the method was
able to describe the relative distribution of foliage within the
canopy.
Maps of canopy properties are provided in Figure 6.
Figure 6A provides maps of the Weibull coefficients (shape
parameter, scale parameter, and location parameter) across

Figure 4. Relationship between field-measured stand attributes and the first two principal components
derived from the wood fiber attributes. PC1 was strongest related to the annual increment in dbh (A); PC2
was strongest related to the canopy height (B).

Figure 5. A. Example of a canopy profile derived for one individual pixel of the LiDAR dataset (here
using r ⴝ 3,832, c ⴝ 4,065 as an example). The observed foliage density profile is shown as gray bars and
plotted in steps of 1-m canopy height; the fitted Weibull curve is presented as a black line. B. Cumulative
foliage density profile (same as in A) and fitted linear regression between 0.1 and 0.9 quantile. The slope
and offset of the regression line define the bright, transition, and dim canopy zone.

the entire LiDAR data set, whereas Figure 6B shows the
corresponding canopy zones (bright, transition, and dim) for
the same region. The observed Weibull fittings were dominated by the scale parameter () in most regions, whereas
the mountainous regions were dominated by a combined
effect of  and  (Figure 6A). In addition, the dim canopy
zone was more predominant in lower regions but not in
higher mountain areas (Figure 6B).
Canopy heights (95th percentile of all LiDAR returns)
and terrain properties observed by the LiDAR data at the
site are presented in Figure 7. Stand heights varied between
0 and 39.8 m, terrain elevation varied between 783 and

2,386 m. Of the LiDAR-derived terrain, canopy, and light
metrics, only the light metrics, that is, the thickness of the
upper canopy zone (bright), relative to the total canopy
height was significantly correlated to PC1 (r2 ⫽ 0.55, P ⬍
0.05). The stepwise multiple regression indicated an F value
of 20.3654 (P ⬍ 0.01) for the LiDAR-derived metric of the
upper canopy, whereas other measures of terrain and canopy
structure did not significantly improve the regression (P ⬎
0.3 for all other terrain and canopy metrics). The root mean
square error (RMSE) for the regression to PC1 was 0.9526.
PC2 was significantly correlated to the height (95th percentile of all LiDAR returns) of the canopy and the total
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Figure 6. A. Map of the Weibull coefficients (shape parameter, scale parameter, and location parameter)
across the entire LiDAR dataset. A Weibull curve was fitted to the profile observed for each individual
pixel (10 m ⴛ 10 m), analogous to Figure 5A. The mean value for the three Weibull coefficients was 4.62
( ⴝ 6.23), 1.44 ( ⴝ 2.33), and 0.13 ( ⴝ 0.22) B. Canopy zones (bright, transition, and dim) for the entire
LiDAR data set, derived analogous to Figure 5B. The thickness of the canopy zones ranged from 0 to 8.57,
0 to 26.54, and 0 to 3.94 m for the bright, transition, and dim zone, respectively.

Figure 7. A. Map of stand heights estimated from LiDAR (mean of the top 5% of the LiDAR returns).
B. Terrain aspect, curvature, and elevation derived from LiDAR. The mean elevation was 668.89 m ( ⴝ
638.98 m), mean terrain curvature was 0.00° ( ⴝ 0.01°), and mean aspect was 7.01° ( ⴝ 55.17°).

thickness of the canopy (RMSE ⫽ 0.8393 and RMSE ⫽
0.7509, respectively; r2 ⫽ 0.65, P ⬍ 0.05). The F statistics
for the regression indicated a value of 20.3102 (P ⬍ 0.001
and P ⬍ 0.027, respectively). Again, none of the terrain
metrics improved the prediction model significantly and
were therefore excluded from the stepwise regression. Figure 8 shows the relationship between LiDAR observed
stand attributes and the two principal components derived
from the wood fiber attributes.
Figure 9 shows the LiDAR-derived model of the first
two principal components of the wood fiber attributes
across the entire study area (using the model presented in
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Figure 8). Harvested areas are excluded from this graph
(shown in white). By assigning the key predicted fiber
components to different colors, the combined image provides information on the overall patterns of wood fiber
properties over the study area. Fiber strength, smoothness,
and softness are shown in red; wood strength, stiffness, and
fiber yield are displayed as variations of green.

Discussion
Previous research has demonstrated the statistical relationships between individual tree measurements (i.e., dbh,

Figure 8. Relationship between field-measured LiDAR-observed stand attributes and the first two
principal components derived from the wood fiber attributes. A. PC1. B. PC2.

Figure 9. LiDAR-derived model of the first two principal
components of the wood fiber attributes across the entire study
area. Harvested areas are excluded from this graph. The data
range shown for PC1 is ⴚ3 to ⴙ3; the range shown for PC2 is
ⴚ5 to ⴙ5.

tree height, growth, and crown dimensions), stand structure,
site characteristics (climate, topography, and nutrient availability), and wood fiber properties (van Leeuwen et al. 2011
and references therein), as well as between wood fiber
attributes and site- and stand-level variables (e.g., stocking
density) or broader climate and soil environmental characteristics. These relationships also appear evident in this data
set, with stand height and growth variables all found to be
significantly related to synthetic wood fiber attributes across
the sampled plots. Whereas the core samples were selected
from trees that were representative of the study area, factor
loadings derived from the principal components are specific
to the area they are representative of and can therefore not

easily be transferred to other forest types. Other vegetation
systems may therefore yield different loadings or different
prediction parameters.
Conventionally, airborne LiDAR data has been used
successfully to predict a range of forest crown and canopy
structural attributes, including crown width, length, and
height to first living branch (Morsdorf et al. 2004, Riano et
al. 2004, Andersen et al. 2005, Chasmer et al. 2006, Hopkinson et al. 2006, Solberg et al. 2006), as well as biomass
increment (Bollandsas and Næsset 2009). The link to wood
fiber attributes has not yet been fully explored; however,
Suarez et al. (2010), for example, demonstrated the use of
the Canadian TASS model in combination with the Timber
Quality for Conifers (ConTQ) model to derive estimates of
timber properties from LiDAR data. In addition, a variety of
recent studies have focused on quantifying branch structure
and pattern and crown depth from LiDAR data, with the
direct aim of improving wood fiber attribute estimation. The
prediction rates for the two principal components were 55
and 69%, respectively. Although this result is statistically
significant (P ⬍ 0.05), a notable variability in both principal
components has not be explained by LiDAR-derived variables, suggesting that prediction capacities of airborne
LiDAR are somewhat limited. The support of terrestrial
LiDAR could potentially help to improve these results further (Hilker et al. 2010). It is noteworthy that most of the
predictive power stemmed from LiDAR-derived metrics of
the light regime. This result not only demonstrates the
potential of the new, radiation-based metrics introduced in
this study to predict growth rates (dbh increment) but also
underlines the importance of the crown size and structure
for high fiber quality. A similar continental climate throughout the study area is the most likely cause for the low
explanatory power of the terrain-derived metrics, with
strong seasonal effects driving plant growth rather than
terrain aspect. Five to 10% in predictive capacity was lost
with use of LiDAR data compared with field observations.
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One potential reason is that LiDAR-based predictions were
validated only for a subset of plots, because the availability
of coinciding LiDAR and field measurements was limited to
21 stands. Whereas this is a certain limitation of the given
data set, all measurements were sampled within the same
ecotone and elevation range and using the same species
distribution in the Albertan foodhills. Most likely, however,
the loss in predictive capacity is due to the fact that although
height-related metrics can be accurately observed from
LiDAR directly, estimation of stem volume-related measure
components, such as dbh, are more difficult to quantify.
Terrestrial laser scanning may help to improve remotely
sensed predictions of fiber quality because the “bottom up”
approach of terrestrial systems allows a more detailed assessment below canopy architecture, including the magnitude of the shaded tree canopy.
As shown in this study, bulk-canopy light metrics, which
provide an indication of the canopy light regimes, were
significant predictors of site-level differences in wood density, modulus of elasticity, and microfibril angle. In addition
to previously published canopy metrics (Coops et al. 2007),
the newly introduced light metrics yielded a significantly
enhanced prediction of canopy structure and wood fiber
attributes. These three wood fiber components are considered to be key indicators of wood stiffness, strength, and
fiber quantity. LiDAR canopy height and density metrics
were important in quantifying differences in fiber dimension (i.e., cell perimeter coarseness and mature fiber length).
Of particular interest is the relationship between the plotlevel inventory attributes, bulk-canopy light metrics, and the
first principal component focused on wood strength, stiffness, and fiber yield. Simple correlation analysis identified
the dbh increment as the most significant variable in describing variance in this wood fiber principal component.
Although no increment data are readily extractable from a
single-pass LiDAR data set, information on the crown light
regimes, modeled as the depth of the transition, bright, and
dim zones provided a good predictive model. Future research may include other, perhaps more sophisticated, radiation models that would allow exploration of the impact of
radiation on wood fiber quality in more detail.
It is acknowledged that this data set also presented some
additional challenges in the mapping of wood fiber characteristics and properties. Field measurements and wood fiber
attributes were collected in 2001, whereas the LiDAR acquisition did not occur until 2007, resulting in a 6-year time
difference between the data sets. This probably have diminished the predictive capability of the models developed. In
addition, the process of extracting wood fiber attributes
through destructive sampling techniques could cause structural variations and disturbance within the stand, which may
affect how successfully these models can be transferred to
other stands. On the other hand, the low productivity of the
sites also limits the impact of the time difference between
field and LiDAR observations. So far, this study has only
investigated the effects of stand structural information on
wood fiber attributes in mature lodgepole pine. The models
established in this article could vary with species, age class,
and stand composition. Further study is required to address
these current limitations.
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Airborne LiDAR is becoming increasingly available and
is now being used routinely in several countries for inventory purposes (e.g., Næsset et al. 2004). The results of this
study suggest that LiDAR data could be useful for predicting wood fiber attributes from airborne observations, which
would allow enhanced planning and marketing of timber
products before harvesting.

Conclusion
This study has shown that airborne LiDAR provides
opportunities for the broad-scale characterization of wood
quantity and quality. One of the most important quantities
observed from LiDAR is the vertical distribution of foliage
within the canopy, referred to in this article as the foliage
density profile. Our results show that airborne LiDAR variables can explain approximately half of the observed variance in wood fiber attributes, which is approximately
5–10% less than that explained by ground-based inventory
variables, such as diameter increment and height. This small
reduction in explained variance should be considered in the
context of the significant opportunities LiDAR provides for
broader spatial characterizations of wood quantity and quality at the stand and landscape levels.
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