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ABSTRACT
The Western Boreal Plain of north-central Alberta is prone to water-deﬁcit conditions and is hydrologically sensitive to changes
in climate, natural resource extraction and disturbance. Accurate measurement and modelling of the main components of the
water balance are important for ecosystem and reclamation management; however, the lack of hydro-meteorological
instrumentation found within different land cover types makes quantiﬁcation of changes to the water balance difﬁcult over large
areas. Remote sensing data can provide spatial estimates of land cover distribution and leaf area index (LAI) used as inputs into
land surface models. However, land surface models can often suffer from inaccuracies as a result of spatial (coarse pixel) and
temporal (discrete acquisition) resolutions, mis-classiﬁcation and inaccurate representation of LAI using remote sensing data.
This study uses high-resolution (1 m × 1 m) Light Detection and Ranging-derived vegetation parameters (land cover type, LAI
and 3D vegetation frictional inﬂuences on air movement) as inputs into the Penman–Monteith evapotranspiration (ET) model
along with measured hydro-meteorological variables. Comparison with eddy covariance (EC) measurements indicated that
spatially explicit ET estimates at 1 m resolution (over a 5 km × 5 km study area) provided better estimates compared with bulk
average ET estimates per land cover type. ET estimates scaled using spatially variable vegetation inputs only underestimated
measured ﬂuxes by 2% and 3% at 22·5 and 3 m EC instrumentation towers, respectively. Bulk averaged ET estimates
underestimated measured ET by 5% at the 3 m tower and overestimated EC by 7% at the 22·5 m EC tower. Over coarser scales,
the error associated with bulk input parameters can lead to error in overall water balance estimation. Copyright © 2014 John
Wiley & Sons, Ltd.
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INTRODUCTION
Evapotranspiration (ET) is often the largest component of
the surface energy and water budgets during the growing
season in high latitude regions (Comer et al., 2000; Cleugh
et al., 2007; Raddatz et al., 2009). Despite its importance to
water resources, especially during a changing climate
(Brümmer et al., 2012), measurements of ET are sparse in
these largely inaccessible regions (Zhang et al., 2009). The
boreal forest covers approximately 58% of Canada and is
the largest biome found within these high latitude regions.
It also ranges greatly in climate and geology (Anielski and
Wilson, 2005). The western boreal plains (WBP) cover
14% of the boreal forest (National Forest Inventory, 2006)
and, in contrast with other boreal regions, are undergoing
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large changes due to industrial development, and oil and
gas extraction. ET is particularly important in the WBP, as
it often exceeds annual precipitation (P), resulting in frequent
water-deﬁcit conditions (Devito et al., 2005a), which may be
heightened in response to climate warming (Rouse, 1998;
Smerdon et al., 2005; IPCC, 2007) and rapidly increasing
industrial activity.
The WBP is a highly fragmented and heterogeneous
landscape (Devito et al., 2005b; Brown et al., 2010). Many
studies (e.g. Avissar and Pielke, 1989; Pickett and
Cadenasso, 1995; Smith et al. 2003a,2003b; and many
others dating back to over a century) have examined the
impacts of heterogeneous versus homogeneous land cover
types on the ability to classify and adequately quantify
earth system processes. Land cover heterogeneity increases
with increasingly smaller patch sizes or groupings of
similar vegetation species, structural and biophysical
attributes, surface hydrology, soil characteristics, biotic/
abiotic controls and so on. These may also be described as
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the spatial ‘aggregation’, ‘contagion’ or ‘patchiness’ of a
landscape. The heterogeneity of a landscape therefore alters
interactions between processes (energy, mass ﬂuxes,
ground water movement, inﬁltration, photosynthesis etc.)
at the Earth’s surface. Within a remote sensing classiﬁcation context, increasing fractionation of land cover types
can also increase the number of mixed pixels within a land
cover classiﬁcation using remote sensing data. This
contributes to further errors in the classiﬁcation (Muller
et al. 1998; Smith et al. 2003a). When examining surface
ﬂuxes of mass and energy exchanges, boundaries between
land cover types result in increased roughness lengths
(momentum, heat), atmospheric displacement height and
greater efﬁciency of water exchanges between the air–
vegetation interface relative to that found in more
homogeneous areas (Blonquist et al., 2009; Allen et al.
2011). The inﬂuence of vegetation structure on ET ﬂuxes
has been examined in numerous studies (e.g. Baldocchi
et al. 1991; Kelliher et al., 1995; Engel et al. 2002;
Blonquist et al. 2009; Allen et al. 2011 Brümmer et al.
2012), whereas other studies have modelled the inﬂuences of vegetation structure, especially sunlight and
shadowed canopies, on ET (e.g. Collatz et al. 1991;
Chen et al. 1999; Dauzat et al. 2001; Ge et al. 2011).
However, to the authors’ knowledge, no studies have
applied a 3D representation of the vegetation canopy to
model ET ﬂuxes.
In landscapes with heterogeneous land cover, such as the
WBP, accurate model estimates of ET may improve with
spatially explicit measurements of the 3D canopy and
understory structure (e.g. vegetation height and leaf area,
which both contribute to the surface area available for
transpiration), and ground surface elevation and topographic characteristics, which may alter soil moisture
regimes. Further, vegetation species types found within
land cover classes will also vary leaf stomatal conductance,
an important input to ET models. Land cover classes are
often derived from spectral remote sensing data and have
been used to spatially parameterize ET models along with
hydro-meteorological inputs and low-resolution global
assimilation data products (e.g. Goddard Earth Observing
System Model; e.g. Bastiaanssen et al., 1998; Cleugh et al.,
2007; Zhang et al., 2009; Anderson et al., 2012). There are,
however, several drawbacks for using these inputs within
highly heterogeneous regions: (1) inability to resolve
landscape heterogeneity within low-resolution pixels
(Moran and Jackson, 1991; Kustas et al., 2004; Nagler
et al., 2005; McCabe and Wood, 2006); (2) spectral
vegetation indices can saturate at high levels of leaf area
index (LAI; Lüdeke et al. 1991; Haboudane et al., 2004;
Wu et al., 2008) and can misrepresent ET when applied to
multi-layer, densely foliated ecosystems; (3) spectral
remote sensing is unable to fully measure the vertical
structure of vegetation (Hudak et al., 2002); (4) validation
Copyright © 2014 John Wiley & Sons, Ltd.

of ET estimates derived from low-resolution remote
sensing data can be difﬁcult because of the large disparity
in scale between in situ ET measurements and modelled
ET (Li et al., 2009); and (5) temporal resolution is
reduced as spatial resolution increases, resulting in either
wide gaps between data collections (e.g. Landsat –
Bastiaanssen et al., 1998; Chen et al., 2005; Leuning
et al., 2008; Anderson et al., 2012) or low-resolution
datasets collected frequently (e.g. MODIS – Cleugh et al.,
2007; Leuning et al., 2008; Ruhoff et al., 2012). Higher
spatial resolution remote sensing data have been shown to
provide more accurate estimates of ET (e.g. McCabe and
Wood, 2006; Anderson et al., 2012), whereas lower
resolution data can lead to increased error (McCabe and
Wood, 2006).
The inability to resolve sub-pixel heterogeneity of spaceborne satellite systems may be improved through airborne
Light Detection and Ranging (LiDAR) data products.
LiDAR measures the 3D canopy, understory and ground
surface characteristics at very high spatial resolutions
(~0·2 m to several metres; cf., Lim et al., 2003; Lefsky
et al., 2002; Zimble et al., 2003). This allows for better
separation of the canopy and ground surface (Hopkinson
et al. 2005) and may be less sensitive to saturation at high
LAI (Zhao and Popescu, 2009). Thus, more reliable
estimates of canopy geometry and structure can be derived
from LiDAR than has been previously possible using
spectral remote sensing techniques (Coops et al., 2004;
Chasmer et al., 2008). Airborne LiDAR data are especially
useful within heterogeneous areas because of the ability to
accurately quantify edges between different land cover
types. Large step changes between land cover types (e.g.
peatland to riparian buffer zones to mature mixed-wood
forests) over relatively short distances create signiﬁcant
changes in the 3D structural properties of vegetation,
thereby greatly increasing roughness coefﬁcients at land
cover edges and likely signiﬁcantly altering evaporative
ﬂuxes. These 3D structural changes cannot be quantiﬁed
using spectral data alone, although there exist methods in
digital aerial photogrammetry and radar technologies, but
often at lower resolutions.
This study combines 1 m × 1 m spatially variable estimates of LAI and canopy height, measured using airborne
LiDAR, along with temporally variable wind speed
measurements from two representative energy balance
instrument towers per land cover type (12 towers in total)
to produce maps of zero plane displacement, and roughness
lengths for momentum and heat per land cover type across
a 5 km × 5 km study area. The purpose of this study is to
compare spatially variable zero plane displacement, and
roughness lengths for momentum and heat, derived from
airborne LiDAR to more frequently used bulk averages per
land cover type over a single growing season (1 June to
30 August) in 2008.
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STUDY SITE
The Utikuma Region Study Area (URSA) (56°04′N, 115°
28′W) is located 370 km north of Edmonton (Brown et al.,
2010) and is approximately 150 km south of the
discontinuous permafrost zone (Woo and Winter, 1993).
URSA is characterized by cold winters (16·7 °C mean
temperature in January 1970–2000) and warm summers
(16·3 °C mean temperature in July 1970–2000) (Devito
et al., 2005a; Smerdon et al., 2005). Long-term
(1961–1990) average annual P and PET are 481 mm
and 518 mm year1, respectively (Marshall et al. 1999),
with about 25% (138 mm year1) of the annual P received
as snow water equivalent (Ferone and Devito, 2004).
More than 60% of P occurs during June to August,
resulting in the greatest latent heat ﬂuxes, often followed
by a relatively dry autumn (Ferone and Devito, 2004;
Devito et al., 2005b). For the study period in 2008, the
annual rainfall and snowfall were slightly above normal at
504 and 179 mm, respectively. The study period followed
3 years of annual P near or above average, with regional
wetting trends in ponds and peatland water levels and soil
moisture.
At URSA, quaternary deposits range in depth between
20 and 240 m over Upper Cretaceous Smoky Group shale
bedrock (Vogwill, 1978). Glacioﬂuvial, glaciolacustrine
and moraine surﬁcial deposits occur across URSA (Fenton
et al., 2003). The 5 km × 5 km study area is dominated by
moraine deposits, and the ET towers are located on a
regional topographic high of a disintegration moraine
(Redding and Devito, 2011). Elevation ranges between 650
and 690 m above sea level (Figure 1), whereas local
topographic and soil texture differences and associated
moisture regimes result in a heterogeneous mosaic of land
cover types (Brown et al., 2010). Land cover types,
percentage coverage within the broader (5 km × 5 km)
study area and dominant/sub-dominant vegetation types
are summarized in Table I. Peatland soils are comprised of
an upper layer of ﬁbric peat (0·3–0·4 m) underlain by mesic
peat to a depth of approximately 1·0–1·5 m, with mesichumiﬁed peat extending from 1·5 to 3·5 m (Ferone and
Devito, 2004). Feather mosses and sphagnum can be found
on high hummocks where sufﬁcient moisture and shelter
are offered in riparian zones and treed peatlands (Rydin
and Jeglum, 2006). Shallow ponds are underlain by
2–5 m of gyttja (Petrone et al., 2007). Near the shore of
the pond, submergent macrophyte (Ceratophyllum
demersum, Potamogetan richardsoni, Potamogetan
zosteriformis and Myriophyllum exalbescens), ﬂoating
macrophyte and emergent graminoids form a buffer
between the open water and peatland (Ferone and Devito,
2004). This canopy structure gradient results in rapid
changes in aerodynamic roughness over short distances
(Petrone et al., 2007).
Copyright © 2014 John Wiley & Sons, Ltd.

MEASUREMENTS AND METHODS
Hydro-meteorological data collection
Hydro-meteorological data were averaged over half-hourly
periods on north-facing and south-facing slopes (slope
angle < 3°) within dominant (classiﬁed) land cover types
(Figure 1) from 1 June to 30 August 2008 [day of year
(DOY) 153–243]. Within each land cover type, two energy
balance towers were used to account for within-site
variability. Soil moisture (Θ, m3 m3) proﬁles were
measured using water content reﬂectometry sensors
(CS616, Campbell Scientiﬁc Inc, Logan, UT, USA) placed
at depths of 0·10, 0·30 and 0·50 m below the surface, and
calibrated according to Brown et al. (2010). Ground
temperature (Tg, °C) proﬁles were measured using
thermocouples (Omega copper-constantan, Campbell
Scientiﬁc Inc, Logan, UT, USA) placed at 0·10, 0·25,
0·50 and 1·0 m below the surface. In peatlands and riparian
zones, where microtopography was signiﬁcant, Tg and Θ
were simultaneously measured in hummocks and hollows,
and averaged using an aerial weighting.
Tg proﬁles from each meteorological tower were used to
calculate the ground heat ﬂux (QG) for each site via the
calorimetric method (Oke, 1987):
QG ¼ ΔQs1 þ ΔQs2 þ… þ ΔQsn þ Qbottom

(1)

where
ΔQ1 ¼ C i 

ΔT i
 Δzi
Δt

(2)

and
Qbottom ¼ k i 

ΔT i
Δzi

(3)

where ΔQsi is the change in heat stored in layer i of the
soil column, Qbottom is the ﬂux of heat out of the bottom
of a 1 m deep soil column, Ci is the heat capacity
(MJ m3 K1) of layer i in the soil column, ki is the
thermal conductivity (W m1 K1) of layer i, ΔTi is the
change in temperature (K) across the vertical layer i, Δt
is the change in time (s) over which the measurements
were taken and Δzi is the depth (m) of the soil layer i in
the soil column.
A water temperature (Tw, °C) proﬁle at depths of 0·05,
0·15 and 1·05 m was set up approximately 20 m in-pond
from the shore. The Tw sensor at 1·05 m was 0·05 m into
the gyttja to account for the ﬂux of energy out of the
bottom of the pond. QG from ponds was determined using
the calorimetric method described earlier.
Air temperature (Tair, °C) and relative humidity (RH, %)
(HOBO Onset Pro Temp/RH, Hoskin Scientiﬁc, Vancouver,
Canada) were collected at energy balance towers at heights
Ecohydrol. (2014)
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Figure 1. (a) Location of the 5 km × 5 km study site in Canada; (b) DEM derived from LiDAR data of the 5 km × 5 km Utikuma Region Study Area; (c)
land cover classiﬁcation of the study site; and (d) location of energy balance and eddy covariance towers overlain on land cover classiﬁcation (located in
the box in 1b and 1c).

of 1 and 2 m above the ground. Net radiation (Q*, W m2)
(NRLite, Kipp and Zonen, The Netherlands) was measured
3 m above the ground. Wind speed (u, m s1) and direction
(degrees) were measured at heights of 22·5 and 7 m above
the surface by an EC system (described later).
Stomatal conductance was measured at individual leaves
using a steady state leaf porometer (Model SC-1, Decagon
Devices, Inc., Pullman, WA, USA) for species found
within the harvested sites (Giroux, 2012). These included
aspen, balsam poplar, willow, paper birch, low-bush
cranberry and prickly rose (averaged over the growing
season for this site). Conductance of individual plants was
measured at four heights (apex, 20%, 40% and 60% of total
height) per day, along with ambient air temperature, leaf
temperature and soil moisture content. Individual leaf
Copyright © 2014 John Wiley & Sons, Ltd.

undersides were sampled every 10 to 15 days following
leaf ﬂush (1 June to 31 August) between 7:30 AM and
4:30 PM (at variable times per day), on sunny days only.
Sampling of vegetation did not occur on rainy days or on
leaves that were wet. The unit was cleaned daily to remove
plant residue.
Eddy covariance measurements of ET ﬂuxes and
atmospheric stability conditions
Eddy covariance systems (operating at 20 Hz) measured
H2O ﬂuxes and atmospheric turbulence from two towers.
Instrumentation was placed 3 m above ground level within
a regenerating aspen stand (harvested in February 2007). A
second EC system was installed within a regeneration stand
harvested in February 2008, at a height of 22·5 m above the
Ecohydrol. (2014)
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Table I. Distribution of land cover types applied to the PM model
and dominant/sub-dominant species type found within each land
cover.
Land cover
type

Percent
coverage

Upland mature
mixed-wood

58

Upland
regeneration

1

Riparian

11

Treed peatland

8

Open peatland
Pond

17
5

Species
Populus tremuloides,
Populas balsamifera,
Rosa acicularis
Populus balsamifera L.,
Salix spp.,
Amelanchier alnifolia,
Rosa acicularis,
Viburnum edule,
Cornus Canadensis,
Epilobium angustifolium,
Calamagrostis canadensis
Populus balsamifera,
Picea marianca,
Populus tremuloides,
Betula papyrifera
Picea marianca,
Sphagnum spp.
Sphagnum spp.
See text.

ground and approximately 7 m above adjacent mature
stands. This EC system encompassed a mix of land cover
types within the ﬂux footprint and admittedly might be
prone to technical limitations of the EC methodology (e.g.
Massman and Lee, 2002). Instrumentation included a 3D
sonic anemometer (CSAT 3, Campbell Scientiﬁc Inc.,
Edmonton, Alberta, Canada) and an open-path infrared gas
analyzer (IRGA) (LI7500, LI-COR Inc., Lincoln, NE,
USA). Measurements were averaged every 30 min (Brown
et al., 2010), and high frequency data were retained for
footprint analysis. The IRGA was calibrated according to
the Licor Instruction Manual after the 2008 ﬁeld season
and raw ﬂuxes were adjusted if there was any change to
calibration coefﬁcients (which was less than 5% of the
time). EC data were ﬁltered for periods of low turbulence
(u* < 0·23 m s1 based on the inﬂection point of u* in
relation to energy balance closure) and corrected for
density effects (Webb et al., 1980, Leuning and Judd,
1996), coordinate rotation (Kaimal and Finnigan, 1994)
and sensor separation (Leuning and Judd, 1996). Approximately 45% of data were lost and gap ﬁlled using the mean
over 14-day periods (Falge et al., 2001).
LiDAR data collection and processing
Light Detection and Ranging data were collected by Alberta
Sustainable Resource Development on 20 September 2008
using a small footprint discrete-return ALTM 3100EA
(Optech Inc., Toronto, ON, USA) operated at a ﬂying height
of 1400 m above ground level. A pulse repetition frequency
Copyright © 2014 John Wiley & Sons, Ltd.

of 50 kHz and a scan angle of ±25° were employed with
50% overlap between scan lines. This ensured that
canopy shadowing was minimal and that both sides of
the land surface components would be sampled. The
timing of the LiDAR survey corresponded quite closely
with end of season foliage senescence. Senescence would
be detrimental to this study, if foliage was lost from
deciduous vegetation prior to the LiDAR survey. LAI
measurements were not collected at the time of the
survey; however, an assessment of high temporal
resolution Enhanced Vegetation Index (EVI) data from
the Moderate resolution Spectroradiometer (MODIS)
sensor indicates that for this area, foliage structural
changes had not yet occurred, according to the MODIS
phenology product (Zhang et al. 2003; http://daac.ornl.
gov/ accessed on 24 January 2014). Spectral changes in
vegetation properties started to change during the 2-week
period starting on 13 September. By the week starting on
29 September, lower EVI and likely foliage losses were
noticeable. Foliage loss began nearly 1 week following
the LiDAR survey; therefore, we assume that canopy
foliage was near full foliage conditions during the time of
the survey, with minimal leaf loss. Winds during this
period were also relatively light and did not exceed
speeds of greater than 0·89 m s1.
Laser returns were classiﬁed into ground, vegetation
and all returns using TerraScan (Terrasolid, Finland). A
1 m × 1 m digital elevation model (DEM) was created via
an inverse distance weighting approach from ground
returns. A canopy height model (CHM) was derived based
on the difference between a digital surface model (DSM)
(mean maximum height of all returns) and the DEM
(Golden Software Surfer, Inc. Golden CO). Gap fraction,
determined as the ratio of the total number of returns
below 0·5 m (approximate base of the understory) and all
returns, was used to estimate effective LAI (Chen et al.,
2006) using an extinction coefﬁcient of 0·5, and speciesspeciﬁc LAI. Woody-to-total leaf area ratio, needle-toshoot area ratio and elemental clumping index (described
in Chen et al., 2006) were determined per land cover
dominant species type found within the literature
(Table II).
The spatial distribution of land cover types was
identiﬁed using a decision-tree (Boolean) land cover
classiﬁcation based on airborne LiDAR data. The classiﬁcation incorporates layers of canopy and understory
vegetation structural characteristics associated with land
cover types, terrain information and roughness characteristics (e.g. Chasmer et al., 2011) (Figure 1c).
GIS-based Penman–Monteith model
The Penman–Monteith (PM) model (Penman, 1948;
Monteith, 1965)
Ecohydrol. (2014)
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Table II. Woody-to-total leaf area ratio (α), needle-to-shoot area ratio (γE) and elemental clumping index (ΩE) used to estimate LAI for
dominant vascular vegetation species.
Species

Woody-to-total leaf area ratio (α)

Poplar
Black spruce
Aspen
Birch

1
0·12
0·22
0·15

(Pisek et al., 2011)
(Gower et al. 1999)
(Gower et al. 1999)
(Ryu et al., 2010)

½ΔðQ  QG Þ þ ρa cp ðes  ea Þ


λE ¼
Δ þ ϒ 1 þ rras

Needle-to-shoot area ratio (γE)
Not required
1·3–1·4 (Gower et al. 1999)
Not required
Not required

(4)

requires temporal inputs of Q* [net radiation (MJ m2 h1)],
cp [speciﬁc heat of the air (KJ kg1 K1)], QG [soil heat ﬂux
density (MJ m2 h1)], es [saturation vapour pressure (kPa)],
ea [actual vapour pressure represented as (kPa)], Δ [slope
vapour pressure curve (kPa °C1)], ρa [density of the air
(kg m3)], ϒ [psychrometric constant (kPa °C1)] and λ
[latent heat of vaporization (MJ kg1)]. Spatial inputs
determined from the LiDAR-derived CHM and LAI per
land cover type were used to estimate ra [aerodynamic
resistance (s m1)] and rs [surface resistance (s m1)],
such that

  
d
ln zmz0m
ln zhzd
0h
(5)
ra ¼
2
k uz
and
rs ¼

rl
LAI

(6)

where meteorological inputs to bulk aerodynamic resistance (ra) and bulk surface resistance (rs) include zm
[height of wind measurements (m)], zh [height of
humidity measurements (m)] and uz [wind speed at

Elemental clumping index (ΩE)
0·87
0·7
0·76
0·94

(Pisek et al., 2011)
(Chen et al., 1997)
(Chen et al., 1997)
(Ryu et al., 2010)

height zm (m s1)], and k is von Karman’s constant.
LiDAR-derived inputs include d [zero plane displacement
(m) at 2/3 height derived from the CHM], z0 and z0h
[roughness length governing momentum and heat and
water vapour, respectively (m)] (Chasmer et al., 2008),
and species-speciﬁc (classiﬁed) LAI (m2 m2). Bulk
stomatal resistance (rl, s m1) was determined from
porometry measurements and applied to land cover types.
Computer model development
A Python script was created to incorporate bulk hydrometeorological and spatially variable vegetation structural
data per land cover type as inputs to the PM model
[Equations (4) to (6)] (ESRI, Redlands, CA, USA)
(Figure 2). Twenty-four hour mean es–ea was compared
with 24 h mean VPD to ensure that daily VPD data
determined via es–ea were representative of the daily mean
of half-hourly measured VPD.
The model is driven by average 24 h bulk meteorological inputs and outputs daily, and growing season
(cumulative) spatially variable ET maps at 1 m pixel
resolution were parameterized for each land cover type. In
addition to the spatially variable method, bulk average ra
and rs terms were applied to determine how well the
model corresponds with measured ET if only single (as
opposed to spatially variable) inputs are used (Lhomme,
1992; Band, 1993).

Figure 2. Workﬂow diagram of the Python-based model in ArcGIS that combines spatially explicit LiDAR-derived canopy structural parameters with
measured hydro-meteorological atmospheric and energy drivers of ET via the PM equation.

Copyright © 2014 John Wiley & Sons, Ltd.
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Statistical analysis was used to determine the variability
of modelled ET between land cover types and validation
(EC) data. Analysis of variance (ANOVA) tests were used
to compare the same variable (e.g. daily ET) across
multiple land cover types. When normality tests failed a
Kruskal–Wallis, ANOVA on ranks was performed to
determine the level of variability between land cover types.
In situations when only two groups were being compared
(i.e. measured vs modelled ET for a single site), t-tests or
Mann–Whitney rank sum tests were used when the data
were normally distributed or otherwise, respectively.
Additional comparisons using linear regression, root mean
square error and p-statistic from the rank sum, between bulk
average versus spatially varying estimates of ET, were used.
Flux footprint model
Spatially varying and bulk averaged methods for estimating ET were compared with EC-derived data via a ﬂux
footprint parameterization (Kljun et al., 2004) of the
approximate daily contribution areas for the ﬂuxes
(Chasmer et al., 2008; 2011) from 3 and 22·5 m tall EC
towers. Flux footprints were calculated every 30 min and
accumulated to daily footprints. These were used to
estimate the cumulative (weighted) ET within the contribution area (Figure 3). In heterogeneous areas (e.g.
URSA), the footprint parameterization provides a rough
approximation of the contribution area but is more time
efﬁcient than other more complex models [e.g. Lagrangian
stochastic particle models (e.g. Kljun et al., 2002) or large
eddy simulation (Foken and Leclerc, 2004)].

RESULTS
ET regimes of each land cover type
Modelled spatial estimates of ET, during the period of
study, and per land cover type ranged from 150 to 239 mm,
with the greatest ET found from riparian areas and lowest
ET from mature upland aspen and mixed-wood stands
during this study period (Table III; Figure 4). Despite low
ET, mixed-wood and aspen uplands had the greatest area
extent (58% of the study area) and therefore accounted for
53% of the cumulative ET over the broader study area,
whereas riparian zones accounted for 14% of cumulative
ET, despite high ET. Regenerating aspen stands, treed
peatlands, open peatlands and ponds had higher rates of ET
than mixed-wood aspen uplands but only account for 1%,
17%, 9% and 6%, of total ET found within the study
region, respectively.
The largest ET rates were found at boundaries between
land covers where sharp transitions exist in canopy
structure (Figure 4). Spatial variability in ET was greatest
in land cover types with a heterogeneous canopy structure
(i.e. peatlands and riparian zones), whereas the spatially
dominant mixed-wood aspen uplands experienced the
lowest spatial variability in ET. Pearson’s r correlation
ðx;yÞ
between the covariance (cov) of
coefﬁcient r ¼ cov
σxσy
spatially variable vegetation and/or topographical inﬂuences (x) on modelled ET (y) divided by their standard
deviations, on a per pixel basis, is illustrated in Figure 5.
Roughness length [z0 (m)] varies positively with ET,
especially in mixed upland sites (to be expected, as z0 is an
input to the PM model), whereas the greatest variations

Figure 3. Probability density function showing the percent probability of ET ﬂux contribution from modelled daily ﬂux footprints surrounding the (a)
3 m and (b) 22·5 m eddy covariance towers on DOY 158.

Copyright © 2014 John Wiley & Sons, Ltd.
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Table III. Cumulative growing season ET estimates from the spatially variable model shown for each land cover type in the 5 km × 5 km
study area.
Land cover
Aspen
Regenerating
Riparian
Treed peatland
Open peatland
Water

Max cumulative
ET (mm)

Min cumulative
ET (mm)

Mean cumulative
ET (mm)

Average daily
ET (mm)

σ

175·3
215·7
239·0
201·2
220·5
N/A

150·5
207·9
236·3
148·0
219·2
N/A

174·5
212·2
237·4
184·1
220·0
209·8

2·0
2·4
2·6
2·1
2·4
2·3

±0·59
±1·1
±1·3
±1·1
±1·2
±1·3

Figure 4. 1 m × 1 m resolution spatially explicit cumulative ET estimates for (a) mixed-wood aspen uplands, (b) treed peatlands, (c) open peatlands and
(d) regenerating aspen stands.

Copyright © 2014 John Wiley & Sons, Ltd.
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occur at the edges of land cover types and negatively in
peatlands where vegetation structure is not measured by
airborne LiDAR. Gap fraction, including understory
(which contributes to aerodynamic resistance, surface
resistance and stomatal conductance inputs), was negatively correlated with ET in upland aspen and regenerating
aspen stands, but positively correlated within peatlands.
Elevation and the canopy height above a topographically
varying ground surface (DSM) were not highly correlated
with modelled ET.
Petrone et al. (2007) showed lower peatland ET rates,
because of drought conditions and low water levels in
peatlands (which may break the capillary fringe) early in

the decade. However, in 2008, with higher water levels,
ponds and peatlands may remove (ET) more than P. Model
results show Aspen ET is lower for the centres of stands,
but the edges mix with riparian; thus, the total Aspen ET
may be higher. For this period, the middle of aspen stands
remove 92% of P (Table III).
Spatially variable estimates of daily ET reached a
maximum of 5·2 mm on 5 June (DOY 157) over open
water and a minimum of 0·4 mm on 26 June (DOY 178)
also over open water (Figure 6). All land cover types
experienced a similar temporal trend in ET with peak ET
rates in the early part of the growing season along with
peaks in measured Q*, water availability and atmospheric

Figure 5. Pearson’s r correlation coefﬁcient (0 to 1 = positive correlation; 0 to 1 = negative correlation) between modelled ET and (a) roughness length
[z0 (m)]; (b) elevation (normalized to remove underlying topographic trend); (c) canopy height over variable topography; and (d) gap fraction of canopy
and understory vegetation. Black areas indicate water.

Copyright © 2014 John Wiley & Sons, Ltd.
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demand for water. Bulk estimates of daily ET consistently
overestimated spatially variable estimates of daily ET over
the study period in treed peatlands and riparian zones while
underestimating spatially variable daily ET in mature
forests, regenerating forests and open peatlands (Figure 7;
Table IV).
Peaks in ET following P events occurred within 3 days
depending on how shortly after the P events’ energy inputs
increased (i.e. cloud cover dissipation). ET in riparian
zones and ponds had the most pronounced response within
3 days following P events in June and July, whereas in July
and August, all land cover types showed similar responses

to P. For all land cover types, peaks in ET following P
events were short lived (1–2 days).
Validation of PM model outputs
The dominant wind direction for the 22·5 m EC tower was
between 220 and 280°, within which approximately 60% of
the land area covered by the ﬂux footprint was mixed-wood
aspen upland, 13% peatland, 10% pond, 12% riparian and
5% regenerating aspen. In the early half of the study
period, unstable atmospheric conditions resulted in smaller
ﬂux footprints originating from variable wind directions,

Figure 6. ET estimated for each land cover type using the spatially variable model.

Figure 7. Spatial differences in ET estimated using the bulk average method relative to the spatially variable method for (a) the entire study site and (b)
the area surrounding the eddy covariance towers. Blue areas show where the bulk model overestimates spatially variable ET, and red areas show where
the bulk model underestimates spatially variable ET.
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Table IV. Average difference (mm) and range of differences in
daily values of ET as seen between ET estimated with bulk land
cover inputs and ET estimates based on spatially variable land
cover inputs.

Land cover
Aspen
Regenerating
Riparian
Treed peatland
Open peatland

Mean
difference
(mm)
0·1
0·1
3·0
15·0
2·0

σ

Average
daily range
of differences
(mm)

Signiﬁcant
difference
(P < 0·05)?

±0·3
±1·4
±0·1
±2·0
±0·1

±0·2
±3·0
±6·0
±4·0
±1·5

No
No
No
Yes
No

whereas more stable atmospheric conditions promoted
larger ﬂux footprints in the middle-to-late portion of the
study period, generally occurring from the dominant wind
direction (220–280°).

Spatially variable ET extracted from ﬂux footprints
showed good agreement with EC ﬂuxes at the 22·5 m tower
(~2% underestimation; Table V). No signiﬁcant differences
(Mann–Whitney rank sum, P > 0·05) were found between
the spatially variable model and EC ﬂuxes at the daily or
weekly time scale (Figure 8). Bulk ET estimates extracted
from the same footprint overestimated seasonal ET by ~7% at
the 22·5 m tower (Table V); however, no signiﬁcant
differences (Mann–Whitney rank sum, P > 0·05) were
observed at the daily or weekly time scale. Because of EC
measurements with zm within the roughness sublayer being
disregarded, the ﬂux footprint model at the 3 m EC tower was
only run for 34 of 90 days (38%) with dominant wind direction
from the northwest (300–340o). Spatially variable ET slightly
underestimated EC ﬂuxes by ~3% (Table V), and no
signiﬁcant differences (Mann–Whitney rank sum, P > 0·05)
were found at the daily or weekly time scales. Bulk ET
estimates underestimated EC ﬂuxes by ~5% (Table V) also
with no signiﬁcant differences (Mann–Whitney rank sum,
P > 0·05) at the daily or weekly time scales.

Table V. Accuracy of ET modelled using spatially variable and spatially averaged input parameters relative to ET modelled from 22·5
and 3 m eddy covariance towers.
Input data

Modelled ET (mm)

Spatially
Spatially
Spatially
Spatially

185
202
64
63

variable versus 22·5 m EC
averaged versus 22·5 m EC
variable versus 3 m EC
averaged versus 3 m EC

Percent
difference (%)
2
7
3
5

Signiﬁcant difference
(P < 0·05)?

r2

RMSE

No
No
No
No

0·58
0·62
0·85
0·80

1·14
1·21
0·17
0·36

RMSE, root mean square error.

Figure 8. Correlation between weekly eddy covariance ET data and modelled ET extracted from ﬂux footprints at various EC towers: (a) spatially
1
1
variable ET versus 22·5 m EC tower (RMSE = 1·14 mm week ); (b) spatially averaged ET versus 22·5 m EC tower (RMSE = 1·21 mm week ); (c)
1
1
spatially variable ET versus 3 m EC tower (0·17 mm week ); and (d) spatially averaged versus 3 m EC tower (0·36 mm week ).
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DISCUSSION
ET between land cover types
Differences in ET amongst different land cover types are
due in part to different responses of vascular and nonvascular vegetation to drivers of ET (Q*, VPD, gs etc.). Land
cover types with vascular vegetation showed an increase in
stomatal resistance in response to midday peaks in VPD
resulting in reduction of afternoon transpiration rates.
Conversely, in land cover types dominated by non-vascular
vegetation (i.e. open peatlands), Sphagnum rely on surface
wicking and capillary action to transport water (Rydin and
Jeglum, 2006); therefore, it is surface resistance, rather than
stomatal resistance, that dictates the rate of water vapour
exchange between vegetation and the atmosphere when water
is available (Admiral and Laﬂeur, 2007). As a result, peak
daytime and peak season increases in VPD over non-vascular
vegetation and open water promote enhanced ET in response
to the atmospheric gradient if adequate Θ is present (Admiral
et al., 2006; Raddatz et al., 2009).
Transpiration from land cover types dominated by vascular
vegetation (mixed-wood upland aspen, regenerating uplands,
treed peatlands and riparian zones) is limited by stomatal
closure. For example, open and treed peatlands had
comparable energy inputs, soil moisture levels and VPD,
but open peatlands had a total growing season ET 38·2 mm
higher than treed peatlands. Because vegetation in open
peatlands lack stomatal control and have a large surface area,
they experience high rates of ET (Heijmans et al., 2004).
This study occurred during a wetter cycle over the past
decade and water levels, and thus, availability, in peatlands, is
high and not limited as in other periods (Petrone et al. 2007).
The modelled aspen ET is lower in this study than for other
boreal aspen studies (Amiro et al 2006, Zha et al. 2010), but
the estimates here are somewhat biassed for centre of stands, as
the edges are classiﬁed and included in the riparian estimates,
which may show higher values (Chasmer et al. 2011). In drier
climatic conditions, aspen ET will exceed that of the peatlands.
However, in this study, aspen stands still consume 92% of P,
whereas Brown et al. (2013) found that 88 ± 1% and 75 ± 2%
of P was used for evaporation processes within the same stand,
through the late spring and summer months in 2005 and 2006.
They also found that 15 ± 0·5% (2005) and 12 ± 0·2% (2006)
of P was intercepted by the canopy.
In all land cover types, daytime ET was strongly tied to Q*
and Q*–QG (e.g. Admiral et al., 2006), whereas night-time
ET was a function of atmospheric VPD and wind. Ponds
exhibited the consistently largest QG because of the high heat
capacity of water (Oke, 1987) causing larger storage of
energy within the water column (e.g. Chapin et al., 2002;
Petrone et al., 2007; Granger and Hedstrom, 2011) and
slower responses of ET to ﬂuctuations in Q* (Oke, 1987). The
lag time between peak energy inputs and peak energy storage
in ponds results in energy being released later in the growing
Copyright © 2014 John Wiley & Sons, Ltd.

season (Granger and Hedstrom, 2011) when open water
bodies become warm relative to cooling atmospheric
temperatures (Chapin et al., 2002). This can promote
sustained water losses from open water bodies compared
with terrestrial wetland and forestland cover types.
ET between models and EC towers
Variability in land cover composition has been shown to
inﬂuence the accuracy of modelled ﬂuxes relative to EC
estimates when scaling ﬂuxes to broader areas (Soegaard et al.,
2000; Kim et al., 2006; Göckede et al., 2008; Chen et al.,
2011; Gelybó et al., 2013). In this study, standard deviations of
±0·8 mm day1, or ~40% of average daily ET, were associated
with the ﬂux footprint from the 3 m tower, whereas standard
deviations of ±1 mm day1, or ~50% of average daily ET,
were associated with the ﬂux footprint from the 22·5 m tower.
Better agreement was found between modelled estimates
of ET (both bulk averaged and spatially variable) and ECderived estimates at the 3 m tower as opposed to the 22·5 m
tower. This is because the ﬂux footprint surrounding the 3 m
tower was restricted to a relatively homogeneous land cover
of regenerating aspen uplands and sampled ﬂuxes near the
tops of short, regenerating vegetation. The footprint extended
beyond the regeneration stand into the surrounding mature
aspen uplands ~40% of the study period; however, the
greatest probability of ﬂux contribution remained within the
regenerating stand ~90% of the study period. This indicates
that homogeneous areas can be adequately represented by
either the spatially variable model or the bulk average model.
However, at the 22·5 m EC tower, the ﬂux footprint extends
hundreds of metres into unequally weighted land cover types,
resulting in variable contributions of water ﬂuxes to the EC
system and also to the PM outputs (Figure 3), causing an
increased deviation of bulk ET estimates from EC data.
Errors in bulk average ET estimates more than double that
of spatially variable ET estimates in areas where there are
large canopy gaps (exceeding one 1 m × 1 m pixel). These
differences occur because the bulk average model estimates
ET for every pixel within each land cover class using the same
average canopy structural inputs. Therefore, bulk average
methods do not account for gaps within the canopy and
assume total foliage coverage, thereby increasing the surface
area for ET ﬂuxes. However, in the spatially variable ET
example, openings in the canopy are void of structural
information and therefore have much lower rates of modelled
evaporation, based only on the soil surface. Whether this is
actually the case in these environments at the time of study
has not been quantiﬁed beyond comparisons with EC data
and ﬂux footprints. Consequently, whereas bulk ET estimates
are accurate in land cover types that do not vary greatly in
vegetation structural characteristics, they are less reliable in
land covers that are highly heterogeneous.
This is particularly evident in bulk average model output
for treed peatlands, which experience an overestimation of
Ecohydrol. (2014)
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ET. This uncertainty propagates into ﬂux footprint validations
when treed peatlands are present. In this study, the area of
maximum ﬂux contribution for the 3 m EC tower extended
into treed peatlands ~10% of the study period. Consequently,
bulk ET and spatially variable ET both estimate EC data
comparably well. However, the area of maximum ﬂux
contribution for the 22·5 m EC tower extended into treed
peatlands for ~75% of the study period. In this case,
misrepresentations in vegetation structure (and thus ET)
associated with the bulk model contaminate the larger ﬂux
footprint and make this method three times less accurate than
the spatially variable ET model. Consequently, when
upscaling from tens to hundreds of metres over heterogeneous land covers and canopy structures, the agreement
between EC data and ET modelled using bulk vegetation
inputs declines, and there is a marked advantage in utilizing
spatially explicit model inputs of vegetation structure.
The bulk averaging procedure may be useful for the removal
of outliers in ET estimates (Bian and Butler, 1999), thereby
smoothing spatial data. However, edge inﬂuences, which can
often be very important to landscape scale ET, may be missed
(e.g. Petrone et al. 2007). For example, step changes at land
cover boundaries may increase atmospheric drag and roughness length (McAneney et al. 1994 Loranty et al. 2010;
Brümmer et al. 2012), depending on the adjacent land cover
type and the vegetation structural attributes. Use of bulk
averages may underestimate the inﬂuence of vegetation
structural variability on roughness and ET ﬂuxes (Klaassen
and Claussen, 1995; De Jong et al., 1999) especially for aspen
stands that frequently occur on crests of hummocks, and the
edges may represent areas of larger ET. Such underestimations
may impede our ability to predict the response of these regions’
ecohydrological processes to climatic variability and landuse
change, both of which are signiﬁcant stresses in the WBP.
CONCLUSIONS
In order for ET estimates to be scaled beyond the ﬂux
footprint of the EC system, detailed information on the
structure of vegetation governing ET is required. In this
study, high-resolution LiDAR data products of vegetation
structural characteristics were used to derive spatially
variable estimates of ET compared with land cover-based
bulk averages within the heterogeneous WBP. These were
then compared with ET estimates from the EC method at
heights of 3 and 22·5 m above a naturally regenerating aspen
stand and a mixture of land cover types (respectively).
Estimates of spatially variable ET were in better
agreement with validation at both the 3 and 22·5 m tall
towers, whereas ET estimates derived from land coverbased bulk average vegetation inputs did not correspond as
well with validation, particularly when scaled to the
landscape scale. This study illustrates the importance of
high-resolution vegetation frictional inputs to the PM
Copyright © 2014 John Wiley & Sons, Ltd.

model in heterogeneous areas that are sensitive to small
changes in the local climate and water balance.
Landuse and climatic changes could lengthen the
growing season and increase ET ﬂuxes in this region. This
may further reduce current water resources and increase
water deﬁcit conditions, especially where it already
exceeds P inputs. Prolonged deﬁcits can impact the
seasonal course of water cycling, plant growth and carbon
uptake (Kljun et al., 2007; Brümmer et al., 2012). Such
information is integral to the management of ecosystem
services and water resources in climatically and hydrologically sensitive areas such as the WBP, which are also
subject to intensive industrial activity that impacts the
landscape scale. Because ET in the WBP is the dominant
hydrological ﬂux, understanding the controls on that ﬂux at the
regional scale is vital to the ability to predict the
ecohydrological response of this region to further disturbance.
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