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ABSTRACT Canada lynx (Lynx canadensis) is a federally threatened species in the contiguous United
States. Within National Forests covered by the Northern Rockies Lynx Management Direction, Federal
land managers must consider the effect of management activities on Canada lynx habitat. A common
method to assess Canada lynx habitat used by the U.S. Forest Service is to measure horizontal cover using a
cover board. We used field measurements and airborne Light Detection and Ranging (LIDAR) metrics to
test beta regression models that predict estimates of horizontal cover on the Nez Perce–Clearwater National
Forest, Idaho, USA, 2009–2015. We also investigated the effect on model predictions when the cover
board was blocked by the main stem of a tree. Model fit statistics for normalized root mean square errors
(RMSE%) were 30.8–33.7% and pseudo‐R2 ranged from 0.64 to 0.71. Using independent validation data,
model performance statistics for RMSE% were 24.6–33.5% and R2 ranged from 0.51 to 0.69. We found
that removing cover board measurements where the main stem of a tree blocked >75% of the cover board
produced the best model statistics. These models can be applied across LIDAR extents resulting in maps of
horizontal cover estimates, which may be used in assessing effects of management activities on Canada lynx
habitat. © 2019 The Wildlife Society.
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Forest understories provide essential resources to numerous
wildlife species and are an important component in wildlife
habitat management. Understories provide hiding cover for
both predators and prey, a source of food, and thermal
protection (Moreno et al. 1996, Mysterud and Ostbye 1999,
Hagar 2007). Identifying and managing understory attrib-
utes are important considerations in managing wildlife
habitat (Smith and Long 1987, Martinuzzi et al. 2009). For
example, snowshoe hares (Lepus americanus) use dense un-
derstories as a food source and for cover and security from
predators; consequently, dense horizontal cover is an im-
portant determinant of snowshoe hare presence and abun-
dance (Hodges et al. 2009, Lewis et al. 2011, Berg et al.
2012, Ivan et al. 2014, Holbrook et al. 2017). Canada lynx
(Lynx canadensis) predominantly prey on snowshoe hares;
therefore, many management decisions made by the U.S.
Forest Service (USFS) focus on providing and maintaining

snowshoe hare habitat (Elton and Nicholson 1942,
Ruggiero et al. 1999).
In the United States, the Canada lynx was designated

federally threatened in 14 states based on inadequate regu-
latory mechanisms to conserve the species in federal land
management plans (U.S. Fish and Wildlife Service 2000).
Protection was extended to Canada lynx in the contiguous
United States in 2014 (U.S. Fish and Wildlife Service
2014). In the Rocky Mountains, >75% of the critical
Canada lynx habitat, as defined by the U.S. Fish and
Wildlife Service, is on land managed by the USFS. In
March 2007, 18 National Forest Plans were amended with
the Northern Rockies Lynx Management Direction
(NRLMD) Record of Decision, with the goal being to
provide specific management direction in project planning
and implementation designed to conserve Canada lynx and
its habitat (USDA Forest Service 2007). Standards and
guidelines for the conservation of Canada lynx and snow-
shoe hare are incorporated in the NRLMD, to ensure that
the USFS will plan projects within Canada lynx habitat in
ways that either benefit or avoid long‐term adverse effects to
the species or its habitat.
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Habitat suitability for Canada lynx on USFS land must
be determined within a proposed project area prior to
project implementation. In the Rocky Mountains, winter
Canada lynx habitat is limited and thus guides manage-
ment decisions. Prior to conducting vegetation manage-
ment activities in Canada lynx habitat within lynx analysis
units, assessment of horizontal cover at the project level is
necessary to determine if the forest stands proposed for
treatment are likely to provide foraging habitat for snow-
shoe hare, and thus provide Canada lynx habitat. The
NRLMD has standards that limit vegetation management
activities from reducing winter snowshoe hare habitat by
prohibiting most vegetation management in multistoried
mature and late successional forests (USDA Forest Service
2007). Standards also exist that prohibit precommercial
thinning in forests in the stand initiation structural stage in
Canada lynx habitat within lynx analysis units (USDA
Forest Service 2007).
A horizontal cover assessment is conducted to determine

whether multistory stands provide winter snowshoe hare
cover above a threshold value; however, it is not necessary
that the stands be measured in winter. If, in multistory
stands, the horizontal cover is ≥35% of measured hori-
zontal cover in winter surveys or 48% in summer surveys,
then the forest stands are considered winter hare foraging
habitat and, with a few exceptions, vegetation management
is prohibited in these multistoried stands (USDA Forest
Service 2007, Bertram and Claar 2009). Typically, these
cover assessments are done with on‐the‐ground surveys
using cover boards.
Cover boards (Nudds 1977) are routinely used to

measure the horizontal component of a forest understory
and have been used to assess Canada lynx (Squires et al.
2008) and snowshoe hare (Hodges et al. 2009) habitat in
addition to other species (e.g., Jones 1968). In the Rocky
Mountains, cover boards used in hare or lynx studies
typically measure 0.5 m × 2.0 m and are placed at 5–11.2 m
distances from the observer (Squires et al. 2008, 2010;
Cheng et al. 2010; Hodson et al. 2012). The proportion of
cover board obscured is either visually assessed in the field
or in the laboratory from photographs. The agent causing
the obstruction is not considered when assessing hori-
zontal cover. To obtain plot‐level estimates, multiple ob-
servations are taken, facing prespecified directions, and
horizontal cover is averaged across the plot. Prespecifying
directions reduces observation bias, but does not guarantee
that the observations are representative of the plot. Addi-
tionally, the plot‐based nature of cover board measure-
ments limits the spatial area where sampling realistically
can occur.
Predictive modeling employing remote‐sensing prod-

ucts may extend horizontal cover estimates to spatial
extents larger than what can be visited in the field to
conduct cover board measurements. Airborne LIDAR
(Light Detection and Ranging) might be well‐suited to
assist in predicting horizontal cover estimates (Kramer
et al. 2016, Campbell et al. 2018). Light Detection and
Ranging is an active remote‐sensing technology that uses

a laser to accurately sample the 3‐dimensional structure of
a forest. An aircraft equipped with a LIDAR unit emits a
laser pulse toward the ground and the laser reflection is
returned to a sensor on the aircraft. The time‐of‐flight of
the laser pulse, a global navigation satellite system
(GNSS; e.g., Global Positioning System), and inertial
measurement unit (which measures aircraft orientation)
work in tandem to accurately calculate the position of the
object causing the laser reflection. Light Detection and
Ranging returns are classified to determine what caused
the reflection—for example, ground, vegetation, or un-
known (ASPRS 2013). Classified LIDAR returns are
used to produce maps representing topography and var-
ious forest structure attributes. Products derived from
LIDAR products have been used in many aspects of
natural resource management, such as wildlife manage-
ment (Goetz et al. 2007), hydrology (Schmugge et al.
2002), and forest management (Dubayah and Drake
2000, Næsset 2002).
Use of LIDAR is appropriate to assist in modeling

horizontal cover because both LIDAR and cover boards
permit measurement of obstructions. Cover boards enable
measurements of obstructions in 2 dimensions (height and
width) at a specified distance from an observer, whereas
LIDAR measures the location of obstructions in x‐, y‐, and
z‐coordinates that characterize the 3‐dimensional structure
of the forest understory. Cover boards facilitate horizontal
cover measurements at specific locations (i.e., field plots),
whereas LIDAR is advantageous because it provides
3‐dimensional data at high spatial resolutions across large
spatial extents.
Resource management occurs at many spatial scales, from

the stand‐level to the forest‐level, and having horizontal
cover estimates across large spatial extents could allow re-
source managers to make more informed decisions re-
garding both wildlife and vegetation management activities.
Our goal was to create and evaluate a LIDAR‐based model
to estimate horizontal vegetation cover across large spatial
extents that could ultimately be used in wildlife habitat
management, with a specific focus on aiding the manage-
ment of the federally listed Canada lynx. Because the
placement of the cover board within a plot is typically
predetermined and not necessarily representative of the
plot conditions, we additionally tested to what extent tree
boles obscuring the cover board negatively affect model
performance.

STUDY AREA

This study was located on a portion of the Nez Perce–
Clearwater National Forests (NPCNF) in Idaho, USA
(Fig. 1). The NPCNF was classified as secondary
Canada lynx habitat and management activities were re-
quired to consider possible effects on Canada lynx or its
habitat as required by the Endangered Species Act of 1973
(U.S. Endangered Species Act of 1973, as amended), and
consistent with the NRLMD. As of 2016, the NPCNF
contracted LIDAR acquisitions for >482,000 ha, which
allowed for the testing of predictive modeling approaches
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for characterizing horizontal understory cover. The study
area was part of the Bitterroot Range of the Rocky
Mountains. Elevation ranged between 450 and 2,500 m.
The forest type was classified as mixed conifer primarily
composed of Douglas‐fir (Pseudotsuga menziesii), grand fir
(Abies grandis), and western redcedar (Thuja plicata) with
lesser components of ponderosa pine (Pinus ponderosa),
western larch (Larix occidentalis), Engelmann spruce (Picea
engelmannii), and mountain hemlock (Tsuga heterophylla).
Bracken fern (Pteridium aquilinum) and deciduous shrubs
were a major contributor to understory density; major
shrub species included alder (Alnus spp.), Rocky Mountain
maple (Acer glabrum), rusty menziesia (Menziesia
ferruginea), oceanspray (Holodiscus discolor), and common
snowberry (Symphoricarpos albus). The average annual
precipitation was approximately 77.9 cm with snow dom-
inating between November and March. Winter minimum

temperatures were −11.8° C while summer maximum
temperatures were 27.9° C (NOAA 2019).

METHODS

Cover Board Data
We used a cover board that consisted of a checkered pattern
of red and white squares, each measuring 0.25 m × 0.25 m.
The overall dimensions of the cover board were 0.5 m
wide × 2.0 m tall (Fig. 2). Standing at plot center, we took
digital photographs of a cover board placed at the edge of
the plot. We chose a plot size of 0.04 ha (radius= 11.3 m)
because this is the typical forest inventory plot size for the
region (USDA Forest Service 2018). We took 4 photo-
graphs of the cover board per plot, one facing each cardinal
direction. We scored these photographs by estimating the
percentage of cover board obscured at 0.5‐m height

Figure 1. Study area depicting the Nez Perce–Clearwater National Forest, Idaho, USA, and sample locations where understory horizontal‐cover models
were developed using cover board and Light Detection and Ranging (LIDAR) data for the period 2009–2015.
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increments (4 estimates/photo) and recorded as the mid-
point of a 10% cover class (modified from Nudds 1977). We
averaged these cover board values from the 4 cardinal di-
rections to obtain plot‐level horizontal‐cover estimates.
Additionally, we also recorded the item causing the ob-
struction as 1 of 5 classes (tree bole, branches, shrubs,
mixture, and other). To assess the influence of tree boles on
model results, we subsequently excluded photos when a tree
bole blocked >75%, 50%, and 25% of the cover board.
We collected cover board measurements from 41 fixed‐area

plots in the summer of 2015 for model construction. The
temperature while these data were being collected ranged be-
tween 15.6° C and 31.1° C and the study area received an
average of 3.2 cm of rain. We assigned plots following a
stratified random sampling design that crossed 3 levels of el-
evation, 3 levels of transformed aspect (Roberts and Cooper
1989), and 3 levels of LIDAR‐derived mean canopy height.
Sampling in this manner helped ensure that plots were placed
across a full range of biophysical conditions influencing forest
type and structure. Accurate plot locations are needed when
combining field measurements and LIDAR data; therefore,
we geolocated all plots using a Trimble TRx (Trimble,
Sunnyvale, CA, USA) GNSS receiver and differentially cor-
rected to an average horizontal precision <1m.
An additional 161 cover board plot measurements from a

preexisting data set were available for use in this study. These
plots measured 0.03 ha (10.0‐m radius) and were established in
2014 along a systematic grid with the intent to assess Canada

lynx habitat in a planned forest management project area. The
field crew geolocated these plots using a Trimble GNSS re-
ceiver that did not allow for differential correction. Trimble
reported the accuracy of these receivers was typically 1–3m
depending on canopy conditions and GNSS satellite config-
uration; these accuracies were less than ideal for being used as
training data in a LIDAR‐derived model; therefore, we re-
served them for model validation. The temperature while these
data were being collected ranged between 13.3° C and 29.4° C
and the study area received an average of 1.8 cm of rain during
the period when the coverboard data were collected.

Light Detection and Ranging Data Collection
The NPCNF collected LIDAR for operational management;
the cover board plots used as training data were located in
8 separate LIDAR acquisitions and validation data were from
a ninth acquisition (Table 1). Local weather records show the
temperatures ranged from −2.8° C to 33.9° C on the dates
these LIDAR data were collected. A few weather stations
recorded small amounts of rain (<1 cm) during this period;
however, LIDAR contracts generally prohibit data collection
during or immediately after rain events.
To prepare the raw LIDAR data for analysis, LIDAR

ground returns must first be separated from vegetation re-
turns. Ground returns were identified by the LIDAR
vendor, with the exception of the Clear Creek LIDAR unit
ground returns, which were classified with MCC‐LiDAR
(Evans and Hudak 2007). We rasterized ground returns to

Figure 2. Examples of cover board digital photographs collected for horizontal cover assessment, Nez Perce–Clearwater National Forest, Idaho, USA,
2015. The cover board was 11.3 m from the observer and each checkered square measured 0.25 m × 0.25 m. (A) Low cover (plot E01 North), (B) medium
cover (plot 09A West), (C) dense cover (plot 05A South), and (D) tree bole blocking the cover board (cover board is to the field technician’s left; plot 02R
East).

Table 1. Summary of Light Detection and Ranging (LIDAR) acquisitions and plot data used in developing cover board models for Nez Perce–Clearwater
National Forest, Idaho, USA, 2009–2015.

LIDAR collection Area (ha) LIDAR pulse density (1st returns/m2) LIDAR year No. plots Plot year

Clear Creek 17,335 4.5 2009 4a 2015
Crooked River 19,223 7.7 2012 5a 2015
Dutch Oven 3,106 17.7 2014 2a 2015
Lolo Creek–El Dorado Creek 21,314 7.7 2012 5a 2015
Powell 53,522 6.1 2011 13a 2015
Selway River–Elk Creek 64,988 7.7 2012 9a 2015
Twin Creek 5,206 4.7 2009 1a 2015
French Creek–North Fork 38,788 7.7 2012 161b 2014

a Plot(s) used in model construction.
b Plots used in model validation.
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create 1‐m‐resolution digital terrain models (DTMs). We
height‐normalized LIDAR returns by subtracting the
DTM from the LIDAR returns’ z‐value resulting in
height‐above‐ground for each LIDAR return. We extracted
height‐normalized LIDAR returns located within the fixed‐
area plots and used these to create numerous LIDAR
metrics that describe 3‐dimensional vegetation structure.
The possible number of metrics that could be computed is
excessive, so we calculated a set of metrics that were ex-
pected to relate to understory vegetation that would obscure
the cover board. The selected metrics focused on, but were
not limited to, LIDAR returns that were close to the
ground and included height metrics, strata metrics, canopy
relief ratio (McGaughey 2016), and LIDAR Age (Table 2;
Tables S1 and S2, available online in Supporting In-
formation). We calculated height metrics from all LIDAR
first returns >0.15 m above‐ground—this height cutoff
limits the metrics to vegetation returns. We calculated strata
metrics from subsets of LIDAR returns located within a
user‐specified height range above the ground. We choose to
calculate metrics for 4 strata: Stratum 0—LIDAR returns
close to the ground, Stratum 1—LIDAR returns in the
height range of the cover board, and Strata 2 and 3—
LIDAR returns directly above the cover board. Canopy
relief ratio represented surface texture. The final metric,
LIDAR Age, represented the number of years between
LIDAR collections and the field data. These 16 LIDAR
metrics were used as predictor variables for the candidate
models (Table 2). All LIDAR processing was done
using FUSION (FUSION Version 3.50, http://forsys.cfr.
washington.edu/fusion/fusion_overview.html, accessed 10
Jun 2016).

Horizontal Cover Models
We bound horizontal cover estimates between zero
(completely visible) and one (completely obscured), which

is an important consideration in selecting a modelling
technique. Beta regression is an extension of generalized
linear models (GLM) where the error distribution can be
described by the beta distribution, a 2‐parameter function
bound by 0 and 1 that can take on many shapes (Ferrari
and Cribari‐Neto 2004). A beta distribution is advanta-
geous in our case because the variance of horizontal cover
is expected to be nonnormal, especially near the extremes
(0 and 1). As with GLM, a link function relates the pre-
dictor variables to the response variable; several link
functions are available with beta regression, and we se-
lected the logit (Equation 1),

μ

− μ
= η = β∑⎜ ⎟

⎛

⎝

⎞

⎠
xlog

1
,e j j (1)

where η is a linear combination of predictor variables (xj)
and regression coefficients (βj). We obtained horizontal
cover predictions (μ) from the inverse of the logit function
(Equation 2).

μ =
(η)

+ (η)

exp

1 exp
(2)

We created beta regression models in R statistical soft-
ware (R Version 3.5.0, www.r‐project.org, accessed 19 Jun
2018) using the betareg package (Cribari‐Neto and Zeileis
2010, Grün et al. 2012). An important consideration in
selecting predictor variables is identifying multicollinear
predictor variables; removing these multicollinear variables
was therefore necessary to create an ecologically meaningful
model. Failure to remove multicollinear predictor variables
confounds the interpretation of the model coefficients
(Graham 2003). When 2 candidate predictor variables ex-
hibited a Spearman’s rank coefficient >|0.7|, the variable
that directly measured vegetation between 0.15 m and
2.0 m remained and we excluded the other from the list of
predictor variables. To ensure that no multicollinear vari-
ables remained, we calculated the variance inflation factor
(VIF) for the remaining candidate variables, ensuring the
VIF was <2. Only 41 observations were available for fitting
a model, so we only tested univariate and bivariate candi-
date models. Interaction terms in the bivariate models were
retained when found to be statistically significant
(P< 0.05). We selected the final models based on the
smallest corrected Akaike Information Criteria (AICc),
which is a bias‐corrected extension of the AIC suitable for
small sample sizes (Hurvich and Tsai 1989). We also
considered interaction terms for bivariate candidate models.
We constructed 4 beta regression models, which we named
according to the threshold used when selecting photos
blocked by tree boles: AT—all photos were used regardless
of whether a tree bole was blocking the cover board;
LT75—photos were excluded when a tree bole blocked
>75% of the cover board; LT50—photos were excluded
when a tree bole blocked >50% of the cover board;
and LT25—photos were excluded when a tree bole blocked
>25% of the cover board. Model AT represented the

Table 2. Description of candidate predictor variables considered when
constructing horizontal‐cover models for the Nez Perce–Clearwater
National Forest, Idaho, USA, 2009–2015. All Light Detection and
Ranging (LIDAR) heights were normalized and refer to height above
ground.

Name Description

H05 5th percentile of LIDAR heights
H25 25th percentile of LIDAR heights
H50 50th percentile of LIDAR heights
H75 75th percentile of LIDAR heights
H95 95th percentile of LIDAR heights
Hmean Mean LIDAR height
Hsd Standard deviation of LIDAR heights
Hsk Skewness of LIDAR heights
CCR Canopy relief ratio
Stratum 0 Prop Proportion of LIDAR returns <0.15 m
Stratum 1 Prop Proportion of LIDAR returns ≥0.15 m and<2.0 m
Stratum 1 Ku Kurtosis of LIDAR returns ≥0.15 m and <2.0 m
Stratum 1 Sk Skewness of LIDAR returns ≥0.15 m and <2.0 m
Stratum 2 Prop Proportion of LIDAR returns ≥2.0 m and <5.0 m
Stratum 3 Prop Proportion of LIDAR returns ≥5.0 m
LIDAR Age Years between LIDAR acquisition and field

measurements
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current cover board scoring procedure used by the USFS in
the Northern Region.
We assessed beta regression models with fit statistics in-

cluding pseudo‐R2 value, which is the square of the correlation
between η and the link function (Ferrari and Cribari‐Neto
2004), relative mean bias (MB%; Equation 3), and relative
root mean square error (RMSE%; Equation 4).

=
( − )

( )
×

∑
MB%

predictions observations

mean observations
100% (3)

=
( − )

( )

×

∑
RMSE%

predictions observations

mean observations

100%

n

1 2
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Likewise, we calculated performance statistics of R2,
MB%, and RMSE% when the final models were applied to
the validation data. Plots of predicted versus observed
horizontal‐cover estimates are also presented.

RESULTS

We constructed 4 horizontal cover models; each model
represented the effect of removing cover board photos
obscured by tree boles from the training data set. We
constructed all final models using 2 predictor variables;
interaction terms were not significant in the final models
(Table 3). The selected model AT, which did not exclude
cover board photos obscured by tree boles, was con-
structed from Stratum 2 Prop (Proportion of returns
≥2.0 m and <5.0 m) and LIDAR Age. The second‐
ranked candidate model AT was constructed from
Stratum 1 Prop (Proportion of returns ≥0.15 m and
<2.0 m) and Stratum 2 Prop. The practical difference
between these 2 AICc values was null (0.1). The 3 models
that excluded photos blocked by tree boles were con-
structed from Stratum 1 Prop and Stratum 2 Prop. Recall,
the cover board was 2.0 m tall and these strata LIDAR
metrics relate to the area in the plane of the cover board
and directly above (Table 2).
Scatter plots of predicted versus observed horizontal‐cover

measurements for both the training data and validation data
show similar spread around the 1‐to‐1 line among models
(Figs. 3, 4). With the exception of model AT, fit statistics
based on training data were similar to the performance
statistics calculated from the validation data (Figs. 3, 4).
The MB% for the training data were all slightly negative
(−0.4 to −0.8%), while the validation model MB% for AT
was −18.5% and the remaining 3 models were slightly
positive (2.2–3.6%; Fig. 3). The fit statistic RMSE% cal-
culated from the training data ranged between 30.8% and
33.7%, while the performance RMSE% calculated using the
validation data was substantially lower at 24.6–33.5%
(Fig. 4). Models that excluded photos blocked by tree boles
saw improved performance statistics compared with model
AT, providing justification to remove photos that were not
representative of the plot.

Beta regression model parameters are interpreted as odds
ratio; therefore, the effect of a new measurement on hori-
zontal cover can be explored for a given predictor variable
(Table 4). For example, consider the Stratum 1 Prop co-
efficient for LT75, which was 2.85. Holding all else con-
stant, a 0.10 increase in Stratum 1 Prop results in a 1.329
times increase [exp(2.85 × 0.10) = 1.329] in the odds ratio
(i.e., µ*/(1 − µ*)/µ/(1 − µ), where µ is the original pre-
diction and µ* is the new prediction).

DISCUSSION

We demonstrated that LIDAR‐based models can predict
horizontal cover, similar to traditional cover boards, with the
benefit of making predictions across spatial extents much
larger than are typically surveyed with field measurements.
Final models performed well (e.g., RMSE% of 30.8–33.7%)
and an independent validation data set confirmed these results
(e.g., RMSE% of 24.6–33.5%).

Model Development
We demonstrated that excluding cover board photos where
the tree bole was responsible for the obstruction resulted in
improved model results. Horizontal cover estimates calcu-
lated by averaging cover board estimates from 4 photos

Table 3. Corrected Akaike Information Criterion (AICc) for univariate,
bivariate, and global beta regression models used to predict understory
cover on the Nez Perce–Clearwater National Forest, Idaho, USA,
2009–2015. Global model was constructed from H05, Stratum 0 Prop,
Stratum 1 Prop, Stratum 1 Sk, Stratum 2 Prop, and Light Detection and
Ranging (LIDAR) Age. Models with the minimum AICc values were
selected.

AICc

Predictor variables AT LT75 LT50 LT25

H05a −7.8 −9.4 −7.7 −6.8
Stratum 0 Propb 1.4 2.5 3.5 4.1
Stratum 1 Propc −17.8 −21.3 −20.6 −18.7
Stratum 1 Skd −3.9 −2.9 −2.2 −1.7
Stratum 2 Prope −28.3 −33.6 −31.3 −29.4
LIDAR Agef −2.1 −0.3 1.0 1.4
H05 Stratum 0 Prop −5.6 −7.2 −5.5 −4.7
H05 Stratum 1 Prop −17.1 −21.8 −20.6 −18.7
H05 Stratum 1 Sk −6.6 −8.0 −6.5 −5.7
H05 Stratum 2 Prop −26.6 −33.0 −30.4 −28.4
H05 LIDAR Age −7.4 −8.6 −6.6 −5.7
Stratum 0 Prop Stratum 1 Prop −16.9 −20.6 −20.1 −18.5
Stratum 0 Prop Stratum 1 Sk −2.1 −1.5 −0.7 0.0
Stratum 0 Prop Stratum 2 Prop −26.1 −31.7 −29.2 −27.2
Stratum 0 Prop LIDAR Age −0.1 1.4 2.8 3.4
Stratum 1 Prop Stratum 1 Sk −21.3 −25.9 −25.6 −23.5
Stratum 1 Prop Stratum 2 Prop −31.8 −40.6g −38.7g −35.8g

Stratum 1 Prop LIDAR Age −18.6 −21.7 −20.5 −18.6
Stratum 1 Sk Stratum 2 Prop −26.1 −31.4 −29.2 −27.4
Stratum 1 Sk LIDAR Age −3.9 −2.4 −1.4 −0.9
Stratum 2 Prop LIDAR Age −31.9g −31.9 −34.0 −32.0
Global −26.8 −35.9 −33.7 −32.8

a H05: 5th percentile of LIDAR heights.
b Stratum 0 Prop: Proportion of LIDAR returns <0.15 m.
c Stratum 1 Prop: Proportion of LIDAR returns ≥0.15 m and <2.0 m.
d Stratum 1 Sk: Skewness of LIDAR returns ≥0.15 m and <2.0 m.
e Stratum 2 Prop: Proportion of LIDAR returns ≥2.0 m and <5.0 m.
f LIDAR Age: Years between LIDAR acquisition and field measurements.
g Selected model.
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partially ameliorates these unrepresentative measurements.
Campbell et al. (2018) also noted that a single tree bole
could obscure a cover board; however, in that study 25
photos of a single cover board were taken along a grid,
whereas in this study only one photograph was taken per
cover board. We found that excluding photos where a tree
bole obscured ≥75% of the cover board improved the model
fit and performance statistics. This modification to the cover
board scoring procedure can be done in the laboratory and is
not expected to increase the time to score the photo. An in‐
field alternative could be to shift the cover board location by
45° (e.g., from north to northeast), but this would require
the field crew to visit more locations in the field, potentially
bias the measurements, and not guarantee a new location
would not be blocked by a new tree bole.

Model Application
We created a statistical model by combining geolocated
field data and plot‐level LIDAR data. Light Detection and
Ranging data are collected across large spatial extents and
can be processed to generate maps of gridded metrics across
the entire LIDAR extent. These maps are typically created
at 20‐m or 30‐m resolution. The LIDAR‐based prediction

models can be applied to gridded LIDAR metrics resulting
in horizontal cover maps spanning the entire LIDAR col-
lection (Fig. 5).
Predictive modeling of horizontal cover using LIDAR

measurements could provide an assessment of horizontal
cover without the need to field‐evaluate all multistoried
stands within mapped Canada lynx habitat. Analysis of
horizontal cover using LIDAR could provide better in-
formed sample locations, thus expanding the area of land
being more efficiently sampled by focusing limited
resources. It would also allow assessment of horizontal
cover at a much larger spatial scale. Maps depicting
LIDAR‐modeled horizontal‐cover estimates could de-
crease the time and increase the accuracy in evaluating
winter snowshoe hare foraging habitat for project‐level
analyses, which are required to determine the effects of
various vegetation management activities on Canada lynx
habitat. Additionally, maps of horizontal cover across an
entire project area could aid adaptive project planning,
allowing patches of varying habitat quality to be identified
and assigned appropriate prescriptions.
Horizontal cover is just one component determining Canada

lynx habitat, yet remote‐sensing products can be used to

Figure 3. Relationship between predicted and observed horizontal‐cover estimates based on training data collected on the Nez Perce–Clearwater National
Forest, Idaho, USA, 2009–2015. (A) Model AT, (B) model LT75, (C) model LT50, and (D) model LT25. Model fit statistics included pseudo‐R2, mean
bias (MB), and root mean square error (RMSE).
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identify other habitat features. Other components of Canada
lynx habitat include forest structural stage, vegetation species
present, and snow depth. Light Detection and Ranging met-
rics and field data have been used to create structural stage
models with class accuracies of 87–94% and Cohen’s Kappa
values of 0.85–0.93 (Falkowski et al. 2009). Holbrook et al.

(2017) found a species‐specific association between snowshoe
hares and abundance of lodgepole pine (Pinus contorta). Other
components of habitat selected by Canada lynx in the winter
include mature, multilayered forests with Engelmann spruce
and subalpine fir (Abies lasiocarpa) in the midstory and over-
story (Holbrook et al. 2017). Tree species identification from

Figure 4. Relationship between predicted and observed horizontal‐cover estimates based on validation data, Nez Perce–Clearwater National Forest, Idaho,
USA, 2009–2015. (A) Model AT, (B) model LT75, (C) model LT50, and (D) model LT25. Model performance statistics included pseudo‐R2, mean bias
(MB), and root mean square error (RMSE).

Table 4. Beta regression model parameters used to predict horizontal cover on the Nez Perce–Clearwater National Forest, Idaho, USA, 2009–2015.
LIDAR is Light Detection and Ranging.

Model Regression coeff. Parameter Estimate SE z‐value Pr(>|z|)

AT β0 Intercept −1.63 0.40 −4.12 0.000
β1 Stratum 2 Propa 11.28 1.85 6.08 0.000
β2 LIDAR Ageb 0.25 0.10 2.57 0.010

LT75 β0 Intercept −1.17 0.17 −7.01 0.000
β1 Stratum 1 Propc 2.85 0.88 3.23 0.001
β2 Stratum 2 Prop 10.20 1.98 5.16 0.000

LT50 β0 Intercept −1.24 0.17 −7.14 0.000
β1 Stratum 1 Prop 3.04 0.92 3.31 0.001
β2 Stratum 2 Prop 10.16 2.03 5.00 0.000

LT25 β0 Intercept −1.24 0.18 −6.85 0.000
β1 Stratum 1 Prop 2.96 0.95 3.11 0.002
β2 Stratum 2 Prop 10.17 2.09 4.86 0.000

a Stratum 2 Prop: Proportion of LIDAR returns ≥2.0 m and <5.0 m.
b LIDAR Age: Years between LIDAR acquisition and field measurements.
c Stratum 1 Prop: Proportion of LIDAR returns ≥0.15 m and <2.0 m.
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LIDAR data alone are often difficult and improved by the
addition of aerial imagery (e.g., Holmgren et al. 2008) or
satellite imagery (e.g., Nordkvist et al. 2012). Holbrook et al.
(2017) used field data, remotely sensed topographic, and
Landsat imagery to construct predictive models and map
snowshoe hare occupancy and intensity of use across northwest
Montana, USA. Incorporating LIDAR‐based horizontal‐
cover metrics into a similar modeling framework may further
improve the quality of such comprehensive models, ultimately
building a more complete picture of Canada lynx habitat.

Forest Dynamics
It should be noted that horizontal cover is not static, but
changes on intra‐ and interannual time scales. Indeed, it
has been recommended that summer and winter meas-
urements have different acceptable horizontal‐cover limits
for Canada lynx habitat (Bertram and Claar 2009). Con-
sequently, the timing of data collection must be consid-
ered. Our field plots were measured in summer, reducing
intraseasonal mismatch between LIDAR data and cover
board measurements. Light Detection and Ranging data
are collected over a short period of time, usually a few days;
therefore, those LIDAR data only represent the vegetation

during that time period. On an intra‐annual scale, decid-
uous shrubs alter between a leaf‐on and leaf‐off state,
which can greatly affect horizontal cover. Light Detection
and Ranging on the NPCNF was collected in snow‐off
periods, when deciduous shrubs have leaves and understory
shrubs will reflect a larger proportion of LIDAR returns.
Combining LIDAR collected in leaf‐on and leaf‐off states
is not advised when modeling understory horizontal cover
because many understory shrubs in these coniferous forests
are deciduous. Likewise, winter and summer cover board
measurements should not be mixed.
Habitat selected by Canada lynx also changes between winter

and summer. In winter, Squires et al. (2010) found Canada
lynx are more likely to be found in multistory forests where
conifer branches contributed the most to high horizontal‐cover
density. In summer, Canada lynx select forests with high
horizontal cover characterized by abundant shrubs, small di-
ameter trees, and dense saplings (Squires et al. 2010). The
current cover board scoring procedure used by the USFS in the
Northern Region does not record the object that is providing
the cover, but doing so could help distinguish between selected
winter and summer Canada lynx habitat in addition to iden-
tifying photos blocked by tree boles.

Figure 5. Example of predicted horizontal‐cover maps created by applying model LT75 to the Lolo Creek–El Dorado Light Detection and Ranging unit
collected in 2012 on the Nez Perce–Clearwater National Forest, Idaho, USA. Corresponding aerial images are included for reference. (A) Aerial image and
(B) predicted horizontal cover showing landscape‐level patterns. (C) aerial image, and (D) predicted horizontal cover showing stand‐level patterns.
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On longer timescales, horizontal cover will change as a result
of forest succession. The trajectory of a forest stand depends on
the initial stand conditions along with natural events and
management activities. In the Rocky Mountains, wildland fire
is a predominant natural driver of forest development, while
humans influence stand development through silvicultural ac-
tivities such as thinnings and harvests (Arno 1980, Cooper
et al. 1991). The USFS restricts certain silvicultural activities,
such as precommercial thinning in the stand initiation struc-
tural stage, if doing so reduces winter snowshoe hare habitat
(USDA Forest Service 2007). These decisions effectively
maintain horizontal cover and increase the duration that a
stand will be potential snowshoe hare habitat. Under certain
scenarios, snowshoe hare densities can increase after prescribed
burning in lodgepole pine stands (Cheng et al. 2010). Young,
dense lodgepole pine offer high horizontal cover for snowshoe
hares, although these forests make poor denning habitat for
Canada lynx (Squires et al. 2008).

Light Detection and Ranging Cost Considerations
A major constraint of implementing a LIDAR‐based esti-
mate of horizontal cover is acquiring the LIDAR data. We
were fortunate to have access to existing LIDAR data sets to
test our study objectives. The cost to acquire new LIDAR
data is affected by numerous factors including mobilization
cost, topography, area flown, and collection parameters such
as pulse density. Every LIDAR acquisition is unique;
therefore, few published data on the cost of LIDAR data
exist. Hummel et al. (2011) compared the cost of acquiring
forest inventory data (e.g., basal area) using a LIDAR‐
modeling approach and traditional field‐based approach and
found the 2 strategies comparable in cost and accuracy.
Hummel et al. (2011) reported that 2007 LIDAR cost
US$42,700 for 12,800 ha (US$3.34/ha); however, LIDAR
technology has improved and cost has decreased. Recent
cost estimates for LIDAR located in the vicinity of our
study area ranged from US$1.25/ha to US$2.75/ha de-
pending on project‐specific factors.
Light Detection and Ranging is used to meet multiple objects,

like creating a high‐quality DTM for flood plain mapping;
therefore, cost‐sharing opportunities arise within or among ex-
ternal agencies, such as Federal Emergency Management
Agency or U.S. Geological Survey. Additionally, scenarios may
arise where resource managers have the opportunity to partially
fund a planned LIDAR collection to increase the LIDAR
quality level (e.g., increasing the pulse density).

MANAGEMENT IMPLICATIONS

In the Rocky Mountains, identifying Canada lynx habitat is a
complex process, required by law, and a horizontal cover
model can be an important component. This research dem-
onstrates the ability of LIDAR‐based models to predict
horizontal cover estimates useful for wildlife management.
Light Detection and Ranging is collected across large spatial
extents, so maps of horizontal estimates can be produced,
which can assist in Canada lynx management along with
other species. Maps could be used to identify areas of quality
habitat or assist in determining field sampling intensity,

reducing time and effort in the field. Light Detection and
Ranging–derived horizontal‐cover maps are not meant to
totally replace field sampling, but can provide managers in-
formation to better identify potential snowshoe hare habitat
at a greater spatial scale and provide guidance when selecting
field sampling locations. Doing so may allow managers to
sample larger areas by identifying forest stands that do not
need to be sampled. In addition, analysis of horizontal cover
using LIDAR has applicability beyond Canada lynx con-
servation because snowshoe hares are prey for other predators
in the forests of North America (Krebs et al. 1995).
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SUPPORTING INFORMATION

Additional supporting material may be found in the online
version of this article at the publisher’s web‐site. Files
contain the field measurements used to create the horizontal
cover models (Table S1) and validate the models (Table S2).
The files are in CSV format, which allows for easy reading
by common statistical software. Descriptions of the pre-
dictor variables can be found in Table 2 of the manuscript,
and reprinted in the supplemental docx file.
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Additional File 1: Additional Figures and Table 

Table S1 – Median current and future MAT and MAP values for the national forests in this study.  

Figure S1 – Map of mean annual temperature (MAT) and predicted changes in MAT across the Pacific 

Northwest USA.  

Figure S2 – Map of mean annual Precipitation (MAP) and predicted changes in MAP across the Pacific 

Northwest USA.  

Figure 3S – Simulated results of basal area proportions for select tree species on the Ochoco National 

Forest.  

Figure 4S – Simulated results of basal area proportions for select tree species on the Gifford Pinchot 

National Forest.  

Figure 5S – Simulated results of basal area proportions for select tree species on the Siuslaw National 

Forest.  

Figure S6 – Current and future estimates of plot-level basal area distribution simulated using different 

levels of the dClim rule on the Ochoco National Forest. 

Figure S7 – Current and future estimates of plot-level basal area distribution simulated using different 

levels of the dClim rule on the Gifford Pinchot National Forest. 

Figure S8 – Current and future estimates of plot-level basal area distribution simulated using different 

levels of the dClim rule on the Siuslaw National Forest.  



Table S1. Climate normals for year 1990 and projected climate mean annual temperature and mean 

annual precipitation for years 2030, 2060, and 2090. Data summaries calculated as the median of 1 arc 

minute rasters returned by the Climate-FVS server [1] using the Ensemble 6.0 climate scenario. 

 MAT (°C) MAP (mm) 
 Year    Year    
National Forest 1990 2030 2060 2090 1990 2030 2060 2090 

Payette NF 2.6 4.1 5.2 6.6 757 766 765 806 
Ochoco NF 5.9 7.2 8.3 9.6 406 406 369 417 
Gifford Pinchot NF 5.7 7.0 8.1 9.3 2146 2163 2164 2267 
Siuslaw NF 10.4 11.4 12.3 13.3 2222 2192 2187 2288 

Note: MAT – mean annual temperature 
MAP – Mean annual total precipitation 
  



 

Figure S1. Mean annual temperature (MAT) in °C for (A) northwestern USA in year 1990, and (B) 

estimated change in MAT used by Climate-FVS under the Ensemble 6.0 climate scenario for years 

between 1990 and 2030, (C) between 1990 and 2060, and (D) between 1990 and 2090 used by the 

future climate scenario Ensemble 6.0. Data downloaded from the Climate-FVS server [1].  



 

Figure S2. Mean annual precipitation (MAP) in mm for (A) northwestern USA in year 1990, and (B) 

estimated change in MAP used by Climate-FVS under the Ensemble 6.0 climate scenario for years 

between 1990 and 2030, (C) between 1990 and 2060, and (D) between 1990 and 2090 used by the 

future climate scenario Ensemble 6.0. Data downloaded from the Climate-FVS server [1].  



 

Figure S3: Basal area proportions for select tree species on the Ochoco National Forest simulated with 

the base disturbance level and: (A) no climate change, (B) dClim Off, (C) dClim 2.0, (D) dClim 1.0 (default 

setting), and (E) dClim 0.5.  



 

Figure S4: Basal area proportions for select tree species on the Gifford Pinchot National Forest simulated 

with the base disturbance level and: (A) no climate change, (B) dClim Off, (C) dClim 2.0, (D) dClim 1.0 

(default setting), and (E) dClim 0.5.  



 

Figure S5: Basal area proportions for select tree species on the Siuslaw National Forest simulated with 

the base disturbance level and: (A) no climate change, (B) dClim Off, (E) dClim 2.0, (D) dClim 1.0 (default 

setting), and (E) dClim 0.5.  



 

Figure S6: Ochoco National Forest plot-level basal area distribution simulated using the base disturbance 

level for (A) current conditions (year=2016); (B) future conditions under no climate change (year=2116); 

(C) future conditions under dClim 2.0 (year=2116); (D) future conditions under dClim Off (year=2116); (E) 

future conditions under dClim 1.0 (year=2116); (F) future conditions under dClim 0.5 (year=2116).  



 

Figure S7: Gifford Pinchot National Forest plot-level basal area distribution simulated using the base 

disturbance level for (A) current conditions (year=2016); (B) future conditions under no climate change 

(year=2116); (C) future conditions under dClim 2.0 (year=2116); (D) future conditions under dClim Off 

(year=2116); (E) future conditions under dClim 1.0 (year=2116); (F) future conditions under dClim 0.5 

(year=2116).  



 

Figure S8: Siuslaw National Forest plot-level basal area distribution simulated using the base disturbance 

level for (A) current conditions (year=2016); (B) future conditions under no climate change (year=2116); 

(C) future conditions under dClim 2.0 (year=2116); (D) future conditions under dClim Off (year=2116); (E) 

future conditions under dClim 1.0 (year=2116); (F) future conditions under dClim 0.5 (year=2116).  
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