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Temporal transferability of LIDAR-based imputation of forest
inventory attributes
Patrick A. Fekety, Michael ]J. Falkowski, and Andrew T. Hudak

Abstract: Forest inventory and planning decisions are frequently informed by LiDAR data. Repeated LiDAR acquisitions offer an
opportunity to update forest inventories and potentially improve forest inventory estimates through time. We leveraged
repeated LiDAR and ground measures for a study area in northern Idaho, U.S.A., to predict (via imputation) — across both space
and time — four forest inventory attributes: aboveground carbon (AGC), basal area (BA), stand density index (SDI), and total stem
volume (Vol). Models were independently developed from 2003 and 2009 LiDAR datasets to spatially predict response variables
at both times. Annual rates of change were calculated by comparing response variables between the two collections. Addition-
ally, a pooled model was built by combining reference observations from both years to test ifimputation can be performed across
measurement dates. The R? values for the pooled model were 0.87, 0.90, 0.89, and 0.87 for AGC, BA, SDI, and Vol, respectively.
Mapping response variables at the landscape level demonstrates that the relationship between field data and LiDAR metrics
holds true even though the data were collected in different years. Pooling data across time increases the number of reference
observations available to resource managers and may ultimately improve inventory predictions.

Key words: repeated LiDAR acquisitions, imputation, forest inventory, aboveground carbon, change detection.

Résumé : Les décisions concernant la planification et les inventaires forestiers s'appuient souvent sur des données lidar. Les
acquisitions lidar récurrentes offrent 'opportunité de mettre a jour les inventaires forestiers et possiblement d'améliorer avec
le temps les estimations faites a partir de I'inventaire forestier. Nous avons tiré parti de mesures effectuées sur le terrain et au
moyen du lidar dans une aire d'étude du nord de 1'ldaho, aux E.-U., pour prédire par imputation, dans I'espace et dans le temps,
quatre attributs de l'inventaire forestier) : le carbone aérien (CA), 1a surface terriére (ST), 'indice de densité du peuplement (IDP)
etle volume total de la tige (Vol). Des modeles ont été développés de facon indépendante a partir de données lidar de 2003 et 2009
pour prédire les variables réponse dans l'espace pour chacune des deux années. Les taux annuels de changement ont été calculés
en comparant les variables réponse entre les deux ensembles. De plus, un modeéle regroupé a été élaboré en combinant les observa-
tions de référence des deux années pour vérifier si une imputation pouvait étre réalisée a partir des données regroupées des deux
années. Les valeurs de R? du modele regroupé étaient, respectivement, 0,87, 0,90, 0,89 et 0,87 pour CA, ST, IDP et Vol. La
cartographie des variables réponse a 1'échelle du paysage démontre que la relation entre les données terrain et les mesures
obtenues grace au lidar ne change pas méme si les données n'ont pas été recueillies durant la méme année. Le fait de regrouper
les données de plusieurs années augmente le nombre d'observations de référence disponibles pour les gestionnaires des
ressources et peut ultimement améliorer les prévisions fondées sur l'inventaire. [Traduit par la Rédaction]

Mots-clés : acquisitions lidar récurrentes, imputation, inventaire forestier, carbone aérien, détection du changement.

LiDAR has been shown to be beneficial for multiple aspects of
resource management, including forest inventory (e.g., Neasset
1997; Falkowski et al. 2010), hydrological assessment (e.g., Jones
et al. 2008), and forest engineering activities such as road con-
struction (e.g., Aruga et al. 2005), among others. LiDAR collected
concurrently with forest inventory field measurements has been
used to build predictive models of inventory attributes that can be
applied across the LiDAR acquisition extent, ultimately providing
landscape to forest-wide estimates of forest inventory attributes
(Falkowski et al. 2010). Doing so can be beneficial as ground-based
forest inventories across large areas are expensive and time con-

Introduction

A detailed forest inventory allows resource managers to make
timely and appropriate decisions concerning various manage-
ment objectives for a forest. Traditionally, continuous forest
inventory occurs by measuring permanent sample plots, and
inventories are updated through time by remeasurement of plots.
Photogrammetry can provide additional information (e.g., species
composition), but often the number of attributes obtained is lim-
ited and accuracy relies heavily on the skill of the interpreter.
Although recent advances in photogrammetry (e.g., photogram-

metric matching) has improved the level of detail and accuracy of
derived forest inventory data (White et al. 2013a; Bohlin et al.
2012), structural information derived from such techniques is still
less than what can be derived from light detection and ranging
(LiDAR).

Indeed, operational forest inventory and long-term forest plan-
ning decisions are also increasingly informed by LiDAR data.

suming. Although LiDAR acquisitions can also be expensive, effi-
ciencies are gained in terms of reduced field data collection
requirements and utility of LiDAR for other applications (Hudak
et al. 2009). Hummel et al. (2011) found that the accuracy and cost
of performing a LiDAR-based forest inventory are comparable
with those associated with a traditional stand-level forest in-
ventory. Accuracies of inventory attributes derived from LiDAR
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metrics rival traditional methods, as exemplified by White et al.
(2014), who analyzed weight-scaled volumes from 272 harvest
stands in Alberta, Canada, and found that LiDAR-based merchant-
able volume was overestimated by 0.6% compared with using a
cover type adjusted volume table, which underestimated volume
by 19.8%.

Many studies have used LiDAR metrics to develop models pre-
dicting various forest attributes such as basal area (Lefsky et al.
1999), volume (Nilsson 1996), and biomass (for a review, see Zolkos
et al. 2013), whereas fewer studies incorporate repeated LiDAR
acquisitions into the analysis. Indeed, past research has demon-
strated that repeated LiDAR acquisitions provide a temporal com-
ponent for assessing landscape-level changes (i.e., change detection)
and can also be used to estimate height growth (Hopkinson et al.
2007; Yu et al. 2006), monitor changes in tree line position (Naesset
and Nelson 2007), and quantify changes in aboveground biomass
(Naesset et al. 2013; Hudak et al. 2012).

Statistical imputation has been one method used to support
LiDAR-based forest inventory and assessment (Eskelson et al.
2009). In this method, reference observations are imputed (i.e.,
assigned) to target observations in space (Ohmann and Gregory
2002; Hudak et al. 2008, 2012; Haara et al. 1997). In the context of
LiDAR-enhanced forest inventory, usually the target observations
are comprised of pixel-level LiDAR metrics derived from a single
LiDAR survey. Repeated LiDAR acquisitions provide the opportu-
nity to impute reference observations across time as Nelson et al.
(2011) demonstrated with Landsat data. One assumption required
is that stand structure conditions sampled at the time of a given
LiDAR survey also exist when a subsequent (or previous) LiDAR
survey is collected. This is an easy assumption to meet, provided
that the range of stand structure conditions represented in the
two populations (the study landscape surveyed twice) has not
changed significantly. Although stand structure conditions do
change locally due to normal forest growth and mortality pro-
cesses, the range of stand structure conditions should change very
little when considering the landscape as a whole. Another as-
sumption is that even though repeated LiDAR acquisitions will
undoubtedly be collected with different sensors and using differ-
ent parameters, the LiDAR metrics will be comparable between
acquisitions. Although variation in sensors characteristics be-
tween acquisitions can have an impact, binning LiDAR returns to
coarser resolutions when calculating metrics (e.g., mean height,
canopy cover, etc.) can reduce the sensitivity of forest inventory
predictive models to changes in LiDAR acquisition parameters.
For example, Hudak et al. (2012) demonstrated that plot-level
LiDAR returns between repeated acquisitions had similar spatial
distributions despite a 30-fold increase in point density and vary-
ing sensor parameters between acquisitions when they were
binned to a 20 m x 20 m (400 m?) resolution.

Resource managers could benefit from using LiDAR-based
predictive models from past acquisitions to update spatial for-
est inventories based on more recent acquisitions. In addition
to improving historic and contemporary inventory predictions,
these new maps of inventory attributes could be used to update
forest plans or identify areas of unexpected change across the
landscape. Additional potential advantages of repeated LiDAR ac-
quisitions could include (i) reducing future forest inventory re-
quirements by identifying undersampled areas and selectively
adding additional field inventory plots and (ii) applying previous
LiDAR-based models to acquisitions from similar forest types
that do not have associated field data. Indeed, effective strategies
for integrating temporally disparate inventory data via repeated
LiDAR acquisitions could greatly reduce future inventory costs
and improve the overall accuracy of current, future, and past
inventories in the context of retrospective analyses. However, this
subject has received little attention in the literature, especially
from the perspective of operational forest inventory and assess-
ment.

423

Fig. 1. The Moscow Mountain study area.
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The overarching goal of this research was to use repeated field
and LiDAR survey data to assess the feasibility of predicting forest
inventory attributes across not just space, but also time. In an
effort to meet this goal, we addressed the three following hypoth-
eses.

1. Forest inventory attributes can be imputed across space. We
developed imputation models using reference observations
(i.e., plot-level field and LiDAR data) collected at the same time
as the target observations (i.e., gridded LiDAR data).

2. Forest inventory attributes can be imputed across time. We
developed imputation models using reference observations
collected at different times than the target observations.

3. Forest inventory attributes can be imputed without regard to
time. We developed an imputation model using reference ob-
servations pooled together without regard to inventory date
(i.e., two time periods) and applied it to two sets of target
observations collected at different times.

We tested these hypotheses by comparing R, mean bias error
(MBE), and root mean square distance (RMSD) statistics between
measured and imputed values for four forest attributes (aboveg-
round carbon (AGC), basal area (BA), stand density index (SDI), and
volume (Vol)) across spatial and temporal domains. We validated
the models and applied them spatially to quantify the amount of
change between the inventory attributes across the landscape.

Materials and methods

Study area

Moscow Mountain is located in Latah County, Idaho, approx-
imately 13 km northeast of Moscow, Idaho (latitude, 46°48'N;
longitude, 116°51'W). The region is a westward extension of the
Palouse Mountain Range and is a mixture of ownerships com-
prised of industrial forests, state forestland, and nonindustrial
private forests surrounded by a matrix of agricultural land. The
soils are predominately andisols originating primarily from gran-
odirite parent materials with components of volcanic ash and
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Table 1. LiDAR acquisition parameters.

Can. J. For. Res. Vol. 45, 2015

Moscow Mountain 2003

Moscow Mountain 2009

Date 13-14 August 2003 30 June 2009

Acquisition area (ha) 32708 20 574

Vendor Horizons, Inc., Rapid City, Watershed Sciences, Inc.,
South Dakota, USA Portland, Oregon, USA

LiDAR sensor Leica ALS 40 Leica ALS 50 Phase II

Laser wavelength (nm) 1064 1064

Pulse rate (kHz) 20 up to 150

Scan angle (degrees off nadir) +18 +14

Altitude (metres above ground level) 2 438 2 000

Footprint diameter (cm) 30 30-45

Return density (points-m~2) 0.4 11.95

loess in the upper layers (Soil Survey Staff 2014; U.S. Geological
Survey 2006). Elevations range from 776 m to 1517 m above sea
level, and the terrain is complex (average slope of 19% and slopes
up to 80% across all aspects). Moscow Mountain receives 1115 mm
of annual precipitation mostly as snow (annual average 2000-
2013; Natural Resources Conservation Service 2014). The mixed
conifer forest is comprised of a diversity of tree species. Primary
species include ponderosa pine (Pinus ponderosa Douglas ex P. Lawson
& C. Lawson), Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco),
grand fir (Abies grandis (Douglas ex D. Don) Lindl.), western redce-
dar (Thuja plicata Donn ex D. Don), and western larch (Larix occidentalis
Nutt.). Secondary species include western white pine (Pinus
monticola Douglas ex D. Don), lodgepole pine (Pinus contorta Doug-
las ex Loudon), and Engelmann spruce (Picea engelmannii Parry ex
Engelm.), among others. The primary disturbances for the study
area are related to forest management activities, including har-
vesting, thinning, and prescribed fires.

Field plots

2003 plots

The 2003 field data consists of 84 fixed-area plots (Fig. 1). Plots
were allocated across the study area via a stratified random sam-
pling design. The strata included three elevations, three solar
insolation levels, and nine canopy cover strata as indicated by a
Landsat image derived vegetation index (Pocewicz et al. 2004).
Sampling in this manner helped distribute plots across the full
range of biophysical characteristics of the study area (Falkowski
et al. 2005). Plot centers were geolocated using a Trimble Pro-XR
global positioning system (GPS) and differentially corrected using
online base station files, resulting in a horizontal accuracy of
+0.8 m and a vertical accuracy of 1.1 m (Hudak et al. 2008). At each
plot, all living and standing dead trees with diameter at breast
height (DBH) greater than 12.7 cm (5.0 inches (in.)) were measured
and tallied in a 0.04 ha (1/10 acre) fixed-area plot.

2009 plots

The 2009 field data consists of 89 fixed-area plots (Fig. 1). The
2009 LiDAR acquisition was smaller in extent than the 2003 col-
lection (Table 1). Seventy-five of the plots measured in 2003 were
remeasured in 2009. An updated Landsat image was used to re-
stratify the landscape in 2009. Fourteen field plots were added to
fill unrepresented strata to account for changes caused by forest
management activities. Although the 2003 plots were not perma-
nently monumented, the 2009 field crew could use a GPS to nav-
igate to the plot center and verify this geolocation using stem map
data from the 2003 plot survey. Because the 2009 field crew could
not exactly locate the original plot center by such means, new plot
centers in 2009 were monumented and regeolocated using differ-
ential GPS. Subsequent analysis showed that all 75 repeated plots
overlapped to some degree, with a mean offset of 2.67 m and a
standard deviation of 1.65 m (Hudak et al. 2012). All living and
dead trees with DBH greater than 10.2 cm (4.0 in.) were measured

and tallied in the 0.04 ha (1/10 acre) plot. To ensure continuity with
the 2003 plot measurements, this study only used trees with DBH
greater than 12.7 cm (5.0 in.) when calculating plot-level forest
inventory attributes. Additionally, the 2009 field plot measure-
ment protocol required the field crew to identify plots with evi-
dence of harvest activity since the 2003 measurements.

Response variables

Four attributes of interest to ecologists and forest resource
managers were chosen as model response variables: AGC, BA, SDI
(Reineke 1933), and Vol. AGC was calculated using the Jenkins
equations found in the Forest Vegetation Simulator (FVS) Fire
Fuels Extension (Reinhardt and Crookston 2003). Living and dead
trees were included in the AGC calculation because the LiDAR
signal cannot reliably distinguish between living and dead trees in
typically closed canopy conditions as exist on Moscow Mountain
(Falkowski et al. 2006, 2008). Plot-level BA, SDI, and Vol were
calculated by summarizing plot-level tree data using the FVS
(Dixon 2014). A summary of plot-level response metrics can be
found in Table 2.

LiDAR acquisition and processing

Discrete-return airborne LiDAR data were acquired across Mos-
cow Mountain in 2003 and 2009 (Fig. 1). The 2003 LiDAR acquisi-
tion covered all of Moscow Mountain and some surrounding
agricultural lands, whereas the 2009 acquisition was constrained
to the core area of contiguous forest (Hudak et al. 2012). LiDAR
parameters for each collection were similar except for return den-
sity, which increased approximately 30-fold as LiDAR sensor tech-
nology improved (Table 1). LIDAR returns were classified as either
ground or nonground returns using MCC-LiDAR (Evans and Hudak
2007). The MCC-LiDAR algorithm employs thin-plate splines across
multiple scales to iteratively classify ground and nonground points
based on scale-dependent curvature thresholds. A 1 m spatial res-
olution digital terrain model (DTM) was generated from each Li-
DAR acquisition using LiDAR returns classified as ground returns.
The DTM from 2003 or 2009 was subtracted from the 2003 or 2009
LiDAR return elevations, respectively, producing normalized Li-
DAR return heights from which canopy metrics were calculated.

Plot-level LiDAR data were extracted using LAStools (rapidlasso
GmbH, Gilching, Germany). The resulting point clouds were pro-
cessed with FUSION (McGaughey 2012) to calculate plot-level
height, strata, cover, and intensity metrics. A 1.37 m (breast height)
cutoff was used when calculating LiDAR height metrics. FUSION
was also used to calculate the same LiDAR metrics as above, but as
a 20 m grid across the study area. For the plot-level LiDAR metrics,
a1.37 m cutoff was used when calculating gridded height metrics.

The 1 m resolution DTMs were resampled to 20 m and used as
inputs to the Remote Sensing Application Center's (RSAC; USDA

< Published by NRC Research Press



Fekety et al. 425
Table 2. Summary of field data used to build imputatiton models.
Imputation model Attribute Minimum Maximum Mean SD
MMO3 (n = 84) AGC (Mg-ha™) 0 380 70 71
BA (m2-ha) 0 100 24 23
SDI 0 560 174 161
Vol (m3-ha™) 0 429 82 88
MMO9 (n = 89) AGC (Mg-ha™) 0 539 70 73
BA (m2-ha) 0 109 24 20
SDI 0 606 179 143
Vol (m3-ha™) 0 544 92 91
MMpooled (n = 165) AGC (Mg-ha™) 0 539 73 73
BA (m2-ha) 0 109 25 22
SDI 0 606 184 151
Vol (m3-ha™) 0 544 91 90
Note: MM03, Moscow Mountain 2003 model; MM09, Moscow Mountain 2009 model; MMpooled, Moscow Mountain
pooled model; SD, standard deviation; AGC, aboveground carbon; BA, basal area; SDI, stand density index; Vol, total
stem volume.
Table 3. Potential and final LiDAR metrics used as explanatory variables in the imputation models.
MMO3 MMO09 MMpooled
Explanatory variables AGC BA Vol AGC BA SDI Vol AGC BA SDI Vol
Hmax, height maximum X X X X X X
Hmean, height mean X X X X X X X X X X X
Hmode, height mode X X X X X x x x
Hvar, height variance
Hskew, height skewness
Hkurt, height kurtosis
HO5PCT, height 5th percentile X X X X X X X X X
CRR, canopy relief ratio X X
Stratum0, percentage of returns < 0.15 m
Stratum1, percentage of returns > 0.15 m X X
and <1.37 m
Stratum?2, percentage of returns > 1.37 m X X X X X X
and <5m
Stratum3, percentage of returns > 5 m X
and <10 m
Stratum4, percentage of returns > 10 m X X X X X X X X X X
and <20 m
Stratumb5, percentage of returns > 20 m X X x X X X X b X X X X
and <30 m
Stratumé, percentage of returns > 30 m X X
Pct1Rtn_1.37, percentage of first x X X X x x X x X X X X
returns > 1.37 m
Pct1Rtn_mode, percentage of first X X X x x
returns above height mode
Imean, intensity mean
Iskew, intensity skewness
Ikurt, intensities kurtosis
I05PCT, intensity of 5th percentile
Elev, DTM elevation X X X X X

HEAT, heatload (McCune and Keon 2002)
Curv, curvature (Zevenbergen and
Thorne 1987)

SCOSA, slope cosine aspect transformation

(Evans 2003)

SSINA, slope sine aspect transformation
(Evans 2003)

TrASP, transformed aspect (Trimble
and Weitzman 1956)

TRIc, topographic roughness index
classified (Evans 2004)

TRIu, topographic roughness index
unclassified (Riley et al. 1999)

Note: MM03, Moscow Mountain 2003 model; MM09, Moscow Mountain 2009 model; MMpooled, Moscow Mountain pooled model; AGC, aboveground carbon; BA,
basal area; SDI, stand density index; Vol, total stem volume.
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Fig. 2. PCA results demonstrating the extent to which the field measurements encompass landscape structural conditions. Landscape observations
with relatively large mean heights are shaded dark red, while observations with relatively low mean heights are shaded light red.
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Fig. 3. MM03 model results validated with the 2003 field data. Each field plot is represented by an open circle. The x axis represents the value
of the nearest neighbor for a specific response variable; the y axis represents the plot value summarized by FVS. The shaded region represents
the 95% CI. The equation for the line of best fit and corresponding R? value are displayed for each plot, along with the mean bias error (MBE)
and root mean square difference (RMSD%). AGC, aboveground carbon; BA, basal area; SDI, stand density index; Vol, total stem volume.
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Forest Service, Salt Lake City, Utah) digital elevation model (DEM)
toolbox (Ruefenacht 2014), generating wall-to-wall gridded topo-
graphic metrics. Plot-level topographic metrics were calculated by
extracting area-weighted estimates from output rasters generated
by the RSAC DEM toolbox. Plot-level canopy metrics along with
topographic metrics and field data were used as reference obser-
vations in the imputation models.
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Random forest (Breiman 2001) imputation models were built
using the package yalmpute (Crookston and Finley 2008) of
R statistical software (R Core Team 2013). Nearest neighbor (i.e., k=1)
imputation was chosen to model the data because multiple re-
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Fig. 4. Imputation maps displaying (A) MMO03 imputing basal area (BA) from 2003 gridded LiDAR metrics, (B) MMO03 imputing BA from 2009 gridded
LiDAR metrics, (C) MMO09 imputing BA from 2003 gridded LiDAR metrics, and (D) MM09 imputing BA from 2009 gridded LiDAR metrics.
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sponses can be simultaneously imputed while preserving the
covariance structure of variables derived from the reference
observations. The 2003 imputation model for the Moscow Moun-
tain study area (MMO3) was derived from the 2003 reference ob-
servations, and the independent 2009 imputation model (MMO09)
was derived from the 2009 reference observations. Additionally, a
third imputation model (MMpooled) was derived by pooling the
2003 and 2009 reference observations into a single dataset. Be-
cause the spatial extent of the 2003 and 2009 LiDAR collections
differed, eight 2003 field plots external to the 2009 LiDAR collec-
tion were excluded as reference observations from MMpooled
such that the pooled analysis was limited to the area covered by
both LiDAR collections (Fig. 1). For all three models, a dataset
consisting of 61 explanatory variables was pared down using
Gram-Schmidt QR decomposition to remove multicollinear
variables (Falkowski et al. 2009; Golub and Van Loan 1996). This
resulted in 29 potential explanatory variables for each model
(Table 3). A random forest model selection tool based on the
model improvement ratio (MIR) was used to select the best suite of
predictors for each response variable (Evans and Cushman 20009;
Evans et al. 2011; Murphy et al. 2010). The MIR is a scaled value of
the random forest prediction error (i.e., percentage increase in
mean square error). Through an iterative process, the tool system-
atically identifies and eliminates the potential predictor variable
with the lowest MIR and reruns the random forest algorithm until
one predictor variable remains. The final set of predictor variables
was identified by the iteration with greatest percentage variation
explained. The model selection tool only considers one response
variable at a time, and random forest is a nondeterministic algo-
rithm; therefore, the tool was run 100 times for each response
variable to ensure stability in the selected model (Table 3).

Sample plot assessment
To determine if the sampling design effectively covered the
structural conditions found in the study area, a separate principal
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25 Kilometers
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component analysis (PCA) was performed on each set of LiDAR
metrics (White et al. 2013b). Feature spaces spanned by principal
components 1 and 2 were plotted. Reference observations from
2003 and 2009 were projected into the feature spaces to assess
how well the sampling design covered the structural characteris-
tics found across the study area.

Model assessment

A self-validation process was used to estimate the predictive
power of each model by comparing each observed value with the
value of'its selected nearest neighbor. Also, the dataset not used in
training the model was used as an additional validation dataset
(i.e., MMO3 predictions were validated with the 2009 dataset and
vice versa). Maps of the response variables also were imputed
across the study area. Comparing nearest neighbor imputed val-
ues with the field-measured values allows for intra- and inter-year
validation metrics to be calculated. The measured and imputed
response variable values were plotted against each other, and a
line of best fit was calculated along with associated fit statistics (R?
and MBE). Ninety-five percent confidence intervals (CI) for the line
of best fit were also plotted to determine if the relationship be-
tween measured and imputed values was significantly different.
The normalized RMSD, RMSD% (eq. 1), which is a validation statis-
tic used with imputation, was computed for each imputation
model (Crookston and Finley 2008; Stage and Crookston 2007).
RMSD% is calculated as follows:

(1)  RMSD% =

where n is the number of samples, y; and §; are the observed and
imputed attributes, respectively, and y is the mean of the observed
attribute.
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Fig. 5. MM09 model results self-validated with the 2009 field data. Each field plot is represented by an open circle. The x axis represents the
value of the nearest neighbor for a specific response variable; the y axis represents the plot value summarized by FVS. The shaded region
represents the 95% CI. The equation for the line of best fit and corresponding R? value are displayed for each plot, along with the mean bias
error (MBE) and root mean square difference (RMSD%). AGC, aboveground carbon; BA, basal area; SDI, stand density index; Vol, total stem

volume.
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The same metrics described in the intrayear validation section
above were calculated for the interyear validation. The 2009 field
data were used to validate application of the MMO03 imputation
model to the 2009 LiDAR, while the 2003 field data were used to
validate application of the MMO09 imputation model to the 2003
LiDAR. The MM03, MM09, and MMpooled imputation models
were also applied to the gridded 2003 and 2009 LiDAR metrics to
produce 2003 and 2009 response variable maps of the study area.

Landscape-level trends

Plot-level changes were calculated by subtracting field measure-
ment summaries of 2003 values from field measurement summa-
ries of 2009 values. Landscape-level changes were calculated by
comparing response variable maps from the different models.
Hudak et al. (2012) found that plots identified as harvested had
experienced losses greater than 33 Mg-ha-' AGC (50% of 66 Mg-ha~1 of
aboveground tree biomass) over the 6-year period; therefore, us-
ing this threshold, every pixel was classified as harvested or non-
harvested. Pixels that had no LiDAR returns greater than 1.37 m in
both 2003 and 2009 were classified as nonforested (Hudak et al.
2012). Landscape-level changes were estimated for harvested, non-
harvested, and nonforested areas by subtracting imputation re-
sults generated from the 2003 LiDAR collection from imputation
results generated from the 2009 LiDAR collection.
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Results

Sample plot assessment

PCA analyses were performed to determine if the field plots
encompassed the complete range of structural conditions on the
landscape. The first four principal components of the PCA built
from the 2003 LiDAR metrics explained 66%, 12%, 5%, and 5% of the
variation, respectively, and those of the PCA from the 2009 LiDAR
metrics explained 60%, 14%, 7%, and 5% of the variation, respec-
tively. Projecting the LiDAR metrics for the 2003 and 2009 field
plots into PCA feature space suggests that the stratification scheme
based on biophysical characteristics encompassed the majority of
the structural conditions across the landscape, although some
conditions were not represented. The 2009 field inventory did not
capture the full range of variability (e.g., areas with extremely
high LiDAR mean heights were not included in the sample); how-
ever, these conditions were represented by three field plots in
2003 (Fig. 2). Field data showed that these three plots had two or
fewer large trees, and on the landscape level, visual inspection of
aerial images showed that the undersampled areas represented
stands with few, evenly spaced trees indicative of shelterwood or
seed tree harvests. Although the stratification based on bio-
physical characteristics did not perfectly match the structural
conditions, the PCA analysis provides support that the refer-
ence observations from 2003 and 2009 can be combined into a
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Fig. 6. Imputed and observed response variables when MMO3 is applied to the LiDAR metrics calculated within the 2009 field plots. Each field
plot is represented by an open circle. The x axis represents the value of the nearest neighbor for a specific response variable; the y axis
represents the plot's value summarized by FVS. The shaded region represents the 95% CI. The equation for the line of best fit and
corresponding R? value are displayed for each plot, along with the mean bias error (MBE) and root mean square difference (RMSD%).

AGC, aboveground carbon; BA, basal area; SDI, stand density index; Vol, total stem volume.
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pooled model that ultimately better characterizes the range of
variability across the study area.

Fourteen additional field plots were installed in 2009 to account
for changes caused by forest management activities that had oc-
curred since 2003. To determine if the additional 14 plots were
comparable with the established field plots, Mann-Whitney tests
were performed on the forest attributes. In all cases, there was no
statistical evidence that the means differed between the estab-
lished and additional field plots (AGC, p = 0.373; BA, p = 0.283; SDI,
p =0.275; Vol, p = 0.236).

Intrayear imputation

The independently derived imputation models, MMO03 and
MMO09, were applied to the target observations (i.e., gridded LiDAR
metrics) from 2003 and 2009, respectively, in an effort to confirm
the hypothesis that forest inventory attributes can be imputed
across space.

Model based on 2003 dataset (MMO03)

The MBE suggests that MMO03 overpredicts AGC, BA, SDI, and
Vol by 6 Mg-ha—!, 1m2-ha~%, 8 SDI units, and 4 m3-ha!, respectively
(Fig. 3). Of the four explanatory variables, the slope of the AGC line
of best fit showed the greatest deviation from unity (slope = 0.90);
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additionally, the R? value of the line of best fit was the smallest
(R? = 0.74) for AGC. The 95% CI for the line of best fit contains the
1:1 line for BA and Vol; however, at an SDI less than 14 and AGC
values less than 35 Mg-ha—1, the 95% CI does not contain the 1:1line
(Fig. 3). The RMSD% for AGC, BA, SDI, and Vol were 52%, 38%, 35%,
and 45%, respectively. The intrayear imputation map of BA based
on MMO3 can be found in Fig. 4A; AGC, SDI, and Vol can be found
in Supplementary Figs. S1A, S2A, and S3A,! respectively.

Model based on 2009 dataset (MMO09)

Similar to MMO03, the MBE for MMO09 overpredicts the four
explanatory variables for AGC, BA, SDI, and Vol by 5 Mg-ha™1,
2 m?-ha71, 10 SDI units, and 5 m3-ha-1, respectively (Fig. 5). Of the
four explanatory variables, the AGC self-validation plot slope also
deviated the greatest from unity (slope = 0.93); additionally, the
R? value was the smallest (R? = 0.53) for AGC. Unlike the results for
MMO3, the 1:1line is within the 95% CI for the line of best fit for the
four response variables (Fig. 5). The RMSD% for AGC, BA, SDI, and
Vol were 72%, 39%, 34%, and 48%, respectively. The intrayear im-
putation map of BA based on MMO09 can be found in Fig. 4D; AGC,
SDI, and Vol can be found in Supplementary Figs. S1D, S2D, and
S3D,! respectively.

1Supplementary data are available with the article through the journal Web site at http://nrcresearchpress.com/doi/suppl/10.1139/cjfr-2014-0405.
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Fig. 7. Imputed and observed response variables when MMO09 is applied to the LiDAR metrics calculated within the 2003 field plots. Each field
plot is represented by an open circle. The x axis represents the value of the nearest neighbor for a specific response variable; the y axis
represents the plot's value summarized by FVS. The shaded region represents the 95% CI. The equation for the line of best fit and
corresponding R? value are displayed for each plot, along with the mean bias error (MBE) and root mean square difference (RMSD%).

AGC, aboveground carbon; BA, basal area; SDI, stand density index; Vol, total stem volume.
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Interyear imputation

We applied the independently derived MM03 and MMO09 impu-
tation models to the target observations in 2009 and 2003, respec-
tively, to test the hypothesis that forest inventory attributes can
be imputed across time.

MMO03 model based predictions from 2009 LiDAR

MBE shows that AGC was underpredicted by 5 Mg-ha~?, and Vol
was overpredicted by 10 m3-ha~!; BA and SDI showed practically
no bias. The slopes of the line of best fit for interyear validation
plots ranged from 0.81 to 0.91, and the four response variables
showed portions of the plot that were outside the 95% CI for the
line of best fit (Fig. 6). The R? value was the smallest and the slope
deviated the greatest from unity for AGC. The interyear imputa-
tion map of BA based on MMO03 can be found in Fig. 4B; AGC, SDI,
and Vol can be found in Supplementary Figs. S1B, S2B, and S3B,!
respectively.

MMO09 model based predictions from 2003 LiDAR

MBE shows that MMO09 overpredicted AGC by 6 Mg-ha-!, BA by
2 m?-ha-!, and SDI by 9, whereas Vol was underpredicted by
2 m3-ha Slopes of the line of best fit for the interyear validation
plots ranged from 0.84 to 0.99. Portions of the 1:1line for AGC and
Vol were outside the 95% CI for the line of best fit. The 1:1 line is
within the 95% CI for the line of best fit for BA and SDI. Once again,
the R? value was the smallest and the slope deviated the greatest
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from unity for AGC (Fig. 7). The interyear imputation map of BA
based on MMO09 can be found in Fig. 4C; AGC, SDI, and Vol can be
found in Supplementary Figs. S1C, S2C, and S3C,* respectively.

Imputation without regard to time

To test the hypothesis that forest inventory attributes may be
imputed without regard to time, the field data from 2003 and
2009 were pooled to create an additional model, MMpooled. As
mentioned early, the spatial extent differed between the 2003 and
2009 LiDAR collections and eight field plots scanned by LiDAR
only in 2003 were excluded when building MMpooled; six of these
eight excluded plots did not have any trees larger than 12.7 cm
DBH and the other two excluded plots had low BA (i.e., 5 and
16 m2-ha-1). MMpooled showed improvement in the fit statistics
over MM03 and MMO09. For example, the R? statistic was 0.90 for
MMpooled BA compared with 0.85 and 0.79 for MM03 and MM09
BA, respectively. Additional fit statistics can be found in Fig. 8.

Another way to assess performance of MMpooled was by inves-
tigating the proportions of 2003 and 2009 plots chosen as nearest
neighbors when imputing at the landscape level. Because 46.1% of
the reference observations were measured in 2003 and 53.9% were
measured in 2009, we expect nearest neighbors to be assigned to
target pixels in the same proportions. Maps of plot identification
numbers were generated and analyzed for MMpooled. When us-
ing the 2003 LiDAR data as the target observations, the distribu-
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Fig. 8. Imputed and observed response variables when MMpooled is applied to the LiDAR metrics calculated within the 2003 and 2009 field
plots. The x axis represents the value of the nearest neighbor for a specific response variable; the y axis represents the plot value summarized
by FVS. The solid line is the regression line of best fit, the dashed line is 1:1, and the shaded region represents the 95% CI. The equation for the
line of best fit and corresponding R? value are displayed for each plot, along with the mean bias error (MBE) and root mean square difference
(RMSD%). AGC, aboveground carbon; BA, basal area; SDI, stand density index; Vol, total stem volume.
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100

tion of nearest neighbor pixels were 47.3% from 2003 and 52.7%
from 2009. When the target observations were the 2009 LiDAR
data, MMpooled chose 45.1% and 54.9% of pixels from 2003 and
20009, respectively.

Landscape-level trends

The 2009 field crew identified 20 of the 75 repeated measure-
ment plots (26.7%) as having been harvested sometime between
the two measurement periods. Assuming that the lack of monu-
ments on the 55 nonharvested plots with repeated measures had
arandom and negligible effect on the reference observations, the
following plot-level changes were estimated: +1.24 Mg-ha—!.year—!
(SE = 0.61 Mg-hatyear) for AGC; +0.35 m?-ha'year (SE =
0.15 m?ha-lyear!) for BA; +2.96 SDI units-ha-lyear! (SE =
112 SDI units-ha—tyear!) for SDI; and +2.87 m?3-ha-lyear!
(SE = 0.68 m3-hal.year!) for Vol. Plot-level changes of BA are
displayed in Fig. 9.

Annual landscape-level changes were calculated in areas classi-
fied as harvested, nonharvested, and nonforest (Fig. 10; Table 4).
The annual BA growth in nonharvested areas was estimated as
follows: +0.46 m2-ha-'.year~! (SE = 0.0 m?-ha-'year—') for MMO03;
+0.31 m?-ha-'year! (SE = 0.0 m2-halyear!) for MM09; and
+0.38 m?-ha—!.year! (SE = 0.0 m2-ha-!-year—!) for MMpooled. Ex-
cept in three cases, MMpooled produced estimates of change that
were either equal to or between the other two models' estimates.
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The exceptions were as follows: MMpooled estimated less change
in volume for harvested areas (MMO03, -17.8 m3-ha~'.year—!; MMO09,
—18.1 m3-ha~'.year-'; MMpooled, -17.4 m3-ha-1.year—?), less change
in SDI for all of the study area (MMO03, -5.3 m3-ha-'-year-'; MM09,
-5.3 m3-ha-lyear!; MMpooled, -5.2 m3-ha-'year!), and less
change in Vol for all of the study area (MMO03, -2.4 m3-ha-!-year%;
MMO09, -2.6 m3-hal.year-!; MMpooled, -2.3 m3-ha-!-year?).

Discussion

An up-to-date forest inventory allows resource managers to
make timely decisions, which ultimately supports long-term for-
est management goals. Forest inventories incorporating LiDAR
data provide resource managers with wall-to-wall estimates (i.e.,
maps) of desired forest attributes for forest planning (White et al.
2013b; Falkowski et al. 2010). When using imputation, combining
temporally disparate field plots and associated LiDAR metrics in-
creases the number of reference observations, thus increasing the
likelihood that a more similar nearest neighbor will be found, and
may ultimately lead to more robust maps of inventory attributes.
Imputing across space (termed intrayear imputation in this paper)
has been demonstrated by multiple studies (Zald et al. 2014; Hudak
et al 2008). Imputing forest attributes across time is novel but not
as likely to be applied by resource managers operationally. Imput-
ing forest attributes without regard to time is the novel result of
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Fig. 9. Basal area (BA) for plots with repeat measurements (n = 75).
The best fit line, linear equation, and R? results apply to the
nonharvested plots only.
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this research and has the most practical implications for forest
managers, given the temporally varying and disparate field and
LiDAR datasets most often available to them. Therefore, we focus
the ensuing discussion on this result, the implications of this
result for forest monitoring and change detection, and lastly, point
out some important sampling design issues to consider.

Imputation without regard to time

The 2003 and 2009 field sampling designs both effectively sam-
pled a wide variety of forest types present in our study area, rang-
ing from stand regeneration to old single-story and old multistory
forests distributed across the landscape. Forest structural condi-
tions can be expected to deviate from their initial landscape
distribution over time due to dynamic processes such as forest
growth, mortality, and succession. Although the overall spatial
distribution of structural conditions changed, we assumed that
the structural conditions that existed in 2003 also existed in 2009
somewhere on the landscape. This assumption was supported by
the fact that the pooled imputation model had a similar ratio of
reference observations from each inventory year to the ratio of
nearest neighbor pixels assigned to a given year. In other words,
imputing 2003 and 2009 response variables with MMpooled re-
sulted in similar allocations of reference observations from each
year. This result demonstrates that imputation across time is pos-
sible, but caution is advised when target observations are outside
the range of reference observations. For example, it was necessary
to limit both the reference observations (sample plots) and target
observations (LiDAR collection extents) considered with MMpooled
to those observations characterized in both years.

Techniques such as the PCA analysis (White et al. 2013b) can
provide additional insight into whether or not reference obser-
vations from different sampling exercises can be combined. The
field plots from 2003 and 2009 are projected to similar areas of the
PCA feature spaces regardless of the LiDAR acquisitions. Addition-
ally, three field plots (Fig. 2) from 2003 represented structural
conditions not sampled in the 2009 inventory, which ultimately
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Fig. 10. Maps showing change in aboveground carbon (AGC) for
(A) MMO3, (B) MM09, and (C) MMpooled.
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provided an improved set of nearest neighbors in the pooled
model.

Identifying landscape-level trends between successive
acquisitions

Repeated LiDAR acquisitions are ideal for identifying areas of
structural change across a landscape. It is easy to identify stands
that experienced a large disturbance (e.g., harvest, stand-replacing
fire) by either manual interpretation of maps or automated means,
but more difficult to identify subtler disturbances (e.g., single-tree
blowdown, pest defoliation). Hudak, et al. (2012) used the same
repeated LiDAR and field data employed herein to estimate the
change in aboveground tree biomass on Moscow Mountain. Bio-
mass change was estimated for the portion of nonharvested land-
scape at 4.1 Mg-ha!.year—!; assuming that 50% of a tree's biomass
is carbon, this equates to 2.05 Mg-ha—'-year-'. The current study
estimated smaller increases in carbon stocks (Table 4). A key dif-
ference between this study and Hudak et al. (2012) is that they did
not use a single model to impute across time, but compared
aboveground tree biomass between two independently imputed
maps. We could not definitively assess which approach is more
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Table 4. Estimates of 2003-2009 landscape-level change in harvested, nonharvested, and nonfor-

est areas.
Land type MMO3 MMO09 MMpooled
AGC (Mg-ha-'.year) Harvested —16 2(0.03) -14.0 (0.03) -14.6 (0.03)
Nonharvested 7 (0.01) 1.0 (0.01) 1.3(0.01)
Nonforest 0. 02 (0.00) 0.01(0.00) 0.01(0.00)
Total —2.2(0.01) —2.0 (0.01) —2.0(0.01)
BA (m?-hal.year?) Harvested -5.0 (0.01) —4.7 (0.01) -4.8(0.01)
Nonharvested 0.46 (0.00) 0.31(0.00) 0.38 (0.00)
Nonforest 0.00 (0.00) 0.01(0.00) 0.00 (0.00)
Total —0.7 (0.00) —0.7 (0.00) -0.7 (0.00)
SDI (SDI units-ha—'.year?) Harvested —34 5(0.07) -35.2 (0.07) -34.7 (0.07)
Nonharvested 7(0.02) 2.1(0.02) 2.4 (0.02)
Nonforest 0. 04 (0.00) 0.07 (0.00) 0.04 (0.00)
Total -5.3(0.02) -5.3(0.02) -5.2(0.02)
Vol (m3-ha-'-year!) Harvested —17 8(0.04) —-18.1(0.04) -17.4 (0.04)
Nonharvested 9(0.01) 1.2 (0.01) 1.6 (0.01)
Nonforest 0. 01 (0.00) 0.01(0.00) 0.01(0.00)
Total —2.4(0.01) —2.6 (0.01) -2.3(0.01)

Note: Harvested areas were found by locating pixels that had experienced at least an AGC decrease of
33 Mg-ha-l.year-'. Nonforested areas were identified as having no LiDAR returns above 1.37 m in both 2003 and
2009. All other areas were considered nonharvested. MM03, Moscow Mountain 2003 model; MM09, Moscow
Mountain 2009 model; MMpooled, Moscow Mountain pooled model; AGC, aboveground carbon; BA, basal area;

SDI, stand density index; Vol, total stem volume.

accurate, but from a practical standpoint, forest managers are less
likely to have the luxury of two repeated collections of LIDAR and
field data (i.e., Hudak et al. 2012) than a single field survey and two
(or more) LiDAR surveys to provide target observations (as tested
in this study).

The current study classified 21.1%, 19.6%, and 20.2% of the land-
scape as harvested based on MM03, MM09, and MMpooled mod-
els, respectively, whereas Hudak et al. (2012) estimated 26.3%
as harvested. The total landscape-level change for AGC was
estimated as -2.2, -2.0, and -2.0 Mg-ha-'-year—! for MM03, MMO09,
and MMpooled, respectively (Table 4), whereas Hudak et al. (2012)
estimated AGC change as -2.85 Mg-ha-!-year—1(-5.7 Mg-ha—!.year—!
biomass). Although the estimated changes of AGC within nonhar-
vested areas differ between this study and Hudak et al. (2012), the
total landscape-level changes (considering harvested areas as well)
are in closer agreement.

It is important to note that an objective of Hudak et al. (2012)
was to impute total aboveground biomass, biomass of the domi-
nant species, and the name of the dominant species, whereas the
current study imputed AGC, BA, SDI, and Vol. The difference in
forest inventory attributes chosen as response variables and the
corresponding predictor variables selected as important could
also contribute to the lack of agreement between the two studies.
As already noted, the summary statistics for AGC were the poorest
of the response variables (Figs. 2, 4), which may also contribute to
disagreement for this attribute between the two studies.

Inventory design factors impacting results

The forest inventory data in each year were not collected spe-
cifically with this study in mind; therefore, minor differences in
inventory design exist between the two datasets, impacting the
results presented herein. Factors such as total number of plots
and the distribution of reference and target observations between
sampling years should be carefully considered when developing
forest imputation models across time. Each of these variables is
considered in more detail in this section.

Number of plots

Installing additional inventory plots provides additional refer-
ence observations, which could potentially improve model results
by increasing the number of potential nearest neighbors (Stage
and Crookston 2007; Moeur and Stage 1995). However, installing

additional field plots might be prohibitively expensive or time
consuming. Resource managers must balance the cost of perform-
ing a forest inventory with the benefit received. As new LiDAR
data are collected, managers may opt to not install new field plots
for model building and instead impute across time by applying an
existing imputation model to the more recent LiDAR data. Alter-
natively, field plots could be installed to validate the ability of the
model to impute across time. In this study, 14 additional field
plots were established in 2009 during the landscape restratifica-
tion. These plots not only filled unrepresented biophysical strata,
but also had the advantage of increasing the sample size for MM09
and MMpooled.

Imputing without regard to time would allow managers to use
LiDAR and field measures from multiple years to build new mod-
els, which effectively increases the number of reference observa-
tions used in model building. If plot-level data are to be combined
from multiple years, care must be taken to ensure that the plot-
level data are summarized consistently. For example, this study
excluded trees between 10.2 and 12.6 cm DBH measured in the
2009 field inventory because the minimum DBH in 2003 was
12.7 cm. Likewise, LiDAR metrics need to be calculated using the
same equations and parameters if plot-level metrics are going to
be combined.

Distribution of observations

It is important that reference observations are well distributed
across the full range of forest conditions. Eskelson et al. (2009)
noted that target observations representing rare conditions might
produce unacceptable nearest neighbor assignments. Indeed,
nearest neighbor imputation methods cannot predict outside the
range of reference observations (Moeur and Stage 1995). We ob-
served this fact in the current study. The field data used in this
study were selected according to a stratified random sampling
design in an attempt to capture the complete range of biophysical
conditions present in the study area. The PCA analysis highlighted
structural conditions that were underrepresented in the 2009
field inventories — shelterwood and seed tree harvests (Fig. 2).
Additional field plots in these stands could have improved the
model results. However, by pooling the two sets of inventory data,
the resulting model better represented the portion of the land-
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scape with high mean heights, suggesting that MMpooled better
captured the structural variability on the landscape.

The timing of the 2003 LiDAR collection prevented LiDAR-
derived structural metrics from being used in the original land-
scape stratification; instead, biophysical characteristics were used.
Consequently, the field sample only included one plot at the very
high end of the structural development gradient present in the
study area (i.e., an old-growth plot). This plot had a negative im-
pact on our results because the statistical nearest neighbor to the
old-growth plot was quite different in terms of forest structural
conditions. Excluding the old-growth plot from this analysis im-
proves the self-validation statistics above those reported here, but
because old-growth conditions do exist on the landscape and ran-
dom forest is a nonparametric technique, the old-growth plot was
kept to preserve the overall integrity of inventory maps derived
from the imputation. Future studies and application should seri-
ously consider oversampling the tails of the distribution of struc-
tural conditions (or other rare conditions) present on the landscape.
Doing so would allow the imputation to leverage additional refer-
ence observations of rare conditions, especially if characterizing
rare conditions is a management priority.

Conclusions

The goal of this study was to investigate imputing forest inven-
tory attributes across time and not just space as a means to en-
hance inventory accuracy and efficiency. We took advantage of
the availability of repeated field and LiDAR surveys to test the
feasibility of imputing across time or without regard to time.
Models built by pooling reference observations from 2003 and
2009 resulted in nearest neighbors being selected proportional to
the number of reference observations used to build the model,
regardless of the year in which the plot was measured. This
greatly increased the number of plots available to resource man-
agers when building LiDAR-based imputation models. This study
demonstrated that the relationship between LiDAR metrics and
field data are still valid without regard to time, suggesting that
reference observations collected following consistent field sam-
pling and LiDAR processing protocols may be likened to “structural
signatures” that can be extended throughout time for imputation
modeling and mapping. Landscape-level trends were successfully
identified from repeated LiDAR acquisitions, providing resource
managers with valuable information regarding temporal changes
in forest attributes. Substitution of “space for time” is commonly
assumed and applied in ecological studies, but “time for space”
substitution may be justifiable as well. These results have practi-
cal value to forest resource managers, especially as the number of
LiDAR acquisitions across the landscape increases over time.
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