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Airborne lidar and coincident field data have been used to estimate forest attributes across
individual lidar extents, where forest measurements are collected using project-specific inven-
tory designs. This research explores predicting forest attributes at locations not represented
in the training data by combining lidar and field measurements from ecologically similar for-
ests. Using field measurements from six lidar units, random forests regression models were
created by systematically withholding forest inventory data from one lidar unit and using the
forest inventory data from the other five units to predict basal area and stem density at the
withheld unit. Results indicate that BA models produce more accurate predictions than stem
density models when transferred to a lidar unit that did not contain field data. Relative root
mean square errors calculated from the withheld field plots ranged between 32.3%-50.1%
for BA and 40.7%-67.3% for stem density models. It is concluded that forest managers may
use predictive models constructed from ecologically similar forests to obtain a preliminary
estimate of resources, until local field measurement can be obtained.

RESUME

Un ensemble disparate de collections de données lidar se développe rapidement aux Etats-
Unis, souvent acquises avec des objectifs et des parametres différents et sans données de ter-
rains relatives aux inventaires forestiers. Des données de terrain concomitantes sont utilisées
pour estimer des attributs forestiers au sein d'étendues de lidar aéroporté individuelles, pour
lesquelles les mesures d'intérét correspondent a des modeles d’inventaires déterminés. En
combinant des mesures de terrain et de lidar provenant de foréts écologiquement similaires,
cette étude examine la prédiction d'attributs forestiers a des endroits ou des données
d’entrainement sont absentes. En utilisant des mesures de terrain, des modeles de régression
produits par des foréts d'arbres décisionnels ont été créés pour six unités de lidar. Un procédé
systématique a été suivi par lequel les données de chaque unité sont retenues et la surface
terriere et densité des tiges de cette unité sont ensuite estimés avec les données des cing
unités restantes. Les résultats indiquent que les estimations de surface terriere sont plus
robustes que pour la densité de tiges lorsque les modeles sont transférés a une unité de lidar
pour laquelle les données de terrain sont absents. Les erreurs quadratiques moyennes rela-
tives calculées pour les échantillons retenus sont entre 32.3 % et 50.1 % pour les modéles de
surface terriere et entre 40.7 % et 67.3 % pour la densité des tiges. Nous concluons que,
jusqu’a ce que des mesures de terrain locales puissent étre acquises, il est possible d’obtenir
des estimations préliminaires de ressources forestieres en utilisant des modeles prédictifs con-
struits a partir d’échantillons de foréts écologiquement similaires.

Introduction
(Maltamo et al. 2014) such as predicting timber volume

Airborne light detection and ranging (lidar) is widely =~ (White et al. 2014), identifying forest structure charac-
used in forest management to meet various objectives teristics important for wildlife habitat (Martinuzzi et al.
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2009), and using high resolution lidar-derived digital
terrain models (DTM) to locate forest roads (Aruga
et al. 2005). As more lidar data are being acquired, a
patchwork of disjunct datasets is developing across
regional extents. In the United States, contiguous
county and state-level lidar collections exist, although
the motivation for large-scale collections is typically the
development of high-resolution digital terrain models
(DTMs), rather than characterizing forest vegetation (e.g.,
3DEP 2016; MNGeo 2015). Field measurements describ-
ing vegetation are not typically collected when the lidar
are acquired for non-forestry related objectives. However,
forest managers typically establish inventory plots to pro-
vide training data for predictive models when lidar collec-
tions are motivated by forest management needs. To
provide the most benefit, coincident plot-level field data
are collected as temporally close to the lidar acquisition as
possible (White et al. 2013; Eskelson et al. 2009).
Although forest type and stand age will affect the ability
to use non-temporally coincident data, field plots meas-
ured up to 5 years before the lidar collection have been
used (Zald et al. 2014). Leveraging temporally appropriate
inventory measurements and lidar data in ecologically
similar areas may facilitate the prediction of forest inven-
tory attributes to lidar collections that contain little or no
local forest inventory measurements, thus transferring an
existing predictive model to a new spatial location.
Managers need up-to-date information characteriz-
ing forest resources, such as basal area and stem dens-
ity, to support both operational and long-term
planning. Predictive modeling using lidar can provide
resource estimates across large spatial extents (Neesset
2004) while repeat lidar collections allow the character-
ization of resource change (Hudak et al. 2012). Lidar
data, in conjunction with coincident field data, have
been used in predictive modeling of forest inventory
attributes with success (e.g., Nesset 2002; R* 0.80-0.93
for volume). Several studies have predicted forest
attributes solely from disjunct lidar collections (Lefsky
et al. 2002; Hudak et al. 2006; Nasset 2007). For
example, Nesset (2007) constructed linear regression
models to predict six forest inventory metrics by com-
bining two lidar acquisitions, with similar collection
parameters, that were 50km apart in Norway and
achieved excellent results (e.g., R* for volume ranged
between 84% and 89%). Across a larger spatial extent,
Lefsky et al. (2002) built a regression model to predict
aboveground biomass across three North American
biomes and achieved an R® of 0.84. Using full wave-
form lidar data and aerial imagery, Latifi and Koch
(2012) created imputation models to predict forest
attributes using various combinations of local and
non-local data. They found that models built

exclusively from non-local data resulted in the largest
relative errors, but adding a portion of the withheld
data substantially decreased the error. While the previ-
ous studies discussed spatially transferring models,
Fekety et al. (2015) demonstrated the feasibility of
temporally transferring lidar-based basal area imput-
ation models and achieved satisfactory results (e.g.,
R*=0.78-0.79). Combining spatially and temporally
disjunct lidar data in a statistical modeling framework
could allow for the creation of prediction models to
estimate forest inventory data to newly acquired lidar
collections, ultimately providing a first pass estimate of
forest resources.

The overarching goal of this research is to create
predictive models by combining spatially and tempor-
ally disjunct lidar and field data and evaluating per-
formance when the model is transferred to locations
where lidar data exist, but do not have ground truth
measurements. We hypothesized transferring models to
unsampled, yet ecologically similar, forests will produce
predictions that are statistically equivalent to ground
truthed values. To achieve this goal, we leverage a data-
base consisting of six independently collected field
datasets and six spatially and temporally disjunct lidar
collections throughout northern Idaho. A series of
models were created by systematically withholding field
data from one lidar unit and treating the withheld data
as a validation dataset. This procedure may provide
resource managers with acceptable estimates of forest
attributes at locations that do not have local field data.

Methods and materials
Study area

The study area for this project is the Inland
Northwest region of the Northern Rocky Mountain
ecoregion (Figure 1). Forests in the Inland Northwest
are mixed conifer with Douglas-fir (Pseudotsuga men-
ziesii (Mirb.) Franco), grand fir (Abies grandis
(Douglas ex D. Don) Lindl.), western redcedar (Thuja
plicata Donn ex D. Don), and western hemlock
(Tsuga heterophylla (Raf.) Sarg.) as the primary climax
species (Cooper et al. 1991). The region is occupied
by primarily north-south mountain ranges separated
by intermontane valleys (Taylor 2012). The study area
encompasses elevations between 650 m and 2000 m
(mean 1090m) and slopes up to 65% (mean 33%).
Geology is a mixture of the sedimentary Belt
Supergroup and Idaho Batholith granitics (Cooper
et al. 1991); local ash caps deposited by the Mount
Mazama eruption (¢.5700 BcE) created localized pock-
ets of highly productive forests (Kimsey et al. 2008).



Climate is moderated by the maritime influences of
the Pacific Ocean. Precipitation is greater at higher
elevations, caused by orographic lifting, with the
majority of precipitation occurring in the winter.

This study focuses on six locations distributed
throughout northern Idaho that have associated field
and lidar measurements. Priest River Experimental
Forest (PREF) is a 2,758ha forest managed by the
U.S. Forest Service, Rocky Mountain Research Station,
located approximately 18 km north of Priest River, ID
and noted for its diverse mixed conifer forest. The
12,948 ha Fernan lidar extent covers the Fernan, Blue
Creek, and Wolf Lodge watersheds, which drain into
the north end of Lake Coeur d’Alene. Sixty-six per-
cent of the Fernan extent is private land consisting of
private industrial forest, agricultural, and wildland
urban interface, while the remaining 34% is public
forest primarily managed by the U.S. Forest Service as
part of the Coeur d’Alene Ranger District of the
Idaho Panhandle National Forests. The Tepee Potter
lidar unit covers 11,737 ha and is also managed by the
Idaho Panhandle National Forests and is 39km east
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Figure 1. Location of project areas within Inland Northwest.

Table 1. Field data collection parameters.

CANADIAN JOURNAL OF REMOTE SENSING . 133

19,889 ha study area located 18 km from Moscow, ID is
primarily private industrial forests (43%) with inhold-
ings of private non-industrial forests (39%) and state
lands (18%). The St. Joe project area (Figure 1) is
55,723 ha managed mainly by private timber companies
(62%) and the Idaho Panhandle National Forests
(38%). The 10,864 ha area referred to as Upper Lolo is
managed by the Nez Perce-Clearwater National Forests
and is located 38 km northwest of Kooskia, ID.

Field plot data

Six independent field data collection exercises were per-
formed within the six lidar extents and sampling con-
cluded within a year of the respective lidar collection.
The field data were collected for various reasons and
therefore differ in sampling design and data collection
protocols. At a minimum, all study designs called for a
complete inventory of live and standing dead trees with
a diameter breast height (DBH) greater than 12.7 cm to
be measured within the plots. Measurement protocols
for smaller trees varied among inventory designs and
were excluded from these analyses. All field plots were
geolocated with a Trimble (Sunnyvale, CA, USA) global
navigation satellite system (GNSS) and differentially
corrected using local base stations. In total, 360 field
plots throughout the Inland Northwest were used in
this study (Table 1). Field plot locations were located
following stratified random designs, which were specific
to each data collection exercise. The landscape stratifi-
cation for field plots located on the Coeur d’Alene
River District (herein referred to as CdA) data require
further explanation because the stratified random
design considered both the Fernan and Tepee Potter
lidar units. Consequently, for this study, the field meas-
urements were separated into two datasets based on
their coincident lidar unit; CdA-East plots (n=24)
were located in the Tepee Potter lidar unit while the
CdA-West plots (n=10) were located in the Fernan
lidar unit. The CdA-East plots were combined with the
Tepee Potter plots for model construction.

Field dataset n Year Lidar unit Plot Area (m?) Plot design Sampling design

CdA-East 24 2015 Tepee Potter 400 Fixed radius Stratified by elevation, transformed aspect, and wetness
CdA-West 10 2015 Fernan 400 Fixed radius Stratified by elevation, transformed aspect, and wetness
Moscow Mtn. 85 2009 Moscow Mtn. 400 Fixed radius Stratified by elevation, solar insolation, and NDVIc

PREF 96 2011 PREF 400 Fixed radius Stratified by forest type and canopy cover

St. Joe 79 2003-2004 St. Joe 400 Fixed radius Stratified by elevation and solar insolation

Tepee Potter 39 2014 Tepee Potter 400 Fixed radius Stratified by elevation, solar insolation, and NDVI

Upper Lolo 27 2007 Upper Lolo Creek 400 Fixed radius Stratified by elevation, transformed aspect, and NDVIc

Note: CDA-East and CDA-West were part of the same data collection exercise. Both Tepee Potter and Fernan lidar units were combined for the

stratification.

NDVI: Normalized difference vegetation index.

NDVic: Normalized difference vegetation index corrected by middle infrared.
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Table 2. Summary of plot-level basal area and stand density estimates.

Basal area (m?*/ha)

Stem sensity (stems/ha)

Project Total plots Treeless plots Min Mean Median Max SD Min Mean Median Max SD
CdA-East 24 3 0 34 32 88 21 0 403 436 872 252
CdA-West 10 1 0 20 19 49 15 0 229 212 598 195
Moscow Mountain 85 6 0 25 21 109 21 0 358 299 1122 285
PREF 9% 9 0 31 27 99 24 0 387 349 1645 320
St. Joe 79 1 0 37 37 112 24 0 543 449 1570 348
Tepee Potter 39 1 0 30 32 93 18 0 403 449 872 229
Upper Lolo 27 6 0 35 36 92 26 0 300 324 623 208
All projects 360 27 0 31 29 112 23 0 406 374 1645 304

Note: CdA-East and CdA-West were collected during a single campaign. Both Fernan and Tepee Potter lidar collections were combined for this

stratification.

Table 3. Lidar collection parameters.

Lidar Collection Fernan Moscow Mountain PREF St. Joe Tepee Potter Upper Lolo

Date collected  Dec 2014 & Feb 2015 Jun 2009 July 2011 Summer 2003 May 2015 Sept-Oct 2006

Vendor QS| Environmental Watershed Watershed Horizons, Inc. QS| Environmental Watershed
Sciences, Inc Sciences, Inc Sciences, Inc.

Sensor Leica ALS 70 and Leica ALS50 Phase Il Leica ALS50 Phase Il Leica ALS40 Leica ALS 70 Leica ALS50 Phase II

ALS 80

Pulse frequency 195 kHz* N/A 73.5 kHz 20kHz 180 kHz" 83 kHz

Scan angle +/- 15 degrees +/- 14 degrees +/- 15 degrees +/- 15 degrees +/- 15 degrees +/- 14 degrees

Altitude 1,400 m AGL 2,000 m AGL 1,500 m AGL 2,438 m AGL 1,450 m AGL 1,100 m AGL

Spatial extent 12,948 ha 19,889 ha 4,041 ha 55,723 ha 11,737 ha 10,864 ha

Wavelength 1,064 nm 1,064 nm 1,064 nm 1,064 nm 1,064 nm 1,064 nm

Vertical accuracy 3.4cm 43cm 49cm N/A 58cm 6.3cm

Pulse density ~ 16.4 pulses/m? 8.5 pulses/m? 10.4 pulses/m? 0.6 pulses/m? 20.8 pulses/m? 4.7 pulses/m?

Footprint 31cm 30-45cm 34cm 30cm 32cm 24cm

Note: AGL: above ground level.
N/A: not available.
Operating "Single Pulse in Air" mode.

Response variables

The response variables predicted were BA and stem
density, which are valuable for regional scale forest
management and planning. Summary statistics for the
response variables are found in Table 2.

Explanatory variables

Data from six independent, discrete-return, airborne
lidar collections located within the Inland Northwest
of northern Idaho, USA were used for this study
(Figure 1). Lidar were collected with Leica lidar scan-
ners; however, differences in acquisition parameters
varied considerably between some of the acquisitions,
largely resulting from lidar sensor improvements
across the 12-year time period considered in this
study (Table 3). All of the lidar datasets were collected
in snow-free conditions, which can limit the window
of lidar collections, especially at higher elevations
within the study area. With the exception of western
larch (Larix occidentalis), the major tree species in the
study area are evergreen, and consequently in a
persistent leaf-on state. The Fernan lidar data were
collected while deciduous understory shrubs were in
leaf-off conditions.

When available, the vendor-identified ground
returns were accepted as accurately classified. Fernan
and Tepee Potter ground returns were identified by
the vendor using TerraScan V.15 (Terrasolid Ltd,
Helsinki, Finland). Ground returns within the PREF
lidar extent were classified with Lidar Feature
Extraction - the vendor’s proprietary classification
algorithm. The lidar vendor did not classify ground
returns for the Moscow Mountain, St. Joe and Upper
Lolo lidar collections; therefore, ground returns were
identified using the multi-scale curvature classification
(MCCQC)-lidar algorithm (Evans and Hudak 2007),
which fits a multi-scale thin plate spline model to
classify lidar ground returns. A 1-m DTM was gener-
ated from the classified ground returns using FUSION
v3.60 (McGaughey 2016) for the Fernan, Moscow
Mountain, PREF, Tepee Potter, and Upper Lolo lidar
collections. The lidar pulse density at St. Joe was
insufficient to generate a 1-m DTM (Table 3); there-
fore, a 2-m DTM was generated. Figure 2 shows a
conceptual model describing the lidar processing and
model building processes.

Lidar returns that fell within the field plots were
extracted using FUSION (McGaughey 2016) and
height-normalized point clouds were generated via
DTM subtraction. Following the results of Nesset
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Figure 2. Conceptual model describing major steps of the lidar processing and model building.

(2009) and Bater et al. (2011), plot-level point clouds
consisting of only first returns were processed with
FUSION to calculate plot-level height, strata, and
cover metrics. A 1.37 m (equivalent to breast height)
cutoff was used when calculating lidar height and
cover metrics.

Topographic metrics influence forest productivity
(Stage and Salas 2007), and thus stand conditions.
FUSION was used to create gridded rasters of eleva-
tion, slope, and aspect, which were inputted to
Geographic Resources Analysis Support System v7.2.0
(GRASS Development Team 2017) to create additional
topographic metrics. A full list of predictor variables
can be found in Table 4.

Model specification: random forests regression

Random forests (Breiman 2001) regression models
were created using the randomForest package (Liaw
and Wiener 2002) in R statistical software (R Core
Team 2017) to predict BA and stem density.
Numerous papers describe the random forests algo-
rithm applied in a natural resource context (e.g.
Prasad et al. 2006; Lawrence et al. 2006; Cutler et al.
2007). Six BA and six stem-density prediction models

Table 4. Potential explanatory variables.

Description of explanatory variables

Data source

HO5Pct: Height 5th percentile

H25Pct: Height 25th percentile

H50Pct: Height 50th percentile

H75Pct: Height 75th percentile

HI5Pct: Height 95th percentile

Hmean: Height mean

Hstdv: Height standard deviation

Hskew: Height skewness

Hkurt: Height kurtosis

CRR: Canopy relief ratio (McGaughey 2016)

Stratum 0: Percentage lidar returns <0.15 m

Stratum 1: Percentage lidar returns >0.15 m and
<137 m

Stratum 2: Percentage lidar returns >1.37 m and
<50m

Stratum 3: Percentage lidar returns >5 m and <10 m

Stratum 4: Percentage lidar returns >10 m and <20 m

Stratum 5: Percentage lidar of returns >20 m and <0 m

Stratum 6: Percentage lidar of returns >30 m

Pct1Rtn_1.37: Percentage lidar first returns above 1.37 m

Pct1Rtn_mean: Percentage lidar first returns above
height mean

Elev: DTM elevation at 20 m resolution

Slope: Percent slope at 20 m resolution

TrAsp: Transformed aspect at 20 m resolution

SCOSA: Slope cosine aspect transformation

SSINA: Slope sine aspect transformation

GlobRadEquinox: Radiance estimate on 23 Sept

accumulation: Hydrologic flow accumulation

tci: Topographic convergence index

twi: Topographic wetness index

FUSION
FUSION
FUSION
FUSION
FUSION
FUSION
FUSION
FUSION
FUSION
FUSION
FUSION
FUSION

FUSION

FUSION
FUSION
FUSION
FUSION
FUSION
FUSION

FUSION
FUSION
Calculated in R
Calculated in R
Calculated in R
GRASS
GRASS
GRASS
GRASS
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were created by systematically withholding the refer-
ence observations that were located in one of the six
lidar units. The resulting models are used to evaluate
how well a given model could be expected to perform
when transferred to a new lidar unit (represented by
the withheld area). In this study the models are desig-
nated by the name of the lidar unit to which they will
be transferred. For example, the Fernan models are
used to predict BA and stem density at sites located
in the Fernan lidar unit and trained using field and
lidar data collected in the Moscow Mountain, PREF,
St. Joe, Tepee Potter, and Upper Lolo lidar units.

Model selection process

We expected many of the potential explanatory varia-
bles to be highly correlated (Spearman rank correl-
ation coefficient >0.85), and it was anticipated that
some lidar metrics would also exhibit multi-collinear-
ity; therefore, the rfUtilities R library was used to per-
form a Gram-Schmidt QR-decomposition to identify
and remove multi-collinear variables (Evans and
Murphy 2017; Falkowski et al. 2009). Multi-collinear
variables were identified and removed before con-
structing each model.

A model selection tool centered on the random for-
ests algorithm (Breiman 2001) was used in the model
selection processes. Model selection was performed
using the rf.modSel function from the rfUtilities pack-
age to select the best suite of predictor variables for
each response variable (Murphy et al. 2010). Through
an iterative process, the function builds a random for-
ests model consisting of all potential predictor varia-
bles and subsequently builds additional models by
eliminating the potential predictor variable with the
lowest model improvement ratio (MIR). The process
is repeated until the model error does not change or a
single variable remains. The selected parameters are
associated with the model exhibiting the greatest per-
centage variation explained and the least squared-
error. The results from the rfUtilities model selection
process were used to specify the models. In all cases,
the model selection tool was run 100 times for each
response variable to investigate the stability in the
selected model.

Model evaluation

The predictive models were evaluated with both
internal fit statistics and performance statistics. The
random forests models fit statistics were calculated
with the rf.crossValidation function from rfUtilities

(Evans and Murphy 2017). Cross-validated estimates
of root-mean-square error (RMSE; Equation 1) were
calculated between the observed and predicted values
using the training data. RMSE was normalized by the
mean observation to allow for comparisons among
the models (Equation 2).

1
RMSE = /= Y (predictions—observations)’ 1
\/n (predictions—observations)”  [1]
RMSE

mean(observations)

where RMSE% is the normalized RMSE. The median
percentage explained (pseudo-R*) and
RMSE% were reported, along with their standard
deviations, for 100 cross-validations.

RMSE% was also reported as a performance statis-
tic and was calculated using the withheld data and its
complementary predictions in order to determine how
well a model would transfer to a new area.

Predictions were further evaluated using statistical
equivalence tests. Standard t-tests were not used
because they are designed to test for differences, not
similarities, between two statistics (Robinson and
Froese 2004). Failure to reject the null hypothesis for
a standard t-test suggests there is not sufficient evi-
dence that two datasets are not equal; however, this

RMSE% = *100% (2]

variation

does not guarantee that two datasets are similar
because the statistical power of the chosen test might
be weak (Robinson and Froese 2004). Statistical
equivalence tests set the null hypothesis such that the
datasets are dissimilar and requires the data to prove
otherwise. Generic forms for the hypotheses are:

HO: Model predictions are dissimilar to observed
values; and

HI1: Model predictions are similar (i.e. equivalent)
to observed values.

Equivalence tests were performed in R using the
bootstrapped implementation from the equivalence
package (i.e. equiv.boot; Robinson 2016), which uses
the two one-sided test (TOST) of equivalence. The
TOST examines if the intercept (0) and slope (f1)
estimators from the linear regression between the
model predictions and true values are contained in a
predetermined region of equivalence. The intercept
component of the equivalence test is a measure of
bias, whereas the slope component is a measure of
proportionality (Robinson et al. 2005). In this study,
the test of bias determines if the mean of the observa-
tions is equivalent to the mean of the predictions; the
test for proportionality determines if the slope
between model predictions and observations is equiva-
lent to one.
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Table 5. Explanatory variables used in basal area and stem density random forests models.?

Basal Area

Stem Density

Explanatory Variable Fernan Moscow Mtn. PREF St. Joe Tepee Potter Upper Lolo

Fernan Moscow Mtn. PREF St. Joe Tepee Potter Upper Lolo

HO5Pct X X X X
HI95Pct X X X X
Hmean X

Pct1Rtn_mean X X X X X
Stratum 0

Stratum 1 X X X
Stratum 2 X

Stratum 3

Stratum 4 X X X X X
Stratum 5 X X X X X
Stratum 6 X

X X X X X X X
X
X X X X X X X
X X
X X X X X X
X

X X X X X X

X X X X X X

Note: X: selected variable. ?See Table 4 for description of explanatory variables.

Table 6. Median cross-validated model fit statistics (and
standard deviation) for basal area and stem-density models.

Variance SD  RMSE% SD

Response Model Explained (%) (%) (%) (%)
Basal area Fernan 76.9 (1.0) 35.2 (5.6)
Moscow Mountain 733 (1.1) 349 (6.8)

PREF 76.7 (09 320 (6.7)

St. Joe 76.8 (1.2) 35.2 (6.9)

Tepee Potter 76.7 (1.0) 36.9 (6.4)

Upper Lolo 79.1 (0.8) 325 (5.0)

Stem density  Fernan 65.6 (1.3) 425 (5.5)
Moscow Mountain 64.4 (1.4) 437 (7.1)

PREF 61.8 (1.5) 447 (6.9)

St. Joe 65.5 (1.0) 438 (8.4)

Tepee Potter 69.1 (1.1 424 (7.7)

Upper Lolo 65.6 (1.3) 439 (6.6)

If the confidence intervals (CI) from the TOST
around the estimator (i.e., intercept or slope) are
entirely contained within the region of equivalence
then there is evidence to reject the null hypothesis,
meaning the two data sets are statistically equivalent.
The default region of equivalence of +25% was used
in this study and has been called a conservative region
of equivalence (Wellek 2003; Robinson and Froese
2004) and has been used in other studies (e.g.,
Falkowski et al. 2008; Penner et al. 2013).
Additionally, the exact regions of equivalence were
calculated to determine the smallest region of equiva-
lence when the null hypothesis is no longer rejected.
A smaller region of equivalence indicates better agree-
ment between the observations and predictions. The
region of equivalence for bias was calculated as a per-
centage and in absolute units (i.e, m°/ha or stems/
ha). The region of equivalence for proportionality was
calculated only as a percentage because the slope is
dimensionless.

Results

Nineteen lidar height metrics and 9 topographic met-
rics were considered as potential explanatory variables
(Table 4). After removing multi-collinear variables

and performing the model selection process, the
explanatory variables were pared down to a subset of
only lidar height metrics (Table 5).

BA and stem density random forests prediction
models were created and subsequently used to predict
BA and stem density at the field plots that were with-
held from the model training. Cross-validation fit sta-
tistics calculated solely from the training data showed
better fit for the BA models than the stem density
models in terms of variance explained and RMSE%
(Table 6). When comparing the predictions with with-
held observations, RMSE% performance statistics were
within one standard deviation of the cross-validated
RMSE% fit statistics for 10 out 12 models - Upper
Lolo BA model and Fernan stand density model per-
formance RMSE% were greater than one standard
deviation (Tables 6 and 7).

Equivalence tests show BA predictions for Moscow
Mountain, PREF, and Tepee Potter were statistically
equivalent to the measured BA, in terms of both bias
and proportionality at a+25% region of equivalence
(Figure 3A). The 95% CI of the bias component for
the Fernan BA predictions extends outside the lower
region of equivalence indicating positive biases (i.e.,
over-predictions). These over-predictions can also be
seen by investigating the scatter plot in Figure 4A,
which shows 9 of the 10 Fernan BA predictions were
larger than the observed value. When the 95% CI of
the bias component extends outside the upper region
of equivalence, such as with the Upper Lolo BA
predictions, this indicates that the model is under-
predicting the attribute on average (Figure 3A). The
95% CI of proportionality component extends outside
the lower range of region of equivalence for Fernan
and Upper Lolo BA predictions, which denotes that
model over-predicts low BA plots and under-predicts
high BA plots. Likewise, the 95% CI of proportionality
component extends outside the upper range of
region of equivalence for St. Joe denoting that model
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Table 7. Model performance reported as normalized root-mean-square error (RMSE%) and the region of equivalence limit when

the equivalence test no longer rejects the null hypothesis.

Basal Area Stem Density

Model n RMSE% (%) RO (m?/ha) RO (%) R1 (%) RMSE% (%) RO (stems/ha) RO (%) R1 (%)
Fernan 10 33.8 +8.5 +26.5 +29.7 67.3 +184.2 +53.1 +52.2
Moscow Mountain 85 359 +25 +7.9 +12.5 40.7 +36.0 +10.4 +21.1
PREF 926 40.0 +5.5 +17.1 +17.9 47.6 +86.2 +24.8 +17.3
St. Joe 79 334 +6.8 +21.3 +32.6 43.0 +127.0 +36.6 +20.0
Tepee Potter 63 323 +2.7 +8.6 +20.2 44.4 +51.5 +14.8 +39.7
Upper Lolo 27 50.1 +10.3 +32.2 +47.5 48.3 +100.7 +29.0 +48.2
Note: RO: region of equivalence for bias.

R1: region of equivalence for proportionality.

(A) Bias Proportionality

Fernan H Not equivalent — Not equivalent
Moscow Mtn H Equivalent H Equivalent
PREF H Equivalent H Equivalent
St. Joe = Equivalent = Not equivalent
Tepee Potter H Equivalent H Equivalent
Upper Lolo F———  Not equivalent — Not equivalent
[ S R p— — [ e — —

0 10 20 30 40 50

00 05 10 15 20

(B) Bias Proportionality
Fernan — Not equivalent — Not equivalent
Moscow Mtn H Equivalent — Equivalent
PREF H Equivalent H Equivalent
St. Joe 1  Not equivalent = Equivalent
Tepee Potter H Equivalent = Not equivalent
Upper Lolo — Not equivalent F— Not equivalent
I T T T I T I 1 —r 1 1T 1
V] 200 400 600 0.0 05 10 15 2.0

Figure 3. Results of bootstrapped equivalence tests for (A) basal area, and (B) stem density. The tests of biases are centered on
the mean observation and the test of proportionality is centered on a slope of one. The shaded polygon represents the region of
equivalence. The black bars represent the 95% confidence interval (Cl). The equivalence test is satisfied when the 95% Cl is com-

pletely contained in the region of equivalence.

under-predicts low BA plots and over-predicts high
BA plots. In addition to the predetermined *25%
region of equivalence, the limit at which the equiva-
lence test fails also calculated (Table 7).
Graphically, these values indicate the point when the
95% CI and region of equivalence share an edge. As
previously stated, the Fernan predictions were not
equivalent at a+25% region of equivalence; Table 7
shows the minimum acceptable region of equivalence
as +26.5% and £29.7% for slope and proportionality,
respectively. The bias region of equivalence can be
converted to absolute units; for example the +26.5%
region of equivalence for the Fernan BA indicates the
predictions are statistically equivalent to the observa-
tions if biases of up to +8.5m’/ha of basal area
are acceptable.

The stem-density models have larger errors com-
pared with the BA models (see Table 7) and is also
seen by the wider dispersion around the 1-to-1line in
Figure 5. Equivalence tests show stem-density predic-
tions for Moscow Mountain and PREF were equivalent,

was

in terms of bias and proportionality, to the measured
stem density (Figure 3B). Moscow Mountain stem
density was the best performing model as indicated by
the narrowest calculated regions of equivalence (see
Table 7). Fernan, Tepee Potter, and Upper Lolo 95%
CI around the proportionality component of the
equivalence test extends past the lower region of
equivalence. These models over-predict less dense
stands and under-predict denser stands. The stem-
density predictions for the Fernan model are consider-
ably over-predicted as seen by the small proportion of
overlap between the 95% CI and region of equivalence
(Figure 3B) and this is also apparent by investigating
the scatter plot in Figure 5A.

Discussion

We evaluated the effectiveness of transferring random
forests models to predict forest attributes in areas
where lidar exist, but forest inventory measurements
do not. This was achieved by combining several
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Figure 4. Observed versus independently predicted basal area estimates for: (A) Fernan; (B) Moscow Mountain; (C) PREF; (D) St.

Joe; (E) Tepee Potter; (F) Upper Lolo. The dashed line is 1-to-1.

disjunct lidar and forest inventory datasets into mod-
els that predicted BA and stand density and transfer-
ring the model to lidar units excluded from the
training data. Model performance was evaluated by
calculating errors (RMSE%) and equivalence tests. We
learned several lessons surrounding the combination
of disjunct lidar acquisitions and field data for pre-
dicting forest inventory data to lidar collections with-
out local reference observations. The remainder of the
discussion covers these points in greater detail.

Model specification

Random forests modeling is one of many prediction
methods used in natural resource applications and it
was not our intention to test whether random forests
provides the best results. Studies have shown that

random forests outperformed (e.g. Coulston et al
2012; Fassnacht et al. 2014), under-performed (e.g.
Hayashi et al. 2015; Gleason and Im 2012), or per-
formed similarly to (e.g. Freeman et al. 2014) other
modeling techniques. Our intent was to build a parsi-
monious model which emulated the process that a
resource manager could take to predict forest attribute
at locations without field data; other modeling techni-
ques could be explored.

Modelling considerations

The extent of a lidar collection is often defined by
management boundaries (e.g., PREF) or watershed
boundaries (e.g., Fernan, Tepee Potter, or Upper Lolo)
and field data are not routinely collected when lidar
are acquired for non-forestry applications. As more
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disjunct lidar are collected, regional models created
from existing field data could be informative at pro-
viding larger-scale estimates of desired forestry attrib-
utes; for example, state or provincial-level estimates of
forest resources. Transferring an existing forest attri-
bute prediction model would also increase the utility
of lidar collections that lack accompanying forest
inventory data.

Managers and researchers creating prediction mod-
els may want to limit the reference observations to
data collected with similar lidar collection parameters.
Various lidar sensors and sensor settings can impact
the resultant data and derived predictions when com-
bining data from spatially or temporally disjunct
acquisitions. Numerous studies have investigated the
impacts that differences in lidar sensors, altitude, and

pulse frequency have on data quality and accuracy
(Goodwin et al. 2006; Hopkinson 2007; Nesset 2009).
Variability in lidar processing parameters can also
impact the metrics produced, and thus model results.
Calculating metrics from 1st returns instead of all
returns can produce more stable height metrics (Bater
et al. 2011; Naesset 2009), which may be more appro-
priate when combining datasets. Collection parameters
among disjunct lidar data inevitably vary, although
many acquisitions achieve minimum standards (e.g.,
Heidemann 2014) to be acceptable for topographic
use. These standards help ensure quality lidar data are
collected and provide the opportunity for future use.
Extrapolations of any predictive model outside the
extent covered by the reference observations must be
used cautiously. Limiting the predictive model to an



ecologically similar extent should help ensure that the
forest type, and thus lidar structural signatures, will be
comparable. This study was limited to an ecologically
similar study region, with similar tree species and for-
est structures (Bailey 1983). Ideally, field plots estab-
lished using a single inventory design that spanned an
entire ecoregion would be used to generalize predic-
tions across spatially disjunct lidar collections. The
unfortunate reality is that an inventory design is
established to meet goals for a particular local project
and not necessarily for use in a regional study. As dis-
junct datasets increase, it might be beneficial to post-
stratify the field plots to obtain a sample that better
represents the regions of interest. In this study, we
assembled a database composed of field plots using
different inventory designs yet demonstrated that this
need not preclude their more generalizable utility.
Researchers and managers planning field data collec-
tion for new lidar acquisitions should consider how
new data can be optimally collected and incorporated
into existing datasets.

Need for a standardized sampling protocol

The field data used in this study were not collected to
investigate transferring models to areas without field
data; instead they were collected for project-specific
purposes. Different sampling protocols inevitably were
a source of variation that could not be quantified in
this study. There were common parameters in the
sampling protocols including plot size, shape, and the
fact plots followed stratified random sampling designs;
however, the stratifications were performed to meet
project-specific goals, not the goal of this study. The
strata used to assign sampling locations can be
grouped into topographic (e.g.; elevation), spectral
(e.g.; NDVI), or biological (e.g.; forest type) categories
(see Table 1). While sampling designs based on lidar
metrics would better ensure that all the forest struc-
tures are captured, such implementation would
require the lidar to be collected, processed, and deliv-
ered before any sampling could take place, which is
often impractical due to budget cycles.

The lidar units in this study administratively fall
within United States Forest Service (USFS) Region 1.
Although the study area was a mixture of public and
private land, the field data were collected by public
agencies. Region 1, along with other USFS regions,
has developed protocols for measuring field data in
lidar units (USFS 2016); however, protocols across
regions are not consistent. Managers and researchers
are encouraged to consult existing protocols in lieu of
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creating their own and adapt existing protocols to
meet not just their project-specific objectives but
broader planning and management goals as well.

Conclusions

Random forests regression models were created to
predict BA and stand density using 360 field plots and
six lidar collections. The data were partitioned to
investigate spatially transferring a model to a location
that had lidar data but no field data. Topographic var-
iables considered as predictors were not selected as
being important but might exhibit greater importance
at larger spatial scales. Although the field plots were
collected using different sampling protocols, and the
lidar were collected using different acquisition param-
eters, 3 out of 6 transferred models for BA were statis-
tically equivalent in both bias and proportionality,
whereas 2 out of 6 transferred models for stem dens-
ity were statistically equivalent in both bias and pro-
portionality. RMSE% performance statistics were
within one standard deviation of the cross-validated
RMSE% fit statistics for 5 out of 6 BA models and 5
out of 6 stem-density models, lending evidence that
models can be transferred to lidar units that lack
field data.

This work supports extending lidar-based predic-
tion models to lidar extents that do not have tree
data, assuming the structural characteristics of the
unmeasured forest were included in the original pre-
dictive model but measured elsewhere within the eco-
region. The practice of spatially transferring models
should not be a substitute for local forest inventory,
but might provide reasonable estimates of forest
attributes until managers are able to collect inventory
data in unsampled lidar acquisition areas. Users of
this technique must be willing to accept higher levels
of error when predicting forest attributes to lidar col-
lections that do not have field data. This study is lim-
ited to the Inland Northwest and more work is
needed to determine if this procedure is applicable to
other ecoregions, especially those with larger decidu-
ous tree components.
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