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a b s t r a c t
Satellite-based measurements of vegetation canopy structure have been in common use for the last decade but
have never been used to estimate canopy's impact on wind sheltering of individual lakes. Wind sheltering is
caused by slower winds in the wake of topography and shoreline obstacles (e.g. forest canopy) and inﬂuences
heat loss and the ﬂux of wind-driven mixing energy into lakes, which control lake temperatures and indirectly
structure lake ecosystem processes, including carbon cycling and thermal habitat partitioning. Lakeshore wind
sheltering has often been parameterized by lake surface area but such empirical relationships are only based
on forested lakeshores and overlook the contributions of local land cover and terrain to wind sheltering. This
study is the ﬁrst to examine the utility of satellite imagery-derived broad-scale estimates of wind sheltering
across a diversity of land covers. Using 30 m spatial resolution ASTER GDEM2 elevation data, the mean sheltering
height, hs, being the combination of local topographic rise and canopy height above the lake surface, is calculated
within 100 m-wide buffers surrounding 76,000 lakes in the U.S. state of Wisconsin. Uncertainty of GDEM2derived hs was compared to SRTM-, high-resolution G-LiHT lidar-, and ICESat-derived estimates of hs, respective
inﬂuences of land cover type and buffer width on hs are examined; and the effect of including satellite-based hs on
the accuracy of a statewide lake hydrodynamic model was discussed. Though GDEM2 hs uncertainty was comparable to or better than other satellite-based measures of hs, its higher spatial resolution and broader spatial
coverage allowed more lakes to be included in modeling efforts. GDEM2 was shown to offer superior utility for
estimating hs compared to other satellite-derived data, but was limited by its consistent underestimation of hs,
inability to detect within-buffer hs variability, and differing accuracy across land cover types. Nonetheless, considering a GDEM2 hs-derived wind sheltering potential improved the modeled lake temperature root mean square
error for non-forested lakes by 0.72 °C compared to a commonly used wind sheltering model based on lake area
alone. While results from this study show promise, the limitations of near-global GDEM2 data in timeliness,
temporal and spatial resolution, and vertical accuracy were apparent. As hydrodynamic modeling and highresolution topographic mapping efforts both expand, future remote sensing-derived vegetation structure data
must be improved to meet wind sheltering accuracy requirements to expand our understanding of lake
processes.
© 2014 Elsevier Inc. All rights reserved.

1. Introduction
Lakes and reservoirs play a small but important role in the global
carbon cycle, individually acting as a sink or source of carbon depending
on the metabolic balance between primary producers and respiration
(Cole et al., 2007; McDonald, Stets, Striegl, & Butman, 2013; Raymond
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et al., 2013; Tranvik et al., 2009). The rate of gaseous carbon exchange
(e.g., ﬂuxes of CH4 and CO2) between lakes and the atmosphere is mediated by water temperature, which controls solubility, and near-surface
turbulence in the water column (Zappa et al., 2007). Lake water temperature and near-surface turbulence are inﬂuenced by complex interactions between regional and local drivers (e.g., climate and hydrology)
with lake-speciﬁc properties such as wind sheltering (i.e., the reduction
of over-lake wind speeds via interference from surrounding topography
and terrain features; Markfort et al., 2010; Read et al., 2012). Accounting
for the inﬂuence of wind sheltering effects on gas exchange is especially
important for small lakes since they contribute more to carbon cycling
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than larger lakes (Downing, 2010; Downing et al., 2008; Kankaala,
Huotari, Tulonen, & Ojala, 2013; Roehm, Prairie, & Del Giorgio, 2009)
and are more sensitive to shoreline wind sheltering (Markfort et al., 2010).
Although seldom considered, recent research (e.g., Markfort et al.,
2010) has highlighted the importance of including the additive effects
of topographic height (ht) and canopy height (hc) relative to the lake
surface elevation (zlake) – referred to here as the “sheltering height”
(hs) – to parameterize the local wind sheltering coefﬁcient (Wst) in hydrodynamic models (Read et al., 2014; Fig. 1) and models of gas transfer
(Read et al., 2012). Lacking direct measurements at a given lake, “typical” hc values for speciﬁc land covers have been used in place of hs
(Read et al., 2012; Table 1) or, more commonly, Wst has simply been assumed to be a function of lake surface area (Hondzo & Stefan, 1993).
However, such a simpliﬁed parameterization of wind sheltering overlooks the role of (and variation in) local topography and canopy height
as mediators of lake temperature and near-surface turbulence. For
example, a small lake surrounded by ﬂat agricultural land experiences a
much lower degree of wind sheltering compared to a similarly sized
lake surrounded by steep, sloping terrain and forested land cover (Fig. 2).
A simpliﬁed parameterization of Wst that only considers hc has often
been unavoidable. There is an abundance of digital elevation models
(DEMs) that estimate ht across broad spatial extents, such as the 3 m
resolution National Elevation Dataset (NED) (Gesch et al., 2002) and
the 90 m resolution Shuttle Radar Topography Mission (SRTM) Version
2 (V2) DEM (Slater et al., 2006) with near-global coverage, but comparably few sources for systematically-collected measurements of hc.
Canopy height data collected through the Forest Inventory and Analysis
(FIA) Program of the U.S. Forest Service (www.ﬁa.fs.fed.us), for example, tend to be located within “representative” and continuous
forest stands that are rarely in close proximity to lakes or reservoirs.
Spaceborne altimeters, such as the SRTM radar or Geoscience Laser
Altimeter System (GLAS) lidar, offer near-global elevation measurements with which to calculate hs (e.g., Bolton, Coops, & Wulder, 2013;
Farr et al., 2007; Wulder et al., 2012; Table 2). However, neither
spaceborne radar nor lidar are well-suited to estimate hs around diffusely distributed and often small-sized lakes given their coarse sampling or
resolution (Hanson, Carpenter, Cardille, Coe, & Winslow, 2007). Canopy
height products derived from spaceborne altimetry data, e.g., Lefsky
(2010) and Simard, Pinto, Fisher, and Baccini (2011), offer hc but cannot
be directly used to estimate hs since they lack a collocated measurement
of ht. Other radar altimeters, e.g., Envisat's RA-2 and Jason-1's Poseidon2, commonly used to map global lake and reservoir surface elevations
(e.g., Kouraev et al., 2007; Medina, Gomez-Enri, Alonso, & Villares,
2008; Swenson & Wahr, 2009; Wang et al., 2011) have spatial resolutions of 5 km and cannot resolve small lakes or surrounding canopy. Finally, while airborne lidar, such as G-LiHT considered below, can very

Fig. 1. Sheltering height, hs – the sum of terrain height, ht, and canopy height, hc – is incorporated in a one-dimensional model of wind sheltering's effect on the wind proﬁle over a
lake surface with elevation zlake. Adapted from Markfort et al. (2010, 2014).

Table 1
Typical canopy heights (hc) for speciﬁc land cover types. Note
that many land covers with non-negligible hc, such as
wetland or urban/built-up do not have a “standard” hc and
are excluded. Adapted from Oke (1987) and Garratt (1992).
Land cover

hc (m)

Open water
Ice
Snow
Bare soil
Turf grass
Prairie grass
Agriculture
Woodland trees
Coniferous forest
Tropical forest

0
0
0
0
0.02–0.1
0.3–1.0
0.2–1.4
8–15
10–27
32–35

accurately estimate hc and ht at a ﬁne spatial detail, their limited coverage and often proprietary data keep broad-scale estimates of hs out-ofreach.
In part because of these limitations, remotely sensed altimetry data
have never before been used to calculate wind sheltering. However,
the Global Digital Elevation Model Version 2 (GDEM2) generated from
imagery collected by the Advanced Spaceborne Thermal Emission and
Reﬂection Radiometer (ASTER) sensor aboard NASA's Terra satellite
presents the opportunity to assess lake-level wind sheltering across
99% of the Earth's landmass at the moderate spatial resolution of
30 m. The GDEM2 is a photogrametrically-derived DEM with elevations
based on ASTER's visible and near-infrared (VNIR) band, which simultaneously acquires imagery from different look angles producing a stereographic perspective of the landscape (Toutin, 2008; Yamaguchi, Kahle,
Tsu, Kawakami, & Pniel, 1998). GDEM2 elevations reﬂect the combined
inﬂuence of topographic elevation as well as the height of terrain features such as trees or buildings, thereby offering an inherent estimate
of hs. GDEM2's absolute vertical accuracy has been measured to within
0.20 m across the continental United States (Tachikawa et al., 2011b)
and has recently been shown to be acceptable for vegetation height
mapping in areas of low relief (Ni, Sun, & Ranson, 2013), and this is
the ﬁrst study to consider the utility of GDEM2 in a wind sheltering assessment or a hydrodynamic modeling application.
Using the U.S. state of Wisconsin as a regional testbed, this study introduces a novel method to estimate hs across a broad spatial extent
using GDEM2 data. The approach is composed of three stages: ﬁrst,

Fig. 2. Comparison of wind-sheltering coefﬁcient (Wst) estimates by land cover type and
Wst estimation methods. The ranges of Wst at lakes surrounded by agriculture (yellow)
or woodland trees (green) were calculated using the land cover-speciﬁc hc (see Table 1)
following Markfort et al. (2010). A lake surface area-based parameterization (black line)
is also represented where black circles represent calibrated Wst for forested lakes in
Minnesota (U.S.) following Hondzo and Stefan (1993).
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Table 2
Listing of select sources of spaceborne remote sensing altimetry data with global coverage.
Sensor

Platform

Type

Spatial resolution

Acquisition date

ASTER
Shuttle Radar Topography Mission (SRTM)

NASA Terra
NASA Space Shuttle Endeavor

Optical stereographic imagery

2000–2010
February 2000

Geoscience Laser Altimeter System (GLAS)

NASA Ice, Cloud and land
Elevation Satellite (ICESat)
ESA Envisat
NASA Jason-1

Interferometric synthetic aperture radar
Lidar

30 m
3 arc-sec: world; 1 arc-sec:
U.S. only
50–90 m

Radar
Radar

5 km
5 km

2002–2008
2001–present

RA-2
Poseidon-2

elevations are ﬁltered such that only high-conﬁdence elevations are
considered; second, a single lake surface elevation is calculated for
each lake using high-conﬁdence elevations; third, the mean height of
terrain features relative to each lake surface is calculated within
100 m of each lake perimeter, yielding an estimate of lake-level hs. As
discussed in detail by Read et al. (2014), the resulting set of hs estimates
at over 76,000 lakes is used to parameterize lake surface mixing due to
wind for a subset of these lakes (n = 2368). These data are subsequently
input into lake-speciﬁc hydrodynamic models that simulate verticallyresolved lake water temperatures at a daily timestep. Statewide hs is
examined with respect to lakeshore land cover type, intra-canopy hs
variability is quantiﬁed, the uncertainty of GDEM2-derived hs is compared to other remote sensing-based hs estimates, and hydrodynamic
model output of lake temperature parameterized using hs are compared
against results from an empirical model using lake surface area. Though
this study was implemented in a single U.S. state, similar analyses may
be carried out wherever there are collocated estimates of topographic
elevation and canopy height.
2. Methods
2.1. Study area
The northern US state of Wisconsin covers 35 million acres, has
83,366 lakes (including ponds and impoundments; nhd.usgs.gov;
Winslow, Read, Hanson, & Stanley, 2014) with a mean and median
area of 5.1 and 0.18 ha, respectively (Fig. 3a). Wisconsin's lakes support
a large ﬁsheries and tourism industry, have high aesthetic and retail
property value (Bishop, Boyle, & Welsh, 1987; Provencher, Lewis, &
Anderson, 2012), and are some of the world's most studied lakes with
ongoing research for over a hundred years (e.g., Birge, 1895; Birge &

2003–2009

Juday, 1922). Exactly 76,303 features categorized as lake/pond or
“unspeciﬁed open water” in the Wisconsin Department of Natural
Resources (DNR) Hydrography dataset (DNR, 2012) were included in
this study, with feature geometries having been digitized from
1:24,000-scale sources including United States Geological Service quadrangle, U.S. Forest Service, and DNR maps. Sixty-ﬁve percent of the area
within 100 m-wide buffers surrounding Wisconsin's lakes are forested
or wetland according to WISCLAND (DNR, 1998; Fig. 3b, c), the most
recent statewide land cover inventory.
2.2. Data and pre-processing
GDEM2 source imagery were collected from 2000–2010 across
Wisconsin (Fig. 4a). ASTER collects repeat imagery at a given site
at least every 16 days, and a complementary product, NUM, represents the number of ASTER images used to generate each GDEM2 elevation. NUM values have a striated distribution across the state
(μ = 17.4; σ = 8.2) (Fig. 4b) – an artifact of Terra's orbit – and are
differently distributed across land cover types (Fig. 4c) with “open
water” having the lowest mean NUM. A higher NUM yields a signiﬁcant reduction in elevation root mean square error (RMSE;
Tachikawa, Hato, Kaku, & Iwasaki, 2011a), however, since GDEM2 elevations conﬂate topographic elevation with terrain feature height,
GDEM2's vertical error (Fig. 5) also conﬂates actual error with terrain feature height. Error was found to be inﬂuenced by land cover
type and homogeneity of vegetation structure (Fujita, Suzuki, Nuimura,
& Sakai, 2008; Hirt, Filmer, & Featherstone, 2010; Ni, Guo, Sun, & Chi,
2010); for example, the mean vertical error in wetland was 5.0 m
while the mean error in forest was only 2.4 m. This imbalance exposes
an overestimation and/or underestimation of wetland and forest heights,
respectively.

Fig. 3. a) Wisconsin lake density and b) majority WISCLAND land cover at tenth-degree resolution, and c) land cover distribution within 100 m-wide buffers surrounding Wisconsin lakes.
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Fig. 4. a) GDEM2 elevation and b) NUM value distribution across Wisconsin with c) mean elevation (ﬁlled bars) and NUM (hollow bars) and respective standard deviations for WISCLAND
land covers.

Prior to calculating zlake and then hs, GDEM2 elevations were preprocessed in two ways. First, to limit the inﬂuence of “mixed pixels”
that straddled the lake surface and lakeshore, only pixels with centroids
located more than 30 m within a lake perimeter were used to estimate

the lake's surface elevation. Second, pixels were progressively ﬁltered by NUM such that only the highest conﬁdence elevation values
were used to calculate zlake: the percent coverage of pixels with
NUM ≥ 22, i.e., μopen water + σopen water, was calculated and additional
pixels with progressively lower NUM values were included through
NUM = 6, i.e., μopen water − σopen water, until at least 25% coverage
was achieved. Approximately 9700 (12%) of lakes did not reach adequate coverage of high-conﬁdence GDEM2 pixels and were excluded
from the analysis.
2.3. Analysis

Fig. 5. Mean vertical errors between the GDEM2 and GPS benchmark elevations by 2006
National Land Cover Database land cover type (www.mrlc.gov/nlcd06_data.php). Adapted
from Tachikawa et al. (2011b).

Mean hs was estimated for a given lake in two stages (Fig. 6). First,
the lake surface elevation, zlake, was calculated as the mean elevation
of high-conﬁdence GDEM2 pixels within a lake perimeter. Second, a
buffer was created around each lake perimeter, the width of which
should be adequate to capture the region of the canopy in the buffer
that shelters the lake. For example, if a lake featured a continuous row
of trees, i.e. wind break, a small buffer on the order of 30 m may sufﬁce.
If, on the other hand, hs increased with distance from the lakeshore, a
wider buffer would be required to encompass the tallest trees in the
canopy. To identify a suitable buffer width, the incremental increase in
hs, i.e., the fractional increase in hs relative to the maximum hs recorded
within a given buffer width, was considered. The incremental increase
in hs was measured across buffer widths from 10–200 m at 66 mainly
forested lakes in northern Wisconsin with GDEM2 as well as highresolution G-LiHT lidar coverage. For both GDEM2 and G-LiHT, the fractional increases of hs beyond 100 m were very low — 4% and 2% for
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using GDEM2 and SRTM hs-parameterized wind shear values as well as
the Hondzo and Stefan (1993) lake surface area-parameterized method.
3. Results and discussion
3.1. Statewide hs distribution

Fig. 6. Methodology for determining the sheltering height, hs, within a given lake buffer.

GDEM2 and G-LiHT, respectively. Given the low incremental increase in
hs, 100 m was selected for the lake buffer width.
Within each lake's 100 m-wide buffer, hs was calculated as the mean
difference between the GDEM2 elevation and zlake. In cases where two
or more buffers overlaid a given GDEM2 pixel, the mean of the associated zlake values was used as the reference lake surface elevation. The
statewide distribution of hs was examined with respect to WISCLAND
land cover type, within-buffer variability of hs was quantiﬁed, and
GDEM2 hs values were compared to 90 m SRTM V2 DEM- (hereafter referred to as SRTM) and G-LiHT-derived hs, as well as hc values from the
Simard et al. (2011) 1 km resolution global forest canopy height map.
(Note that despite 30 m resolution SRTM data being available in the
U.S., 90 m resolution SRTM data were still considered to support the
study's relevance outside of the U.S.) Finally, the goodness of ﬁt between modeled and observed lake water temperatures were compared

A mean and median hs of 2.1 and 1 m, respectively, were calculated
across 76,303 Wisconsin lake buffers with greater hs and wind sheltering potential measured across the state's northern forests (Fig. 7a).
There were typically three land covers within a single buffer with forest
cover being dominant in terms of abundance (36% of statewide buffer
area) as well as hs (Fig. 7b). However, since ht and hc cannot be measured independently of hs, differences in hs between land cover types result from intra-buffer topographic variability as well as the variation
inherent in the heights of trees, shrubs, grasses, etc. Nonetheless, hs
estimated for grassland and agriculture was comparable to “typical” hc
values from Table 1, while forest hs was 2 and 4 m less than the lowest
estimate for woodland trees or coniferous forest hs, respectively.
While median GDEM2 hs in forest-dominated buffers (6 m) was reasonable, hs was almost certainly overestimated in buffers dominated by
water (4 m) or grassland (5 m). In addition to the issue of overlooking
within-buffer hs and land cover diversity (discussed in Section 3.2
below), there were multiple factors that may have contributed to this
overestimation. First, a spatial misregistration between WISCLAND,
GDEM2, and DNR lake feature geometry is evident in open water pixels
making up 9% of total lakeshore buffer area; inclusion of shoreline topography in the GDEM2 water mask was also identiﬁed by Tachikawa,
Kaku, et al. (2011b) as a potential source of error. Second, and related,
the omission of small lakes in the GDEM2 water mask would have contributed to spurious elevations within the lake as well as the immediate
lakeshore area (Jing, Shortridge, Lin, & Wu, 2014). Third, there may have
been a disconnect between a given location's spectral characteristics
upon which the WISCLAND land cover classiﬁcation was based and
structural characteristics that drove the GDEM2 elevation measurement. This spectral–structural incongruity was evident in the 4 m
median hs of open water, likely a result of open water dominating
these pixels' spectral signatures while the heights of non-water features
yielded a non-negligible hs. Fourth, land cover changes that occurred
between respective imagery collection periods for WISCLAND (1991–
1993) and GDEM2 (2000–2010) would have affected respective assessments of land cover and elevation.
Approximately 28,500 (37%) lake buffers had a negative hs meaning
that the mean GDEM2 elevation within the buffer was less than that of
the lake surface. A negative buffer hs could have arisen from an overestimation of zlake or an underestimation of hs at the pixel-level. Considering the former, GDEM2 zlake values were exceptionally correlated with
SRTM-derived zlake values (Fig. 8a; Li et al., 2012). However, SRTM and
GDEM2 zlake showed a high RMSE of 6.61 m statewide, and GDEM2
tended to overestimate respective SRTM and G-LiHT estimates of zlake
(Fig. 8b). In addition to GDEM2's overestimation of zlake identiﬁed
here, Carabajal (2011), Li et al. (2012), and Suwandana, Kawamura,
Sakuno, Kustiyanto, and Raharjo (2012) found systematic underestimation of GDEM2 elevations across land covers, and Ni et al. (2010, 2013),
Gesch, Oimoen, Zhang, Danielson, and Meyer (2011), and Tachikawa,
Kaku, et al. (2011b) each documented GDEM2's underestimation of forest cover, speciﬁcally. Both the overestimation of zlake and the underestimation of pixel-level hs thus likely contributed to the presence of
negative buffer hs. Notably, negative buffer hs were also measured at
23% of lake buffers using SRTM data, suggesting that an underestimation
of terrain feature elevations was not solely an issue with GDEM2.
3.2. Within-buffer hs variability
The standard deviation of median hs across Wisconsin's lakes grew
from 3.6–5.5 m with increasing lake surface area (Fig. 9). Variability in
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Fig. 7. Median buffer hs across a) Wisconsin at tenth-degree resolution and b) dominant WISCLAND land covers within 100 m-wide lake buffers.

hs is especially important in small lakes since they are, ﬁrst, more
sensitive to shoreline sheltering and, second, disproportionately inﬂuential in carbon cycling (Bastviken, Tranvik, Downing, Crill, &

Fig. 8. Comparison of GDEM2- and SRTM-derived mean lake surface elevations, zlake,
across a) Wisconsin lakes with mutual coverage (RMSE 95% CI = 6.53–6.70), and
b) lakes with high-resolution G-LiHT lidar coverage (RMSE 95% CI = 5.84–8.31).

Enrich-Prast, 2011; Kortelainen et al., 2006; Post, 2002; Tranvik
et al., 2009). Within-buffer variability may have resulted from a variety of sources such as land cover diversity, patchiness of vegetative cover across buffer terrain, as well as changes in topographic
elevation within a buffer. Since a single wind velocity measurement
at a representative height above the water surface, i.e. hs, was used
to parameterize momentum ﬂux resulting from wind shear stress
(Markfort, Porté-Agel, & Stefan, 2014; Markfort et al., 2010), error
in estimation of wind sheltering may have resulted from withinbuffer h s variability. That is, the inﬂuence of lake area on hs had
implications for the selection of a single representative, i.e., mean,
hs for a given lake buffer that overlooked potential within-buffer
variation in topography and terrain feature height. For lakes
surrounded by relatively ﬂat terrain, hs variability was likely negligible regardless of size, but on other lakes with prominent vegetation or built-up land cover, small differences on the order of a meter
could have had a signiﬁcant effect on estimated surface shear stress
(Markfort et al., 2010). Variability in hs had less of an impact on
very large lakes where wind sheltering was expected to be negligible. However, such large lakes may experience more variation in prevailing wind direction across the canopy and lake surface, which
would inﬂuence wind shear stress, though this was not examined
in the present study.

Fig. 9. Violin plots showing the variation of within-buffer hs standard deviation by lake
area quartile. Q1: 0.08 ha; Q2: 0.18 ha; Q3: 0.56 ha; Q4: 8.4 × 106 ha.
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3.3. Comparison of hs between remote sensing systems
GDEM2-derived hs were compared to SRTM- (Fig. 10a) and airborne
G-LiHT lidar-derived hs (Fig. 10b), as well as hc from the near-global,
1 km resolution canopy height map by Simard et al. (2011) (Fig. 10c).
For each comparison, a bootstrap procedure was used to calculate the
95% conﬁdence interval (CI) for RMSE. Overall, GDEM2 hs were poorly
correlated with other hs estimates. Of these, GDEM2 showed the best
correlation with SRTM (r2 = 0.137; RMSE = 3.88 m) while G-LiHT hs
and Simard hc correlate to GDEM2 hs slightly better than a random distribution (r2 = 0.066 and 0.013, respectively). The lack of correlation is
not a surprise given the considerable differences between the data.
Periods of imagery acquisition vary meaning that land cover type or
condition may vary between observations, each sensor has a unique
spatial registration (Jing et al., 2014; Miliaresis & Delikaraoglou, 2009;
Rawat, Mishra, Sehgal, Ahmed, & Tripathi, 2013; Van Niel, McVicar, Li,
Gallant, & Yang, 2008), spatial resolution (Ni et al., 2013), and is differently sensitive to land cover type and condition (Hagberg, Ulander, &
Askne, 1995; Sexton, Bax, Siqueira, Swenson, & Hensley, 2009).
Furthermore, elevation products were inferred from remotely
sensed data in distinct ways. GDEM2 is a photogrammetric product
where a given point's elevation is a function of spectral correspondence
between stereo imagery (Tachikawa, Kaku, et al., 2011b). SRTM is based
on interferometric synthetic aperture radar (InSAR), and a location's elevation corresponds to the elevation of the radar beam's “scattering
center” rather than the “absolute” height of a terrain feature; as
such, SRTM elevations are tightly correlated to vegetation type and
canopy density (Carabajal & Harding, 2006; Kellndorfer et al., 2004;
Miliaresis & Delikaraoglou, 2009). Both GDEM2 and SRTM had difﬁculty identifying elevations over stretches of ﬂat terrain such as
water bodies where potential points of correlation and radar backscatter are reduced (Nikolakopoulos, Kamaratakis, & Chrysoulakis,
2006). G-LiHT lidar data (Cook et al., 2013; gliht.gsfc.nasa.gov) had
2 m horizontal resolution and 11 mm vertical accuracy, collected multiple measurements of vegetation structure from a single pulse — the ﬁrst
of which corresponded to hc, and offered the most accurate hs measurements here, albeit over the smallest extent (75 lakes within an approximately 100 km2 study area). Simard hc is primarily based on spaceborne
ICESat GLAS lidar data, and corresponds to the tallest return height above
ground (Bolton et al., 2013; Sun, Ranson, Kimes, Blair, & Kovacs, 2008).
Despite GDEM2's overestimation of zlake relative to SRTM (Fig. 8),
there was little bias (−0.1 m) between GDEM2 and SRTM hs (Fig. 11).
Previous research found similarly correlated errors between GDEM2
and SRTM (Amans, Wu, & Ziggah, 2013; Hayakawa, Oguchi, & Lin,
2008) suggesting that GDEM2 and SRTM are prone to similar levels of
over- or underestimation. Since SRTM had a coarser resolution (90 m)

Fig. 11. Violin plots comparing the potential biases between GDEM2 hs and SRTM and
G-LiHT hs, and Simard hc.

than GDEM2 (30 m), SRTM effectively smoothed the combined topographic and canopy height signal over space, reducing the inﬂuence of
local hs extrema. While GDEM2 and SRTM showed low bias, GDEM2
tended to underestimate G-LiHT hs and Simard hc by approximately 7
and 13 m, respectively, for distinct reasons. High-resolution G-LiHT hs
responded to ﬁne-scale variation in canopy closure, topographic rise,
and, importantly, was not as susceptible to the “mixed pixel” conﬂation
of lake surface and lakeshore terrain elevations in a single measurement; this means that G-LiHT was more capable of capturing the actual
“top of canopy” height rather than the localized average. Simard hc, on
the other hand, only related hc and, therefore, did not incorporate the
contribution of topography, theoretically introducing an underestimation of hs. Further, a single Simard 1 km pixel may have covered an
entire lake as well as its 100 m buffer meaning that Simard hc data provided a regional estimate of hc rather than one speciﬁc to a lake and its
buffer.
3.4. Hydrologic model output comparison
In order to examine the utility of GDEM2 hs for estimating the wind
sheltering coefﬁcient (Wst) for lake modeling applications, we compared modeled water temperatures with observed temperatures from
569 Wisconsin lakes using lake-speciﬁc RMSE (°C) as our goodness of
ﬁt metric. A one-dimensional mechanistic hydrodynamic model, the
General Lake Model (GLM v1.2.0), was used for these simulations. Details
of the modeling approach can be found in Hipsey, Bruce, and Hamilton
(2013) or Read et al. (2014), but in brief, GLM is a hydrodynamic

Fig. 10. Comparison of GDEM2-derived mean hs with a) SRTM hs (RMSE 95% CI = 3.87–3.94), b) G-LiHT lidar hs (RMSE 95% CI = 9.42–12.83), and c) Simard hc (RMSE 95% CI = 14.33–
14.61).
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model that dynamically simulates the vertical distribution of lake water
temperature by accounting for ﬂuxes of mixing energy and heat,
e.g., incoming solar radiation. The wind sheltering coefﬁcient used in
the model was parameterized in two ways: ﬁrst, by using remote
sensing-derived (GDEM2 and SRTM) estimates of hs and lake area as
input into the Markfort et al. (2010) model, and, second, by using lake
surface area alone in the empirically-derived lake surface area-to-Wst relationship proposed by Hondzo and Stefan (1993). Neither G-LiHT nor
Simard data were considered since neither offered coverage at more
than three validation lakes. Thus, three different simulation types were
compared that differed only in the value used for each model's wind
sheltering coefﬁcient; hereafter, we refer to these simulation types as
hydroGDEM2, hydroSRTM, and hydroHondzo.
The 569 validation lakes had surface areas between 0.1 to 10 km2
and, being small to medium sized lakes, were expected to be the most
sensitive to wind sheltering (Markfort et al., 2010). Because Hondzo
and Stefan's (1993) wind sheltering model was calibrated using empirical data from forested lakes (these lakes covered the same size range
speciﬁed above), validation lakes were divided into two categories:
forest, where the dominant land cover in each lake buffer was forest
(n = 469), and other, where the dominant land cover in each lake buffer
was urban, agricultural, grassland, wetland, or water (n = 100; Fig. 3c).
Simulations spanned 1979 to 2011, and resulting temperature proﬁles
were compared with corresponding observational data collected during
this time period. Temporally-matched modeled and observed data were
used to calculate a RMSE value for each lake and for each of the three
simulation types (total of 1707 simulations). Any lakes with an RMSE
value above 3 °C for all three wind sheltering methods (n = 194)
were excluded from our ﬁnal evaluation, as these poor model ﬁts
were likely due to other biases or errors in the model parameters or
input data. After removing these errant lakes, the RMSEs resulting
from hydroGDEM2, hydroSRTM, and hydroHondzo were compared using
paired t-tests.
For forested lakes, there was no statistically signiﬁcant difference
between model quality for the three types of wind sheltering used
(Fig. 12). For other dominant land cover types, hydroGDEM2 and
hydroSRTM were both statistically signiﬁcant improvements over the
simpler hydroHondzo: hydroGDEM2 resulted in a 0.40 °C RMSE reduction
(p = 0.015; RMSE 95% CI = 0.043–0.767), while hydroSRTM had an average reduction of 0.43 °C RMSE (p = 0.002; RMSE 95% CI = 0.137–
0.717). A reduction in RMSE between 0.40 and 0.43 °C may sound

Fig. 12. Comparison of hydrodynamic model RMSE for lakes dominated by forest
(n = 315) and urban, agricultural, grassland, wetland, or water land cover (categorized
as “Other”; n = 60). Wind sheltering parameters for lake hydrodynamic models were calculated using lake surface area and hs (“GDEM2” and “SRTM”) following Markfort et al.
(2010), or lake surface area following Hondzo and Stefan (1993; “Hondzo”).

small but represents a decrease in overall modeling error by approximately 15%. There are many additional sources of modeling error that
cannot be improved by reﬁning estimates of sheltering height. For example, in a study where wind sheltering was used as a free parameter
to minimize individual lake RMSE, the typical lake RMSE was still
approximately 1.4 °C (Fang et al., 2012), which represents an upper
limit of modeling accuracy with perfect wind sheltering estimates.
Non-forested lakes with surface areas between 0.5 to 1.1 km2 had
the greatest improvement (compared to other size ranges) over
Hondzo and Stefan (1993) when the wind sheltering coefﬁcient was parameterized with GDEM2 or SRTM estimates of hs (0.72 °C and 0.68 °C
average improvement in RMSE, respectively; n = 17 lakes). These initial
results provided no evidence to suggest that remote sensing-derived estimates of hs improved lake models for forested lakes, indicating
hydroHondzo captures most of the important pattern in sheltering across
north temperate forested lakes. But these results indicate that for nonforested lakes, GDEM2 and, especially, SRTM-based hs estimates capture
variability that the Hondzo-based method does not and signiﬁcantly
improved lake water temperature simulations as a result. With water
temperature trends around 0.45 °C per decade (Schneider & Hook,
2010), the reductions in model error through integrating hs improve
our ability to understand, model, and predict lake-speciﬁc change and
climate response across large populations of lakes.
3.5. Limitations & future work
The methodology proposed here to use GDEM2 to estimate hs offers
many advantages over current practices as it is readily scalable, has
near-global coverage, and captures hs at small as well as large lakes.
However, GDEM2 source data are limited in that they are effectively a
composite of elevations from stereographic imagery acquired between
2000 and 2010, and are therefore not only out-of-date but may be
out-of-sync with complementary land cover or observational lake temperature data. Future studies should therefore consider using a land
cover classiﬁcation based on imagery that were concomitantly collected
with GDEM2 source imagery. GDEM2 is further limited by the spatial
misregistration between lake feature geometry data like the DNR
(2012) data considered here. Future studies could adopt lake feature geometry that conforms to water bodies depicted in the GDEM2 water
mask, or, following Areﬁ and Reinartz (2011), improve estimates of
zlake by correcting GDEM2 shoreline elevations. With better temporally
synchronized land cover, lake feature geometry, and hs data, the potential inﬂuence of land cover change on the lake energy budget could be
assessed and, for those lakes with elevation gauges, lake surface elevations could be dynamically updated and incorporated in hs assessments.
A 100 m buffer width was used across all lakes regardless lakeshore
topographic complexity or within-buffer canopy variability. Ideally, the
buffer width would respond to both of these factors such that the buffer
would only be wide enough to capture the canopy that immediate shelters the lake and nothing more, thus excluding sites of lower (and irrelevant) hs. Similarly, each land cover type within a given buffer would
ideally be assigned an indicator of surface roughness as this affects the
approaching turbulent boundary layer (Garratt, 1992).
The model for wind sheltering used in this work assumes that lakes
can be approximated as having a nearly round shape with a uniform
sheltering height around the lake perimeter. For lakes that do not
meet these criteria, either due to an elongated shape or non-uniform topographic or canopy heights along the shoreline, a wind directiondependent sheltering height may be considered. Alternatively, the
wind direction distribution may be employed to determine a wind
direction-weighted sheltering coefﬁcient. Moreover, the wind sheltering model employed here is speciﬁcally designed for one-dimensional
lake hydrodynamic models (e.g., Read et al., 2014). If variation in surface
wind shear is required for a multi-dimensional model (e.g. Dietrich
et al., 2011; Hodges, Imberger, Saggio, & Winters, 2000; Rueda, Vidal,
& Schladow, 2009), the variation in surface energy ﬂux with fetch
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(i.e., the length of water over which wind blows), presented in Markfort
et al. (2010) and Markfort et al. (2014), may be employed.
While GDEM2's spatial resolution provides coverage across a
breadth of lake and buffer sizes – offering the greatest coverage of any
system considered here – it is too coarse to capture sub-pixel forest canopy gaps or local topographic rise thereby precluding examination of
canopy texture's role on wind shear stress. The ever-expanding coverage by high-resolution airborne lidar systems like G-LiHT as well as
sub-meter resolution commercial satellite stereographic imagery
(e.g., IKONOS or the upcoming WorldView-3) offers an unprecedented
opportunity to generate canopy height models with exceptional vertical
accuracy (e.g., Neigh et al., 2014), or fuse GDEM2 with high-resolution topographic elevation data (Ni et al., 2013). Very high-resolution imagery
could further be used to map lake feature geometry at improved spatial
detail (e.g., Sawaya, Olmanson, Heinert, Brezonik, & Bauer, 2003).
4. Conclusion
Much work has been done to parameterize wind-driven surface dynamics on individual lakes for which in-situ observations are available,
but efforts to estimate temperature and mixing dynamics for large populations of lakes that would facilitate process-based estimates are largely nonexistent. The methodology proposed here offers a template for a
remote sensing-based estimate of sheltering height, hs, needed for estimating wind shear stress on lakes, which is a critical boundary condition
for understanding and modeling lake processes. Thirty meter resolution
ASTER GDEM2 data were used to estimate hs within 100 m-wide buffers
surrounding 76,303 Wisconsin lakes, and a hydrodynamic model
parameterized using these hs was applied across 375 lakes. GDEM2
hs were shown to improve modeled lake temperature RMSE in nonforested lakes by 0.72 °C, a marked improvement over standard
methods to estimate lake-level wind sheltering at non-forested lakes.
This study is valuable not only because of the improvement to modeled
lake temperatures it provided, but also for its support of interdisciplinary collaboration between terrestrial remote sensing and limnological
communities to address a problem central to understanding the function of lakes in globally relevant processes, including carbon cycling.
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