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ABSTRACT

This thesis focuses on the imputation of tree-level inventory for light detection and ranging
(LiDAR) grid cells across 83 000 ha of spruce (Picea sp.) plantations to permit forecasting
forest inventory using a tree-list growth model. Grid cells with LIDAR-derived inventory
predictions were matched with one of over 5500 spruce plantation sample plot
measurements based on planted species and minimum sum of squared difference between
total and merchantable basal area, total and merchantable volume, top height, and
merchantable quadratic mean diameter. Imputed tree lists resulted in inventory variable
values that were highly correlated with observed values and statistically equivalent basal
area distributions. When input into a locally calibrated tree-list growth model, variable
increments predicted using imputed tree lists were strongly correlated with those using
measured tree lists, resulting in predicted volumes that were similar to observed volumes.
Using forecasted inventory variables, annual commercial thinning treatments were planned

at grid-cell resolution from 2018-2020.
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CHAPTER 1: GENERAL INTRODUCTION



1.1 Introduction

Active remote sensing technology for predicting forest inventory, specifically light
detection and ranging (LIDAR), has vastly improved the resolution of forest inventory.
LiDAR sensors emit pulses of laser light to the surface below from a fixed-wing aircraft
and measure the roundtrip time from emission to return to calculate distance travelled to
target. When the target is a forest canopy, some of the light will reflect off of the canopy
(first return) while the remaining light may penetrate and come into contact with stems,
branches, or leaves (intermediate returns) and finally, the ground (final return) (Reutebuch
et al. 2005; Akay et al. 2009). Using a global positioning system (GPS), the geographic
location of the aircraft is recorded during flight, while the three-axis orientation (pitch, roll,
and yaw) is determined with an inertial measurement unit (Wehr and Lohr 1999). Precise
vertical and horizontal location of each return is determined by mathematically integrating
the LIiDAR return data with GPS coordinates and the angular measurements from the
inertial measurement unit to produce a single file referred to as a “point cloud” (Evans et
al. 2006). Processing the point cloud to identify ground returns allows for the development
of highly accurate digital elevation models (DEM) relative to sea level, with approximately
15-cm error in open areas (Pereira and Janssen 1999) and 31-cm under dense conifer forest
cover (Reutebuch et al. 2003). Canopy heights are calculated by subtracting the ground
elevation (from the DEM) from the elevations of the non-ground first returns, while the
subtraction of the ground elevation from the intermediate returns provides the vertical
distribution of the forest structure (Dubayah and Drake 2000; White et al. 2013).

Apart from the DEM and canopy heights that can be obtained directly from the

LiDAR point cloud, additional variables can be predicted based on the vertical distribution
2



and density of LIDAR returns. Forest inventory variables can be predicted by determining
the statistical relationship between variables measured in ground calibration plots and the
corresponding LiDAR point cloud. Around the time of the flight, calibration plots are
established to measure variables of interest (i.e., species, diameter at breast height [DBH],
total height, etc.), which can then be used to calculate additional plot-level variables (i.e.,
total volume, total basal area, quadratic mean diameter, etc.). Plot locations are geo-
referenced using a survey-grade GPS unit with sub-metre accuracy and selected to capture
the range of forest structure variability (White et al. 2013). Using a geospatial processing
program, (e.g., ArcGIS [ESRI, Redlands, CA]) the point cloud is “clipped” to the
corresponding calibration plot locations. LIDAR point-cloud statistics are calculated for
each associated calibration plot and include measures such as mean return height, return
height percentiles, and standard deviation of return heights. Using parametric or non-
parametric methods, the statistical relationship between inventory variables and point-
cloud statistics is determined and used to predict variable values in non-sampled areas at
resolutions matching the size of the calibration plots (e.g., 20 x 20 m) (Penner et al. 2013;
White et al. 2013). This approach has been used for the prediction of forest inventory
variables including average tree height (Naesset 1997; Magnussen and Boudewyn 1998),
average tree DBH (Woods et al. 2008; Hayashi et al. 2014), basal area (Means et al. 2000;
Holmgren et al. 2004), and volume (Nilsson 1996; Lim et al. 2003). The precision levels
of these estimates have been shown to be comparable to those obtained from typical field
inventories (i.e., sampling stands with several field plots) (Nasset and Bjerknes 2001;

Naesset et al. 2005).



Quantifying forest inventory variables at 20 x 20 m resolution across entire forest
estates is a vast improvement over existing inventory methods, which rely heavily on the
sampling and the measurement of just one or two percent of the areas of interest. Typically,
averaged estimates of stand volumes are obtained using temporary sample plots, which
allow for the development of species- and management-based yield curves, or by using
forest growth models to forecast development of stand structure and composition.
Although this inventory method provides the means to obtain forecasted stand development
over time, these estimates of future forest inventory are broad and do not capture between-
and within-stand spatial variability. As a result, traditional inventory must be supplemented
with costly and time consuming pre-harvest ground verification to ensure that stands meet
wood supply requirements. However, LIDAR-derived inventory permits the quantification
of current between- and within-stand spatial variability, and this high structural resolution
offers the potential to then ‘grow’ the inventory spatially using existing stand growth
forecasting methods. To take advantage of this potential, a method for forecasting LIDAR-
derived inventory at grid-cell resolution is needed. The main requirement is accurate
estimation, for each 20 x 20 m grid cell, of all variables required as input to forest growth

models.

1.2 Overall goal and specific objectives

This study is part of the larger Assessment of Wood Attributes from Remote
Sensing (AWARE) Natural Science and Engineering Research Council of Canada
(NSERC) Collaborative Research and Development (CRD) funded project. The overall

goal of the AWARE project is to use current remote sensing technologies to enhance forest
4



inventories and provide the fundamental information to improve forest management
practices in Canada’s forests. This specific study will assess the ability to forecast LIDAR-
derived forest inventory to spatially plan annual commercial thinning treatments using
LiDAR-derived inventory variables. Specific objectives are to:

1. Develop and test a method to impute tree-level inventory for individual LiDAR
grid cells in spruce (Picea sp.) plantations using existing forest inventory plot
measurements and a nearest neighbor matching algorithm (Chapter 2);

2. Assess the accuracy of forecasted forest inventory using tree-level inventory
imputed for individual LiDAR grid cells and a locally calibrated tree-list growth
model (Chapter 3);

3. Spatially plan annual commercial thinning treatments using a commercial thinning

ranking system (Chapter 3).

1.3 Thesis structure
This thesis is presented in an “article” format. The body of the thesis consists of
two distinct chapters (Chapters 2 and 3), which are described below. The last chapter of

the thesis (Chapter 4) presents a general discussion of the conclusions from these chapters.

Chapter 2 presents methods for imputing tree-level inventory for LiDAR grid cells in
spruce plantations using existing measurements of permanent sample plots in other spruce
plantations throughout New Brunswick. This chapter has been published in the Canadian
Journal of Remote Sensing (Lamb, S.M., MacLean, D.A., Hennigar, C.R., and Pitt, D.G.

2017. Imputing tree lists for New Brunswick spruce plantations through nearest-neighbor
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matching of airborne laser scan and inventory plot data. Can. J. Remote Sens. 43(3): 269—

285).

Chapter 3 evaluates the accuracy of imputed tree lists (trees by species and size) for
LiDAR grid cells and a locally calibrated tree-list growth model to forecast inventory
variables for 10 years in 1-year time steps and then demonstrates the application of this
forecasted inventory for spatially planning annual commercial thinning treatments. This
chapter is planned for submission for publication as: Lamb, S.M., MacLean, D.A.,,
Hennigar, C.R., and Pitt, D.G. 2018. Forecasting forest inventory using imputed tree lists

for LiDAR grid cells and a tree-list growth model, in the journal Forests.

| was the primary author for the manuscripts in the body of this thesis (Chapters 2
and 3). Dr. David A. MacLean, Dr. Chris R. Hennigar, and Dr. Douglas G. Pitt are included

as co-authors on these manuscripts.
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2.1 Abstract

Light detection and ranging (LIDAR) has greatly improved the spatial resolution and
accuracy of operational forest inventories. However, a cost-effective method to impute
species-specific tree-level inventory is needed, to be used as input to tree or stand growth
models to project single-point-in-time LIDAR estimates. We evaluated a method to match
stand structural variables estimated from LiDAR to those in a library of over 5500 sample
plot measurements to impute tree lists for LIDAR grid cells across 83 000 ha of spruce
(Picea sp.) plantations. Matches were determined based on planted species and minimum
sum of squared difference between six inventory variables. Forest inventory variables
obtained by the plot matches were highly correlated (r = 0.91-0.99) with those measured
on 98 validation plots. Basal area distributions derived from plot matching were
statistically equivalent to those observed on the validation plots 86% of the time (a = 0.05).
When we aggregated the predictions for all validation plots, there was minimal difference
between predicted and actual basal area distributions by planted species and species
compositions were similar. Plot matching is a valid method to impute tree lists for LIDAR
cells that combines the wealth of existing plot data with high resolution LiDAR-derived

variables.
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2.2 Introduction

Use of active remote sensing technology in industrial forestry, specifically airborne
laser scanning (ALS, a.k.a. light detection and ranging [LiDAR]), has improved the ability
of forest managers to make sound forest operations planning decisions with minimal field
verification (Woods et al. 2011). LiDAR has improved the accuracy and resolution of
digital elevation models compared to those derived from photogrammetry or topographic
maps (Hodgson et al. 2003; Schiess and Krogstad 2003), and greatly assists in predicting
forest hydrology (James et al. 2007; Murphy et al. 2008b), constructing accurate wet areas
maps (Murphy et al. 2008a; White et al. 2012), identifying potential wildlife habitat (Hyde
et al. 2005; Martinuzzi et al. 2009), and reducing costs of forest roads planning (Aruga et
al. 2005).

LiDAR also provides a means to estimate forest inventory variables in a wall-to-
wall fashion at high, previously unobtainable spatial resolutions (e.g., grid-cell predictions
of 10-30 m), with stand-level errors comparable to those of typical field inventories
(Naesset et al. 2005; Penner et al. 2015). Estimates are based on determining regression or
non-parametric relationships between inventory variables collected from field-measured
calibration plots and statistics describing the corresponding vertical distribution and
density of LIDAR returns; commonly referred to as the area-based approach (e.g., White
et al. 2013; Penner at al. 2013). The area-based approach has been used to predict mean
height (Nasset 1997; Magnussen and Boudewyn 1998), basal area (Means et al. 1999;
Holmgren 2004), volume (Means et al. 2000; Lim et al. 2003), quadratic-mean diameter
(Woods et al. 2011; Hayashi et al. 2014), and basal area distribution (Maltamo et al. 2009;

Gobakken and Nasset 2004).
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The ability to quantify forest inventory variables at high spatial resolution across
entire forest estates is a vast improvement over the traditional strategic inventory methods
currently used in many of Canada’s forests. Currently, sample plots from a range of stand
types at varying stages of development are typically used to construct averaged age-based
yield curves for broad species compositions and management types, which are then applied
to photo-interpreted forest inventory polygons. This permits coarse estimation of current
and future forest inventory variables, such as stand volume or basal area, suitable for
strategic (long-term, 20-year) forest management decision making, but does not capture
within-stand spatial variability for tactical (5-year) and operational (1-year) decision
making. Tactical and operational planning must then be supplemented with costly pre-
harvest ground verification or “operational cruising” to confirm that stands slated for
harvest meet wood supply requirements. In contrast, the spatial resolution of LiDAR-
derived forest inventory allows characterization of within- and between-stand variability,
with minimal ground verification, and provides a stronger link between operational and
strategic forest management (Nasset 2007; Woods et al. 2011).

Although LiDAR-derived forest inventory estimates are considered superior to
conventional inventory methods, LIiDAR acquisition and calibration is expensive and
shares the problem with all inventory methods of being a single-point-in-time estimate. To
extend the life of expensive LiDAR acquisition and forecast forest development at the grid-
cell resolution, LiDAR-derived inventory variables (e.g., mean tree height, stem density,
etc.) have been used as inputs in process-based forest models (Harkoénen et al. 2013) and
for matching grid cells with yield curves derived from size-class growth models

(Tompalski et al. 2016). These growth models did not provide individual tree-level
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forecasts and therefore do not provide the means to track important forestry and
biodiversity variables such as species-specific product volumes and percent composition.

One alternative method to forecast LiDAR-derived variables and obtain more
detailed inventory measures would be to use individual tree, distance-independent growth
and yield models that predict development of individual tree characteristics, otherwise
known as tree-list growth models (Crookston and Dixon 2005). These models combine
known site productivity and measured tree-level inventory (i.e., species, diameter at breast
height [DBH], and height) for the area of interest to predict forest inventory development
over time and allow forest managers to quantify species-specific product returns, changes
in species composition, and changes in wildlife habitat (Crookston and Dixon 2005;
FORUS Research 2011). However, since tree-list growth models require tree-level
inventory, there is a need for a practical means of bridging the gap between LiDAR-derived
area-based estimates and tree lists.

Prior to the use of LIiDAR in industrial forest management, non-parametric k-
nearest neighbor imputation methods were used to impute complex stand variables, such
as diameter distribution, for target data based on accurately measured reference data (Haara
et al. 1997; Maltamo and Kangas 1998). These non-parametric methods have been
effective in the prediction of LiDAR-derived species-independent diameter distribution
(Gobakken and Naesset 2004; Maltamo et al. 2009, Shang et al. 2017), species-specific
stand variables (Packalén and Maltamo 2006; 2007), and have been used to accurately
predict species-specific diameter distributions (Packalén and Maltamo 2008; Peuhkurinen

et al. 2008).
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Although LiDAR-derived species-specific diameter distribution estimates could be
used in a tree-list growth model, the substantial number of calibration plots required to
capture a range of complex tree-level conditions may be prohibitive. For example,
Packalén and Maltamo (2008) and Peuhkurinen et al. (2008) used nearly 500 sample plots
to obtain accurate species-specific estimates for their respective 2000 ha and 1200 ha
landbases. If species is ignored, basal area distribution may be accurately estimated for
large areas with as few as 100 sample plots (Maltamo et al. 2009).

Using more than one observation to create an average estimate of tree-level
inventory, as done by Packalén and Maltamo (2008) and Peuhkurinen et al. (2008) (n = 5),
reduces estimation error, but ultimately creates a unique tree list for each LiDAR grid cell.
For large forests, data storage and forecasting of each grid cell with a tree-list model may
be problematic. Falkowski et al. (2010) showed that use of one nearest neighbor and a
small sample of reference plots (88) resulted in good stand-level estimates for basal area
and volume (r > 0.88), but only moderate to low estimates for density of trees > 23 cm and
<23 cm (DBH) (r = 0.55-0.64 and 0.09-0.39, respectively) and species classification that
was < 31% better than random chance. The use of crown segmentation of LiDAR returns
has also been shown to be an effective method for estimating tree-level inventory
(Vauhkonen et al. 2010; Lindberg et al. 2013), however, the issue of a large number of
unique tree lists remains. Additionally, a pulse density of 5-10 pulses-m? is typically
required for accurate tree delineation (Hyyppa and Inkinen 1999; Persson et al. 2002),
making this a more expensive option when compared with the pulse density required to
make accurate inventory estimates using the area-based approach (as low as 0.1 pulses'm’

2) (Maltamo et al. 2006; Gobakken and Naesset 2008). Ultimately, a method that would
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allow for accurate imputation of tree-level inventory for area-based LIiDAR grid cells,
without the need for large amounts of expensive calibration field data or high density
LiDAR, would be an attractive option for forest managers.

Existing, historical permanent and temporary sample plot data could provide the
variety of tree-level conditions needed to impute tree-level inventory for LIiDAR grid cells,
without additional cost. For example, over the past 30 years, New Brunswick Department
of Energy and Resource Development (NB ERD) has established over 3600 fixed-area
permanent sample plots, measured two to seven times (Porter et al. 2001), and over 65 000
variable-radius temporary sample plots (MacDonald 2008) distributed throughout a full
range of management types and development stages. A nearest neighbor method that
combines the accuracy of LiDAR-derived forest inventory with the wealth of stand
structure data from existing sample plots may be a viable method to impute tree-level
inventory.

The objective of this paper was to develop and test a method using existing forest
inventory plot measurements to impute a tree list for individual LIDAR grid cells in spruce
(Picea sp.) plantations. We hypothesized that a LIDAR grid cell characterized by stand-
level variables such as basal area, volume, and quadratic mean diameter, will share the
tree-level inventory of a sample plot that has similar stand-level variables. The proposed
method matches stand-variable predictions from LiDAR grid cells in spruce plantations of
the target area with similar variables in ancillary plot data from spruce plantations
throughout New Brunswick using a distance-independent, nearest neighbor matching
algorithm (e.g., Crookston and Finley 2008). Matches would be determined based on

planted species and by calculating the minimum cumulative difference between multiple
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stand-level inventory variables, ignoring spatial location. Once a match is determined, the
tree list from the selected plot could be used as a surrogate tree list for the LIDAR grid cell.
Such imputed values, if acceptably accurate, would provide species-specific tree size-
distribution information important for operational and tactical planning, as well as the

foundational data for forecasting stand growth using a tree-list growth model.

2.3 Methods
2.3.1 Study area

The J.D. Irving, Limited Black Brook District, located in northwestern New
Brunswick, Canada (47°9°51”N to 67°55°27”W) (Fig. 2.1a), is a 210 000 ha contiguous
forest that contains some of the most intensively managed forest lands in Canada (MacLean
etal. 2010). The District falls within Ecoregion 3 (Zelazny et al. 2008) and contains 65 000
ha of high-quality shade-tolerant hardwoods, managed for veneer and sawlogs using
selection and group shelterwood harvesting systems, and 83 000 ha of spruce plantations,
commercially thinned one to three times before final harvest. These plantations include 37
000 ha of black spruce (Picea mariana (Mill.) B.S.P.), 33 500 ha of white spruce (Picea
glauca (Moench) Voss), 11 000 ha of Norway spruce (Picea abies (L.) Karst.), and 1500
ha of red spruce (Picea rubens Sarg.). Growth and yield of these plantations have been
monitored using almost 400 permanent sample plots, each measured every 3-5 years since

1980.
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Fig. 2.1. Locations of (a) spruce plantation forest inventory plot measurements throughout New
Brunswick that were matched with LiDAR grid cells, (b) LiDAR calibration/validation plots in spruce
plantations located in the Black Brook District, and (c) the Black Brook District in northwestern New
Brunswick. LIDAR was acquired in 2011 and 2013 for all areas north and south of Highway 17,
respectively (b).

2.3.2 LIiDAR data and calibration/validation plot data

High density LiDAR (6 pulses-m™, with up to 8 returns per pulse) was acquired for
the northern portion (north of Highway 17, Fig. 2.1b) of the District in September 2011,
by a private LIDAR contractor (Leading Edge Geomatics 2015). These data covered 60%
of the District area. LIDAR data for the remaining southern portion of the area was acquired
by the same contractor in July 2013, and scanning parameters were identical for both

acquisitions (Table 2.1).
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Table 2.1. LiDAR acquisition specifications for the 2011 and 2013 flights.

Parameter Specification
Sensor Riegl LMSQ-680i
Aircraft Cessna 172 & Cessna 206
Altitude 670 m

Swath width 650 m

Overlap 50%

Field of view 40°-60°

Nominal pulse density 6-m?
Returns/pulse 8

Maximum pulse repetition frequency 150 000 Hz

Leaf on/off On

Horizontal accuracy ~0.18 cm

Vertical accuracy <15cm

Scan Rate 87 Hz

During the summer of 2012, 95 circular 400-m? plots were established by the
Canadian Wood Fibre Centre, Natural Resources Canada, for use in calibrating LIDAR
predictions: 41 in black spruce, 42 in white spruce, and 12 in Norway spruce plantations to
capture a range of ages (5-48 years old) and management types (no commercial thinning,
one commercial thinning, and two commercial thinnings) (Fig. 2.1b) (Leading Edge
Geomatics 2015). All of these plots were located in the area flown in 2011. An additional
5 plots were established within the area flown in 2013 during the summer of 2014 to capture
stand conditions not present in the original plots: 3 in white spruce and 2 in Norway spruce.
Plot centres were geo-referenced using an SX Blue 1l GPS with a minimum of 300 GPS
points recorded at each location to obtain sub-metre accuracy. In each plot, trees with DBH
>3 cm were assessed for species and status (live or dead). DBH was measured on all trees
and height was measured on three randomly selected trees within each 5-cm DBH class
and species.

Stand variables including total and merchantable basal area (BAt, BAm), gross total

and merchantable volume (VOL, VOLn), top height (TopHt), and merchantable quadratic
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mean diameter (QMDnm) were calculated from the tree measurements made on each plot
using the formulae outlined in Table 2.2 and 9.1 cm DBH as the lower merchantability
limit. Volumes were calculated using the NB ERD specifications, which include Li et al.
(2012) taper equations for all commercial species and Honer et al. (1983) for all non-

commercial species.

Table 2.2. Equations and descriptions of the inventory variables derived from LiDAR and the plot-
matching approach. All variables include live trees only; total and merchantable variables include
minimum DBH of 3 cm and 9.1 cm, respectively.

Inventory variable Description
Basal area (BA: or BAn; m?ha) Fixed area plot:
2
" . DBH? X Z0n) o TF ; where TF is tree factor

40 000
for the i tree based on plot size.

Variable radius plot:

I, BAF; x DBH? x “%J.; where BAF is basal
area factor tree factor for the i tree of the angle
gauge used during sampling.

2

Volume (VOL; or VOLp; m*ha') . VOLxXTF

Top height (TopHt; m) Average height of 100 stems per hectare with the
largest DBH.

Merchantable quadratic mean diameter (QMDp,; S pBH? . )

cm) ==—" where n is the number of stems with
DBH >9.1 cm.

* Volume of individual tree calculated using regional taper equations (Honer et al. 1983; Li et al. 2012). Assumes a 15
cm stump height for total and merchantable volume and

2.3.3 LiDAR-derived forest inventory predictions

Using the area-based methods presented by Woods et al. (2011) and White et al.
(2013), the LIiDAR contractor produced LiDAR point cloud statistics (i.e., mean height,
standard deviation of heights, height deciles, etc.) for each calibration plot. The contractor
then used the R package (R Development Core Team 2012) to run Random Forests™ in
regression mode (Breiman 2001) to build ensemble decision trees for the prediction of

forest inventory variables (i.e., BAt, BAm, VOLt, VOLm, TopHt, and QMDnm). This method
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was also used by the contractor to predict basal area within each 2-cm DBH class (> 9.1
cm). The resulting merchantable basal area distribution (BAm distribution) was then scaled
so that the sum of the distribution was equal to the LIDAR-derived BAm. These decision
trees were used to predict wall-to-wall estimates of LiDAR-derived inventory at 20 x 20
m grid-cell resolution for the Black Brook District.

For each Random Forests™ ensemble decision tree, the default parameters of 500
trees, 1/3 of the predictor variables used at each split, and a random 2/3 of the observations
used to build any one tree were used. Over-fitting was not taken into account as Random
Forests™ is robust against over-fitting (Breiman 2001). Since calibration plots were
sampled half-way through the growing season after LIDAR was acquired, a slight over-
prediction of the forest inventory was expected, but considered negligible. Upon
completion of all inventory predictions by the contractor, the finalized LiDAR-derived
enhanced forest inventory was delivered to J.D. Irving, Limited, which was then provided
for our use in this study. LiDAR point cloud statistics for the calibration plots and 20 x 20
m grid were not made available by the contractor. This area-based stand-level forest
inventory derived from point cloud statistics will be referred to herein as “LiDAR-derived”.

To prepare the LIDAR data for plot matching, LIDAR grid cells that fell within
spruce plantations were identified by intersecting cells with the J.D. Irving, Limited forest
resource inventory polygons using ArcGIS (ESRI, Redlands, CA) and the planted species
was determined from the inventory records. Cells were excluded where their centroid
intersected roads or non-spruce-plantation polygons. Cells that fell on the boundary of
differing species of spruce plantations were identified and removed to ensure that plot

matching would be performed only on LiDAR grid cells that were completely within
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spruce plantations of the same species. This resulted in over 1.7 million LiDAR grid cells
in spruce plantations: 766 830 black spruce, 697 250 white spruce, 222 720 Norway spruce,

and 32 430 red spruce.

2.3.4 Ancillary forest inventory plot data

Plots used as the library for the plot-matching approach included permanent, fixed-
area plots installed in spruce plantations by the NB ERD (Porter et al. 2001) and J.D. Irving,
Limited (including MacLean et al. [2010] and Omari and MacLean [2015]). All trees in
the permanent sample plot database were measured for DBH and height in each
measurement. A total of over 65 000 variable-radius plantation temporary sample plots
from the NB ERD Forest Development Survey database (MacDonald 2008) were also used.
These plots used a 3 m?-ha! basal area factor BAF prism to sample trees for species and
DBH and a 10 m?-ha™t BAF prism to sample trees for height. A 12.6 m? fixed area plot was
located at plot centre to sample small trees (< 9.1 cm). The same suite of stand-level
inventory variables calculated for the calibration/validation plots were generated from the
tree data from each of these ancillary plots using the formulae provided in Table 2.2.
Although ancillary plots do not share identical plot designs, variable-radius and fixed area
sample plots provide forest inventory results that are not significantly different (Piqué et
al. 2011). Grenier et al. (1991) and Lecomte et al. (1994) also showed that both inventory
methods do provide significantly similar results with respect to stand-level diameter
distribution.

Since the LiDAR-derived forest inventory did not include detailed species

information, it was necessary that the plot-matching library contain plots with species
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compositions similar to what was observed in the Black Brook District. To accomplish
this, the 95" percentile of species compositions by basal area for spruce (> 60%), balsam
fir (< 40%), hardwood (< 17%), and non-commercial species (< 5%) were calculated from
399 Black Brook spruce plantation plots with almost 1400 total measurements. All
measurements with species composition that were outside of this range were omitted from
the plot-matching library, including those within Black Brook.

In total, 4447 plot measurements contained species compositions that fell within
the 95™ percentile of observations from the Black Brook District. This included 2983 black
spruce, 1184 white spruce, 63 Norway spruce, and 218 red spruce dominated plantation
plot measurements. Given the low sample size of Norway spruce measurements and the
presence of over 220 000 Norway spruce LIiDAR grid cells, additional data for Norway
spruce were needed. Since white spruce and Norway spruce are both planted on high
quality sites in Black Brook and contain similar ranges of basal area, quadratic mean
diameter, and diameter distribution, data from the 1184 white spruce plots were combined
with the Norway spruce plot measurements to accommodate the small number of Norway
spruce plots. Inventory variables for white spruce observations were recalculated using
Norway spruce height-diameter relationships and taper equations. The assumption that
white and Norway spruce plot measurements can be used interchangeably was tested by
comparing BAn distributions between Norway spruce plot matches and observed plot

conditions, as discussed below.
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2.3.5 Plot-matching approach

The matching of LIDAR grid-cell variables to those in the ancillary plot library
used a nearest-neighbor matching algorithm built within the FORUS program (FORUS
Research 2011). LiDAR grid-cell variables were matched with ancillary plot variables
based on the smallest sum of squared difference between each inventory variable used,
referred to as ‘distance’ (Equation 2.1). To remove the influence of different variable
ranges (e.g., BA: vs VOLy) on matching, values were normalized by dividing by the
maximum of observed plot values for each variable. Plot-cell match distance was

calculated using:

2
. ) Cy _ 127
[2.1] Distance = Y,, w, (Max o, M ax(pi...n)u)

where w is variable weight, c represents a LIDAR cell value, and p represents ancillary plot
value (i...n), for each variable v: planted species, BA:, BAm, VOL;, VOLm, TopHt, and
QMDm. As this matching algorithm did not permit use of categorical variables, planted
species was converted to a numeric value (e.g., black spruce = 1, white spruce = 2, etc.).
Because it was important that LIDAR grid cells and ancillary plot matches be for the same
species, an arbitrarily high variable weight of 1000 was used for planted species. All other
variables were given an equal weight of 1. LIDAR grid cells were matched with only one
ancillary plot (k = 1) to ensure that the total number of unique tree lists was limited to the
amount of ancillary plot data. VVariables extracted from matched plots are referred to herein

as “plot-matched variables”.
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2.3.6 Plot-level comparison of plot-matching results

Geo-registration of the 100 calibration/validation plots enabled comparison of the
plot-matched variable values with 1) actual field-measured plot data, and 2) the LiDAR-
derived predictions for these plots. The six stand-level inventory variables used in plot
matching (BA:, BAm, VOL:, VOLn, TopHt, and QMDm) were considered in this
comparison. Since the calibration/validation plots were circular 400-m? plots, they did not
fall completely within a single square 400-m? LiDAR grid cell. Plot-matched and LiDAR-
derived variable values per calibration/validation plot were calculated by summing the
product of proportion of the plot area intersecting a grid cell with the corresponding plot-
matched and LiDAR-derived variable values. Plot-matched and LiDAR-derived variable
values were plotted against observed calibration/validation plot inventory values for BAy,
BAnm, VOL¢, VOLn, TopHt, and QMDn and the Pearson correlation coefficient (r) and root
mean squared error (RMSE) calculated for each case. To compare across variables, RMSE
was calculated as a percentage by dividing it by the mean of each respective variable. This
comparison was done using 98 of the LIiDAR calibration/validation plots, as two of the
plots fell outside of planted stand polygon boundaries.

To validate tree-list imputations, each imputed BAn distribution was compared to
the field-measured BAm distribution for the 98 calibration/validation plots using a two-
sample Kolmogorov-Smirnov (KS) test (Massey 1951) with a significance level of a =
0.05. LiDAR-derived BAm distribution estimates were similarly compared with the field-
measured BAm distributions to assess the quality of these predictions relative to those
obtained by plot matching. The KS test is often used when comparing forestry-related

diameter distributions, as it does not assume normality (Little 1983; Westphal et al. 2006).
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Since the two-sample KS test requires that samples compared both contain at least one
observation within the distribution and LiDAR-derived distributions only include
merchantable stems, 19 of the 98 calibration plots were omitted from the KS test as they
only contained tree measurements with DBH from 3-9 cm. An additional KS test compared
the basal area distribution across all diameter classes for the calibration/validation plots
and the associated plot matches. Since the LiDAR-derived basal area distribution did not
contain predictions for DBH < 9.1 cm, LiDAR-derived basal area distribution was not
included in this test. To illustrate examples of good, average, and poor BAm distributions
derived from plot matching, calibration/validation plots from each planted species and the

corresponding plot matching-derived BAn distribution were graphed.

2.3.7 Plantation- or stand-level comparison of plot matching results

To fully validate tree-list imputations at the plantation or stand level would require
a complete tree-level census of a number of plantations, something beyond the financial
scope of this study. As an alternative, we calculated the difference between each plot-
matched and LiDAR-derived inventory variable (BA:, BAm, VOL;, VOLm, TopHt, and
QMDn) for each grid cell and then averaged these differences for each plantation polygon.
These averages were plotted against plantation/polygon size and tested for a correlation.
Since grid cells were excluded from plot matching if they did not fall entirely within a
spruce-plantation polygon, plantation area was calculated as the number of grid cells within
a plantation polygon used in plot matching multiplied by grid-cell area (400 m?). Mean
bias for each inventory variable used in plot matching was calculated for all matches to

determine the landscape-level bias that plot matching may introduce.
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In the absence of having a complete tree-level census of a number of plantations,
plot- matched BAn distributions were aggregated by species and compared with BAm
distribution from the calibration/validation plots using a KS test with a significance level
of a = 0.05. The aggregated BAn distributions were graphed to provide a visual comparison
of the resulting BAm distribution, using all 98 LiDAR calibration plots. Mean difference
and range of difference were calculated for each BA diameter class per species. To compare
species composition between the aggregated calibration/validation plots and plot matches,
percent planted spruce species, balsam fir (Abies balsamea (L.) Mill.), and softwood, by
basal area, were calculated. This comparison was conducted because harvest prescriptions
in the Black Brook District, and many other Canadian forest lands, are currently scheduled
based on aggregates of LIDAR grid-cell predictions rather than individual grid-cell

estimates.

2.4 Results
2.4.1 Comparison of plot-matched and field-measured variables

Fifty-one percent of the 5630 ancillary plot measurements in spruce plantations
throughout New Brunswick were matched with LIDAR grid cells in the Black Brook
District while the remaining 49% were not used because they contained combinations of
inventory values not represented in the LIDAR-derived estimates. Over one-half of the grid
cells in Black Brook District spruce plantations were best matched with ancillary plot
measurements located outside of the District (Fig. 2.1a). Although 1400 plot measurements
were available within the Black Brook District, only 62% of these were used in plot

matching, versus 43% of plot measurements originating outside the District being used.
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Forest inventory variable values generated through plot matching were highly
correlated with inventory variable values calculated from the field measurements in the
geo-referenced calibration/validation plots, suggesting that good matches were found for
the LIDAR grid cells in the ancillary plot library. Pearson correlation coefficients (r)
ranged from 0.97-0.99 for BA¢, BAm, VOLt, VOLm, and TopHt (Fig. 2.2a—e), and was 0.91
for QMDn (Fig. 2.2f). Correlation coefficients of inventory variables derived by plot
matching versus calibration/validation plot variables were nearly identical to those between
LiDAR-derived variables and the calibration/validation plot variables (Fig. 2.2a—f). The
weaker correlation of QMDn resulted from the mathematical constraints of this variable;
calibration/validation plots that had no merchantable stems (DBH > 9.1 ¢cm) had a QMDnm
of 0 cm, whereas just one stem with DBH > 9.1 cm resulted in a QMDm of 9.1 ¢cm or
greater, and therefore LIDAR estimates of QMDm < 9.1 cm were zeroed (Leading Edge
Geomatics 2015). This resulted in a weaker correlation between LiDAR-derived QMDnm
and field-measured QMDn near the merchantable DBH limit (Fig. 2.2f).

Comparisons of the RMSEs of plot-matched predictions and LiDAR-derived
predictions revealed that the plot-matching method had slightly smaller errors for BA;,
BAm, and QMDnm, and slightly larger errors for TopHt, VOLt, and VOLn (Fig. 2.2). Mean
percent RMSE across the six variables was similar at 14.8% for the plot-matching method
and 14.1% for LiDAR-derivation. For both LiDAR-derivation and the plot-matching
method, RMSE was highest (22.4% and 22.6%) for QMDn, and lowest (6.0% and 7.3%)

for TopHt (Fig. 2.2).
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Fig. 2.2. Comparison of six inventory variables [(a)—(f): basal area, merchantable basal area, volume,
merchantable volume, top height, and merchantable quadratic mean diameter] predicted by matching
LiDAR grid-cell variables to ancillary plot data (red circles) or derived directly from LiDAR (closed
squares) versus variables observed in 98 calibration/validation plots. The plot-matching method
matched LiDAR grid-cell variables with individual plantation plot measurements throughout New
Brunswick, based on planted species and the smallest sum of squared difference between six inventory
variables. RMSE values presented in actual variable units.



Accurate description of inventory variables using the plot-matching method was
largely dependent on the accuracy of LiDAR-derived inventory estimates. This was
particularly apparent for calibration/validation plots with high basal area and volume. For
the 27 plots with an observed BA: > 35 m?-ha', 20 had LiDAR-derived estimates that were
0.1-12.2 m?ha! less than the observed BA: (Fig. 2.2a). Similar results were observed with
respect to plot-matched estimates, as 19 of those same 27 plots had plot-matched estimates
of BA; that were 0.1-11.8 m%*ha less than the observed BA:. This also occurred for
volume, as 11 of 14 plots with > 250 m*ha™ VOL; had LiDAR-derived VOL; estimates
that were 2.1-93.7 m3ha lower than observed (Fig. 2.2c), and 13 of those 14 plots had

plot-matched VOL; estimates that were 19.8-100.7 m*-ha™! less than observed.

2.4.2 Validation of plot-level merchantable basal area distribution

The KS tests comparing plot-matched BAm distributions to observed BAm
distributions indicated that plot matching is a valid method for tree-list imputation (Table
2.3) in the relatively homogeneous plantations studied. For 86% of the 79 calibration plots
available for comparison, the plot-matched BAm distributions did not differ from the
observed distributions (« = 0.05). By species, plot-matched BAm distributions did not differ
from observed for 91% of black spruce, 80% of white spruce, and 89% of Norway spruce
plantations. These results were comparable to those of the LiDAR-derived BAm
distributions, where no differences were observed in 94% of black spruce, 89% of white
spruce, 100% of Norway spruce, and 92% of all calibration/validation plots. When all
diameter classes (> 3 cm) were considered, plot matching provided statistically equivalent

BA: distributions for 88 of the 98 calibration/validation plots. LiDAR-derived estimates
29



were not applicable for this comparison since LiDAR predictions were limited to DBH >

9.1 cm.

Table 2.3. Number of calibration/validation plots where plot-matched and LiDAR-derived
merchantable basal area distributions did not differ from observed distributions based on a two-
sample Kolmogorov-Smirnov test (Massey 1951) (a = 0.05). Not testable refers to the number of
calibration plots which could not be compared with a) plot matching or b) LiDAR predictions due to
zero predicted merchantable basal area.

Significance (a = 0.05)

Plant i Not testabl Total
anted species No difference Difference ot testable ota
Black spruce 32 3 5 40
White spruce 28 7 9 44
Plot match
Norway spruce 8 1 5 14
Total 68 11 19 98
Black spruce 33 2 40
. White spruce 31 4 9 44
LiDAR
Norway spruce 9 0 14
Total 73 6 19 98

A key factor contributing to accurate BAn distribution from plot matching was the
accuracy of LIDAR-derived QMDn. In cases where plot matching provided good estimates
of BAnm distribution (Fig. 2.3a—), LIDAR-derived QMDn, did not differ by more than 0.5
cm. In contrast, where LiDAR-derived QMD, differed from calibration/validation plots
by 0.6-1.5 cm and > 1.5 cm, the resulting plot matching-derived BAm distribution were
average (Fig. 2.3d-f) and poor (Fig. 2.3g-i), respectively. Other inventory variables did
not have as strong an effect on accuracy of plot matching BAn distribution since errors for
those variables fluctuated regardless of the accuracy of plot-matching derived BAm
distribution. For example, LiDAR-derived BAm differed from the calibration plots by

2.5%-15.1% in good matches and -2.3%-16.9% in the poor matches.
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Fig. 2.3. Merchantable basal area distributions for calibration/validation plots (black) versus those
estimated using the plot-matching approach (red). A sample calibration/validation plot from each of
the three planted species (black, white, and Norway spruce) is presented to illustrate best (a)—(c),
average (d)-(f), and worst (g)—(i) plot match-derived merchantable diameter distributions. Aggregated
calibration/validation plots and the corresponding plot-matches for black spruce (j), white spruce (Kk),
and Norway spruce () plantations (n = 40, 44, and 14 plots, respectively). The plot-matching method
matched LiDAR grid-cell variables with individual plantation plot measurements, based on planted
species and the smallest sum of squared difference between the six inventory variables.
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The inclusion of white spruce plot measurements did not negatively affect estimates
of BAn distribution in Norway spruce calibration/validation plots. Of the 53 grid cells that
fell in Norway spruce calibration/validation plots, 44 were matched with plot
measurements that were originally measured in white spruce plantations. In fact, eight of
the nine Norway spruce calibration plots that had no statistical difference in plot-matched
BAm distribution resulted from LIDAR grid cells being matched with white spruce

plantation plot measurements.

2.4.3 Accuracy of plantation- or stand-level average matched estimates to LiDAR-
derived estimates

As shown above, estimates of forest inventory variables derived from LiDAR and
those derived from matching to a large sample of ancillary plot measurements resulted in
plot- or cell-level estimates that are accurate enough for operational through strategic
decision making. It follows that estimates for larger areas derived from the aggregation of
individual cell estimates might also be expected to be accurate.

Plantation-level differences between plot-matched and LiDAR-derived inventory
variables were dependent on plantation size (Fig. 2.4). Increasing plantation size resulted
in progressively smaller differences between plot-matched and LiDAR-derived
predictions. In total, 30% of plantations <1 ha, 42% of plantations 1-5 ha, 44% of
plantations 5-20 ha, and 51% of plantations > 20 ha had zero difference (defined here as
+0.5 m>ha* for BAtand BAm, #5 m*ha for VOL; and VOLn,, +0.5 m for TopHt, and
+0.5 cm for QMDn,) between plot-matched and LiDAR-derived predictions for all the

inventory variables studied, accounting for 46% of all Black Brook District spruce
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plantations by area. When considering plantations with all but one inventory variable
having zero difference between plot-matched and LiDAR-derived inventory estimates,
24% of Black Brook spruce plantations fall within this level. In total, 70% of existing
spruce plantations by area could be considered to have little difference between plot
matching- and LiDAR-derived inventory estimates. Finally, when considering mean bias
for all plot matches across the District (plot matching minus LiDAR), BAt, BAm, VOL,
VOLm, TopHt, and QMDn, differed by only -0.02 m?ha™, 0.34 m>ha?, -3.87 m*>ha, -1.44

m3ha?, -0.05 m, and -0.04 cm, respectively.

2.4.4 Plantation- or stand-level comparison of diameter distribution by species
derived from plot matching

Plot-matched BAm diameter distributions, by species, were very similar to those in
the calibration/validation plots (Fig. 2.3j-1). KS tests showed no statistical differences
between plot-matched and observed BAm diameter distributions (« = 0.05). The mean
difference (plot matched minus observed) in BA per diameter class was 0.1, -0.1, and 0.0
m2ha® for black spruce, white spruce, and Norway spruce plantations, and ranges per
species were -1.5-1.0, -0.7-0.3, and -0.9-0.3 m?ha™!, respectively (Fig. 2.3j-1).

Comparison of species composition between aggregated calibration/validation plot
data and plot-matched estimates showed some differences in percent planted spruce
species, and balsam fir, but almost no difference in total percent softwood (Table 2.4). Plot
matching resulted in slightly higher estimated percent white spruce and Norway spruce
(5% and 6%, respectively), but the difference for black spruce was higher at 19%. The

higher estimate of planted spruce from plot matches resulted in a lower estimate for percent
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balsam fir, compared to observed data, as balsam fir content was under predicted by 8% to
18% (Table 2.4). Despite the differences in planted spruce species and balsam fir content,
total softwood content did not differ by more than 1% between plot-matched estimates and

actual data for calibration/validation plots.

Table 2.4. Percent composition of planted spruce, balsam fir, and softwood by basal area observed in
98 calibration/validation plots versus the proportions predicted by plot matching, for black spruce,
white spruce, and Norway spruce plantations (aggregated data for n = 40, 44, and 14 plots,
respectively).

Percent composition

Planted species

Planted spruce Balsam fir Softwood
Black spruce 70 25 99
Calibration plots White spruce 79 16 100
Norway spruce 77 20 100
Black spruce 89 7 99
Plot match White spruce 84 8 99
Norway spruce 83 9 100

2.5 Discussion

LiDAR-derived forest inventories are an important tool for operational forest
planning (Naesset 2007; Woods et al. 2011). However, the high cost of LIDAR acquisition
and the need to forecast forest inventory for forest management planning would benefit
from a method to estimate tree lists for area-based LIDAR grid cells, for use in tree-list
growth models. The results of this investigation suggest that a nearest-neighbor approach
that matches LiDAR-derived stand variables with ancillary plot data, by species, may be
an effective means to impute tree lists.

Ancillary plot data from throughout the province of New Brunswick allowed tree
lists to be accurately imputed for spruce plantation LiDAR grid cells from the 210 000 ha

Black Brook District, as validated by ninety-eight 400-m? field-measured plots. The plot-

35



matching approach resulted in strong correlation and low RMSE for BAtand BAm, VOL:
and VOLm, TopHt, and QMDm, when compared with observed plot values. These results
were similar to the correlation and RMSE between LiDAR-derived forest inventory
predictions and the same observed data, suggesting that very good matches were found for
the LIDAR grid cells in spruce plantations and the New Brunswick ancillary plot data used
as a matching library. Since we restricted the plot-matching nearest neighbors to one, the
number of unique tree lists generated was limited by a) the number of ancillary plots used,
and b) the number of ancillary plots matched to LIDAR grid cells. In our study, 2870
ancillary plots were matched with LiDAR grid cells. Tree lists for these matched plots can
be input into a tree-list growth model and forecast under the varying site conditions
observed in the District. This will ultimately create a library of species-specific forecast
yields that can be linked to each grid cell and result in only 2870 (plots) instead of 1.7
million unique individual LiDAR cells, reducing data storage and complexity.

As we hypothesized, using multiple inventory variables in plot matching resulted
in BAn diameter distributions that were similar to the observed BAm distributions in
plantation conditions. When plot- and cell-data were aggregated and compared, tests
indicated that plantation- or stand-level BAm distributions may be acceptably accurate for
black spruce, white spruce, and Norway spruce. The accuracy of estimated plantation-level
BAnm increased with increasing plantation size, and the difference between plot matching-
and LiDAR-derived estimates diminished to what might be considered operationally
insignificant values beyond about 20 ha. LiDAR-derived BAn distributions were slightly
better than those derived from plot matching, but this was likely due to the homogeneity

of spruce plantations and the fact that the LIDAR-derived BAn distribution and observed
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distribution were based on the same plots used to build the Random Forests™ ensemble
decision trees. The LIDAR-derived estimates are species-independent so are of limited use
as input to tree-list growth models.

Restricting plot matches based on planted species, derived from dominant spruce
species in plot measurements and from forest resource inventory polygons for LiDAR data,
resulted in accurate estimates of species composition when LiDAR grid-cell predictions
were aggregated. Percent planted spruce species by basal area derived from plot matching
was overestimated 5%—6% when compared to calibration/validation plot data for white and
Norway spruce plantations, and 19% higher in black spruce plantations. The overestimate
of planted spruce resulted in underestimation of balsam fir by 8%-18% basal area. Plot-
matched estimates of species composition were all sufficiently accurate (> 70% planted
spruce) to be considered black spruce, white spruce, and Norway spruce dominated forest
types (NB DNR 2012).

Given that harvest blocks are mapped by aggregating LiDAR grid cells and that
aggregating plot matches provided sufficiently accurate species composition and reduced
difference between LiDAR and plot matching inventory variables, there is arguably clear
value for this method for operational and tactical planning. Matched plots provide tree-
level inventory that can be used to: 1) calculate species-product volumes, 2) update future
inventory using growth models, 3) calculate optimum rotation age at the stand level, and
4) substantially reduce the number of costly LIDAR inventory predictions as new stand
metrics can be readily calculated from the imputed tree list.

As LiDAR point cloud statistics for the calibration plots and 20 x 20 m grid were

not available for use, a k-nearest neighbor method for imputing tree-level inventory based
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on LIDAR point cloud statistics was not possible for this study. This does presents a
constraint in this study as it would have allowed for a direct comparison between the plot-
matching method and the more commonly used k-nearest neighbor tree-list imputation
methods (Packalén and Maltamo 2008; Peuhkurinen et al. 2008). Similar to the methods
of Penner et al. (2015), the LIDAR contractor had originally attempted to predict BAm
distribution using yalmpute (Crookston and Finley 2008) in Random Forests™
classification mode to identify the nearest neighbor (k = 1) for each grid cell and impute
species-independent BAn distribution, however, this method ultimately resulted in weakly
correlated diameter distribution. This suggests that the 100 calibration plots would not be
effective in imputing species-specific tree-level inventory and that plot matching may
produce better BAn distributions in diverse stand conditions than can be adequately
captured with a typical, 100 calibration plot sample size.

Previous studies that aimed to impute tree-level inventory have had varying
success. Tree-list imputation based solely on photo-interpreted variables (i.e., percent
crown closure and composition by species, height and age class, etc.) resulted in inaccurate
estimates of diameter distributions and produced stand-level RMSE for basal area and
volume of 17-28 m?ha! and 93-280 m3ha?, respectively (Temesgen et al. 2003).
Falkowski et al. (2010) imputed tree-level inventory based on LiDAR point cloud statistics
and although this resulted in accurate estimates of basal area and volume, density of trees
was only weakly to moderately correlated. This imputation method had species
composition accuracies of 64%-69%, however the Kappa values were quite low (< 31%).
Incorporation of spectral and textural features from aerial photo imagery with LIDAR point

cloud statistics from 463 calibration plots for imputation of tree-level inventory resulted in
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stand-level volume RMSE for Scots pine (Pinus sylvestris L.), Norway spruce, and
hardwood of 28%, 33%, and 62%, respectively (Packalén and Maltamo 2008). In a similar
study, Peuhkurinen et al. (2008) used 474 calibration plots to estimate species-specific
diameter distributions by incorporating aerial photography with LiDAR point cloud
statistics resulting in stand volume RMSE of 20% and 70% for dominant and minority
species, respectively. Crown segmentation of LiDAR returns has improved tree-list
imputation, with LIiDAR point cloud and alpha shape metrics for individual trees
classifying species as Scots pine, Norway spruce, or hardwood with 78% accuracy, and
estimating DBH and height with a RMSE of 13% and 3%, respectively (Vauhkonen et al.
2010).

Although results for the plot-matching method are promising, estimates of tree-
level inventory from plot matches are limited by the accuracy of the LIDAR-derived forest
inventory. LIDAR-derived estimates of total volume were under predicted by as much as
94 m*hal, resulting in plot matches that also under-predicted by up to 113 m*-hat. Since
LiDAR-derived inventory variables are predicted independently, combinations of variables
may be predicted that are outside the range of ancillary plot measurement data. Had the
original LiDAR-derived inventory variables been predicted using non-parametric nearest
neighbor methods, such as k-nearest neighbor, the relationship between variables in the
calibration plots would have been retained and potentially resulted in more accurate
matches. Because the plot-matching method used photo-interpreted plantation maps and
known spruce plantation species composition from permanent sample plots to select plots
suitable for plot matching, the plot selection process may not be applicable in some other

areas. However, photo-interpreted species composition could be used to effectively
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estimate species composition for each LiDAR grid cell and be added as additional variables
during plot matching. As with the accuracy of LiDAR-derived inventory, the accuracy of
photo-interpretation must be considered when assessing the plot-matching method.
Classification accuracy of plot-level species composition using multi-spectral, high spatial
resolution airborne images can be high in New Brunswick softwood dominated stands
(74%—79%), but is less reliable in mixedwood and hardwood stand types (4%—63%
accuracy) (Franklin et al. 2000). However, species composition may be better estimated
with the incorporation of LIiDAR data (@rka et al. 2013). Current LiDAR-based species
classification research underway by Perron and St-Onge (AWARE 2016), may improve
plot matching by better classifying individual tree species and separating balsam fir within
spruce plantations.

Although our plot-matching method was able to accurately impute tree lists in
homogenous planted stands, modifications may be required to impute tree lists in more
complex stand types. If available, additional LiDAR-derived inventory variables could be
included. For example, incorporating LIDAR-derived percent hardwood or predicting
variables that describe the diameter distribution (e.g., maximum DBH, standard deviation,
Gini index, etc.) may improve results as we found that QMDm was a key contributing factor
in the accuracy of plot matching-derived BAn distribution. To improve matches with
respect to species composition, detailed species composition data could be included in
matches rather than broad species types or known planted species. For example, NB ERD
identifies percent species composition during photo interpretation for all species estimated
to make up > 10% of stand basal area. Incorporation of this level of species composition

detail may improve species-level estimates from plot matches, but the accuracy of photo
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interpretation must also be considered. Finally, the use of variable weights could be used
to account for differences in LIDAR-derived inventory variable accuracy and possibly
adjusted over multiple plot matches to optimize correlation between observed and
estimated diameter distributions. Weighting variables by the inverse of LiDAR error was
explored, but did not improve results; however, all variables chosen for matching had low
error compared to other excluded variables like stem density, which had % RMSE = 48%.
This method of matching existing forest inventory plots with LIiDAR grid cells and
incorporating photo-interpreted species composition was recently used outside of the study
area by J.D. Irving, Limited for 825 000 ha of managed forest lands and has also been used
in building the most recent forest management plan for the 9000 ha Acadia Research Forest

in New Brunswick (Swift et al. 2006).

2.6 Conclusions

The plot-matching method tested herein effectively combined existing LiDAR-
derived inventory variables and photo-interpreted cover-type information to match with
plot data to accurately impute a species-specific tree list. This method required relatively
few calibration plots in comparison to other LiDAR-based tree-list imputation methods and
utilized existing plot measurements, which cover a wide range of diverse conditions.
Individual product yields may be calculated and updated readily from the tree list and
permit targeting particular stands given changing product markets. Data storage
requirements and complexity are relatively low as the number of unique tree lists is limited
by the number of plots that were matched. When the imputed tree list is used in a tree-list-

based growth model, this method may provide a means to forecast stand development and
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‘grow’ the LiDAR-based inventory forward for several decades. Future forest operations
can be planned to target aggregated LIDAR grid cells that will provide the greatest financial
return. This will prolong the time between expensive LIDAR acquisitions and reduce costs
while retaining the spatial resolution that LIDAR provides. In addition, the outputs of these
forecasts may help to describe changing species compositions and allow for additional
resource planning such a biodiversity, carbon storage, and wildlife habitat. Although the
plot-matching method used only a small number of variables for imputation, additional
inventory variables derived from LiDAR or photo-interpretation may permit use of the

method in more complex stand types.
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CHAPTER 3: FORECASTING FOREST INVENTORY USING
IMPUTED TREE LISTS FOR LIDAR GRID CELLS AND A TREE-

LIST GROWTH MODEL
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Lamb, S.M., MacLean, D.A., Hennigar, C.R., and Pitt, D.G. 2018. Forecasting forest
inventory using imputed tree lists for LIDAR grid cells and a tree-list growth
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3.1 Abstract

A method to forecast forest inventory variables derived from light detection and ranging
(LiDAR) would increase the usefulness of such data in future forest management. We
evaluated the accuracy of forecasted inventory from imputed tree lists for LIDAR grid cells
in spruce (Picea sp.) plantations and tree growth predicted using a locally calibrated tree-
list growth model. Tree lists were imputed by matching measurements from a library of
sample plots with grid cells based on planted species and the smallest sum of squared
difference between six inventory variables. Total and merchantable basal area, and total
and merchantable volume, Lorey’s height, and quadratic mean diameter increments
predicted using imputed tree lists were highly correlated (0.75-0.86) with those from
measured tree lists in 98 validation plots. Percent root mean squared error ranged from
12.8%-49.0%, but was much lower (4.9%—13.5%) for plots with < 10% LiDAR-derived
error for all plot-matched variables. When compared with volumes from 15 blocks
harvested 3-5 years after LIDAR acquisition, average forecasted volume differed by only
1.5%. To demonstrate the novel application of this method for operational management
decisions, annual commercial thinning was planned at grid-cell resolution from 2018-2020

using forecasted inventory variables and commercial thinning eligibility rules.
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3.2 Introduction

The use of light detection and ranging (LiDAR) to produce forest inventories has
significantly changed forest management (Nasset 2007; Woods et al. 2011). LiDAR-
derived forest inventory using parametric and non-parametric methods can provide
accurate estimates of average tree diameter at breast height (DBH) (Lim et al. 2003; Woods
et al. 2008), average tree height (Naesset 1997; Holmgren et al. 2003), crown base height
(Andersen et al. 2005; Popescu and Zhao 2008), basal area (Means et al. 2000; Hudak et
al. 2006), and volume (Nilsson 1996; Holmgren 2004). Unlike traditional inventory
methods, which rely on photo-interpreted forest polygons, LIDAR-derived inventory has
high spatial resolution, with typical grid-cell predictions of 10-30 m. This allows precise
quantification of both within- and between-stand variation and helps to ensure that
scheduled harvests will meet expected volume returns (Naesset 2007; Wulder et al. 2012).
Additionally, high resolution LiDAR-derived inventory permits silvicultural or harvest
treatments to be prescribed at higher spatial resolution, minimizing the need for costly pre-
harvest ground verification.

Commercial thinning is one silvicultural treatment that requires spatially accurate
estimates of forest inventory. Commercial thinning is a partial harvest treatment, typically
prescribed in immature managed stands, with the goal of removing merchantable stems to
provide economic return and improve growing conditions for residual stems (Long 1985;
Nyland 2007). While thinning does not typically increase annual stand volume accrual
(Mékinen and Isoméki 2004; Pelletier and Pitt 2008), it does increase light, soil moisture,
and nutrient availability for the residual crop trees (Albaugh et al. 2004; Canham et al.

2004), increasing their size and value (Pelletier and Pitt 2008; Duchesne et al. 2013).
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Accurate timing of commercial thinning entries, with respect to stand development, is vital
to ensure effective response from the treatment and to realize maximum economic benefits.
Optimally-timed commercial thinning that is conducted once density-dependent mortality
is imminent will provide the greatest number of harvested stems with the highest average
tree volume (Smith et al. 1997). Commercial thinning too early will result in lower average
tree volume and reduced economic return (Nyland 2007), while thinning too late will result
in lower volume due to tree mortality and lower live crown ratio (Pelletier and Pitt 2008).
A live crown ratio of 35%-40% has been cited for a number of conifers as the minimum
level before tree vigour and response to thinning is reduced (Smith et al. 1997; Nyland
2007). LiDAR can provide the inventory data required to delineate and prioritize thinning
treatments (Watt et al. 2013), or to identify LIDAR grid cells that are eligible for thinning
(Vastaranta et al. 2011).

While LiDAR-derived forest inventory can provide inventory data to make sound
commercial thinning decisions, any forest inventory becomes less accurate and useful as
the years since data acquisition increase. To increase the longevity of LiDAR-derived
inventory and reduce the costs associated with LIDAR acquisition, processing, and
inventory predictions, simplified process-based and size-class growth models have been
used to forecast stand-level variables at grid-cell resolution (Harkonen et al. 2013;
Tompalski et al. 2016). In addition, tree-level variables have been forecasted using a tree-
list growth model and tree lists imputed for LIiDAR grid cells (Falkowski et al. 2010). Tree-
list growth models (e.g., Crookston and Dixon 2005; FORUS Research 2011) predict
growth and yield of individual trees on an annual or periodic basis using species-specific

diameter, height, mortality, and live crown ration increment equations to derive forecasted
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inventory (Dale et al. 1985; Weiskittel et al. 2011). Providing forest managers with
forecasted tree-level inventory for each LiDAR grid cell would allow users to track changes
in species-specific products and identify grid cells that meet harvest requirements.

A major constraint of using tree-list growth models to forecast LIDAR inventory is
the tree-level data (i.e., species, DBH, and height) required as model inputs. Predicting
tree-level inventory for LIDAR grid cells requires a substantial number of calibration plots
covering the full range of inventory conditions (White et al. 2013; Wulder et al. 2013). In
studies by Peuhkurinen et al. (2008) and Packalén and Maltamo (2008), close to 500
calibration plots were needed to produce species-specific diameter distribution estimates
for their respective 1200- and 2000-ha study areas. In similar stand types, species-
independent diameter distributions can be produced with as few as 50—100 plots on much
larger landbases (Gobakken and Naesset 2004; Maltamo et al. 2009). If tree-level inventory
is produced for a landbase, incorporating it into a tree-list growth model introduces
additional challenges. As each LiDAR grid cell would inevitably contain its own unique
combination of estimated tree-level inventory, each cell would need to be forecasted
individually. This becomes computationally challenging for large landbases.

A common method used for imputing forest inventory data is k-nearest neighbor
imputation. This method was originally used to impute complex inventory data, such as
basal area distribution, for forest stands (Haara et al. 1997; Maltamo and Kangas 1998) and
more recently has proved to be a powerful tool to impute LiDAR-derived stand-level
variables (Mclnerney and Nieuwenhuis 2009; Penner et al. 2013). Recently, Lamb et al.
(2017) used non-parametric k-nearest neighbor methods to impute tree-level inventory for

LiDAR cells in spruce (Picea sp.) plantations in New Brunswick, Canada. Six LiDAR-
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derived variables (i.e., total and merchantable basal area, total and merchantable volume,
top height, and merchantable quadratic mean diameter) and known planted tree species
were used to match stand structural variables estimated from LiDAR to those in a library
of over 5500 sample plot measurements to impute tree lists for LIDAR grid cells across 83
000 ha of spruce plantations. Matches were determined based on planted species and
minimum sum of squared differences between six inventory variables. With this method,
only 100 LiDAR calibration plots were required to predict the LIDAR-derived inventory
variables for the 83 000 ha of spruce plantations. LIDAR grid cells were matched with only
one plantation plot measurement (k = 1), which limited the number of unique tree lists to
the 2870 spruce plantation plot measurements that were matched. This provides a
framework for forecasting LIDAR grid cells at the tree level without the need for a large
number of calibration plots, while minimizing computational challenges associated with
forecasting tree lists for cells.

The objective of this study was to assess the accuracy of forecasted inventory using
tree-level inventory imputed for LIDAR grid cells in New Brunswick spruce plantations
based on the methods of Lamb et al. (2017). To do so, imputed tree lists were forecasted
using a regional tree-list growth model (FORUS Research 2011) calibrated using growth
and mortality data from permanent sample plots in spruce plantations from the study area.
We hypothesized that inventory increments predicted using observed tree lists would be
strongly correlated to increments predicted from imputed tree lists and the locally
calibrated growth model. This would provide forest managers with a method to extend the
longevity of LIiDAR-derived inventory and allow use of the forecasted data to make

operational-, tactical-, and strategic-management decisions.
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3.3 Materials and methods

3.3.1 Study area

The Black Brook District is a 210 000 ha forest in northwestern New Brunswick,
Canada (47°9’51”N to 67°55°27”W) (Fig. 3.1a), owned by J.D. Irving, Limited. The
District is within Ecoregion 3 (Zelazny et al. 2008) and contains some of the most
intensively managed lands in Canada (MacLean et al. 2010). The forest is comprised
primarily of uneven-aged, shade-tolerant hardwoods, managed using selection and group
shelterwood harvests (65 000 ha) and spruce plantations, commercially thinned one to three
times before final harvest (83 000 ha). Spruce plantations include 37 000 ha of black spruce
(Picea mariana (Mill.) B.S.P.), 33 500 ha of white spruce (Picea glauca (Moench) Voss),
11 000 ha of Norway spruce (Picea abies (L.) Karst.), and 1500 ha of red spruce (Picea
rubens Sarg.). Close to 400 permanent sample plots, each measured every 3-5 years since

1980, have been installed in these spruce plantations to monitor growth and mortality.

(b) "
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Fig. 3.1. Location of (a) Black Brook District in northwestern New Brunswick, and (b) LiDAR
calibration/validation plots in spruce plantations. LIDAR was acquired in 2011 and 2013 for areas
north and south of Highway 17, respectively.

58



3.3.2 LIDAR data and calibration/validation plot data

LiDAR data and calibration/validation plot data as described in Lamb et al. (2017)
were used in this study. A private LIDAR contractor acquired high density LIDAR (6
pulses'm™2, with up to 8 returns per pulse) in September 2011 for the northern portion (north
of Highway 17, Fig. 3.1b) of the District and in July, 2013 for the southern portion.
Scanning parameters described in Lamb et al. (2017) were identical in both acquisitions.

Ninety-five circular 400-m? plots were established in the summer of 2012 in the
area flown in 2011 for use in calibrating LiDAR predictions (Fig. 3.1b). An additional five
plots were established in 2014 in the area flown in 2013 (Fig. 3.1b). The plots were
established in 41 black spruce, 45 white spruce, and 14 Norway spruce plantations to cover
the range of inventory conditions observed across spruce plantations in the District
(Leading Edge Geomatics 2015). Plot centers were geo-referenced using an SX Blue Il
global positioning system to obtain sub-meter accuracy. Species, status (live or dead), and
DBH were measured for all trees with DBH > 3 cm. Three randomly selected trees within
each species and 5 cm DBH class were measured for height. For each plot, total and
merchantable basal area (BAt, BAm), gross total and merchantable volume (VOLt, VOLn),
top height (TopHt), and merchantable quadratic mean diameter (QMDm) were calculated
using the formulae described in Lamb et al. (2017), with 9.1 cm DBH as the lower
merchantability limit. Volumes were calculated using taper equations from Li et al. (2012)

for commercial species and from Honer et al. (1983) for non-commercial species.
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3.3.3 LiDAR-derived forest inventory predictions

LiDAR point cloud statistics (i.e., mean height, standard deviation of heights,
height deciles, etc.) were calculated for each calibration/validation plot. Using R (R
Development Core Team 2012), the LiDAR contractor ran Random Forests™ (Breiman
2001) in regression mode to build ensemble decision trees to determine the statistical
relationships between LIDAR point cloud statistics and forest inventory variables (BAt,
BAnm, VOLt, VOLm, TopHt, and QMDn). Default parameters of 500 trees, one-third of the
predictor variables used at each split, and a random two-thirds of the observations used to
build any one tree were used for each ensemble decision tree. The resulting decision trees
were used to predict estimates of forest inventory at 20 x 20 m grid-cell resolution for all
Black Brook District spruce plantations. Forest inventory predictions derived from point

cloud statistics will herein be referred to as “LiDAR-derived”.

3.3.4 Ancillary forest inventory plot data

The library of plots used in the plot-matching approach was described in detail by
Lamb et al. (2017) and only a summary will be given here. This included: 1) permanent,
fixed-area plots installed in spruce plantations by the New Brunswick Department of
Energy and Resource Development (NB ERD) (Porter et al. 2001) and J.D. Irving, Limited
(including MacLean et al. [2010] and Omari and MacLean [2015]), with all trees measured
for DBH and height in each measurement; and 2) variable radius plantation temporary
sample plots from the NB ERD Forest Development Survey database (MacDonald 2008),
which used a 3 m?-ha™! basal area factor (BAF) prism to sample trees for species and DBH

and a 10 m?-ha! BAF prism to sample trees for height. Overall, this included over 65 000
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variable-radius and permanent, fixed-area plots installed in spruce plantations throughout
New Brunswick. As with the LIDAR calibration/validation plots, stand-level inventory
variables were calculated using the equations presented in Lamb et al. (2017). Since
detailed species information was not available from the LiDAR-derived inventory, plots
within the plot-matching library required species compositions representative of those
observed throughout the District’s spruce plantations. Almost 400 Black Brook spruce
plantation permanent sample plots with close to 1400 total measurements were used
calculate the 95th percentile of species compositions by basal area for spruce (> 60%),
balsam fir (< 40%), hardwood (< 17%), and non-commercial species (< 5%). Only
ancillary plot measurements that fell within the range of observed species composition
were included in the plot-matching library. This included 2983 black spruce, 1184 white
spruce, 63 Norway spruce, and 216 red spruce dominated plantation plot measurements.
Since white spruce and Norway spruce shared similar ranges of forest inventory and are
both planted on similar site conditions, the 1184 white spruce plots were combined with
the Norway spruce plots to increase the sample size of Norway spruce plots. Inventory
variables were recalculated for these plots using Norway spruce height-diameter
relationships and taper equations. This was deemed necessary as over 270 000 LiDAR grid
cells were located within Norway spruce plantations. In total, 5630 plot measurements

were available for plot matching.

3.3.5 Plot-matching approach
A key prerequisite for successful application of the plot-matching method was that

plot measurements and LiDAR grid cells share the same planted/dominant spruce species.
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Planted species was identified for each LiDAR grid cell by intersecting the cell centroids
with the J.D. Irving, Limited forest resource inventory polygons using ArcGIS (ESRI,
Redlands, CA), which contained planted species and year of establishment for each
plantation polygon. This resulted in almost 2.1 million LiDAR grid cells in spruce
plantations: 927 360 black spruce, 843 360 white spruce, 272 130 Norway spruce, and 41
810 red spruce.

A nearest-neighbor matching algorithm built within the FORUS program (FORUS
Research 2011) was used to match LiDAR grid cells to one (k = 1) ancillary plot based on
the smallest sum of squared difference between each inventory variable used, referred to
as ‘distance’ (Equation 3.1). The influence of different variable ranges (e.g., BA: vs VOLy)
was removed from matching by normalizing each variable by dividing values by the
maximum of observed plot values for each variable. Match distance was calculated (Lamb

etal. 2017) as:

2
, NV Cv _ by
[3.1] Distance = ),, w, (Max O, M ax(pi...n)u)

where w is variable weight, c is LIDAR cell value, p is ancillary plot value (i...n), for each
variable v: planted species, BAt, BAm, VOLt, VOLm, TopHt, or QMDn.

Planted species was converted to a numeric value (e.g., black spruce = 1, white
spruce = 2, etc.). To ensure that LIDAR grid cells and ancillary plot matches shared the
same planted/dominant spruce, an arbitrarily high variable weight of 1000 was used for
planted/dominant species, whereas all other variables (BAt, BAm, VOLt, VOLn, TopHt,
and QMDm) were given an equal weight of 1. Variables extracted from matched plots are

referred to herein as “plot-matched variables”. More details about the plot-matching
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approach and plot-level and plantation-level accuracy of the approach are presented in

Lamb et al. (2017).

3.3.6 Forest growth model and model calibration

The growth model used to forecast forest inventory for LIDAR grid cells was Open
Stand Model (OSM) (Hennigar 2015). OSM is a tree-list growth simulation model
calibrated for the Acadian Forest Region that predicts forest vegetation changes in response
to stand development for a range of management types and site conditions. For each annual
iteration of growth, forest inventory variables for individual trees (DBH and height) are
altered using species-specific DBH and height increment and tree survival equations.
Species DBH and height measurements are used to calculate volume using regional taper
equations (Honer et al. 1983, Li et al. 2012). Growth rates are influenced by the Acadian
biomass growth index (BGI) model, which takes into account climate, lithology, soils, and
topography (Hennigar et al. 2017). The BGI is available as a 20 x 20 m spatial raster
(http://www.forusresearch.com/bgi.php) and was used to determine BGI for each plot and
grid-cell location.

While OSM is calibrated for intensively managed plantations in the Acadian Forest,
the Black Brook District is known to have above average productivity and plantation
management practices compared to most other areas in this region, so it was necessary to
ensure growth derived from OSM would be representative of the District’s plantations. To
do this, the 399 permanent sample plots found in Black Brook spruce plantations were used
to calibrate OSM. Plot measurements were used only if no treatments occurred between

two measurements to remove the influence of treatments on observed growth and yield.
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This resulted in 173 plots in plantations ranging from 13-45 years old, with 534 total
measurements: 175 black spruce, 295 white spruce, 1 Norway spruce, and 63 red spruce.

Height increment calibration was done within the OSM software. Each of the 534
plot measurements were forecasted in OSM using their respective BGI to produce
predicted height increments, and these were compared with observed increments. OSM
contains methods for 1) validation of height and DBH increment models against local
observations and 2) auto-adjustment of these models to correct bias through simple linear
regression (FORUS Research 2011). Variables considered in model building included total
plot basal area, DBH, and basal area of larger trees. Height increment models were built
and used to calibrate growth for black spruce, white spruce, red spruce, and balsam fir
(Abies balsamea (L.) Mill.). No height increment model was built for Norway spruce due
to low sample size. DBH increment calibration models were not used, as they did not result
in improved predictions of DBH increment.

In addition to height increment calibration, the need for mortality calibration was
also assessed. The FORUS platform allows for the modification of background mortality
rates by user-defined diameter classes, as well as the maximum relative density limit where
self-thinning is to be applied. Plot-level observed and predicted annual mortality rates
(stems-year) were calculated for five diameter classes (3-10 cm, 10.1-20 cm, 20.1-30
cm, 30.1-40 cm, and > 40 cm) to compare mortality. Based on the predicted and observed
mortality, mortality rates were reduced by 50% and 80% in the 10.1-20 cm and 20.1-30
cm DBH classes, respectively. Relative density where self-thinning was to be applied was

increased from 85% to 100%.
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3.3.7 Forecasting forest inventory for LIiDAR grid cells

To obtain forecasted inventory for LIDAR grid cells, each plot used in matching
was forecasted using OSM and a BGI value representative of the LIDAR grid cell to which
it was matched. BGI for Black Brook spruce plantations ranged from 2251 kg-ha™'-year™!
to 4894 kg-ha !-year!. To reduce the combinations of plot and BGI values, and thus the
need for individual calculations, three BGI values were used for forecasts: 3000, 3750, and
4500 kg-ha™!-year™!. The 5630 inventory plots used in plot matching were forecasted for
10 years in 1-year time steps using each of these three BGI values. BGI of each LIiDAR
grid cell was determined using ArcGIS (ESRI, Redlands, CA) and the regional BGI raster
(http://www.forusresearch.com/bgi.php), and rounded to the nearest of the three BGI
values used for forecasting. Each LiDAR grid cell was then linked with its forecasted
matched plot, creating 10-year forecasted BA:, BAm, VOL:, VOLn, basal area weighted
average height (Lorey’s height; LHt), total quadratic mean diameter (QMDy), and live
crown ratio for each grid cell. Mean annual height increment was calculated for each grid

cell by dividing its LHt by age of plantation at year of forecast.

3.3.8 Plot-level comparison of predicted inventory variable increments

The 100 calibration/validation plots were used to test the accuracy of inventory
variable increments predicted using tree lists imputed from plot matching. Tree lists from
the calibration/validation plots were input into OSM using the BGI for each plot location
to obtain annual increments predicted from measured tree lists for six inventory variables
(BA:, BAm, VOLt, VOLm, LHt, and QMD). Since these plots were 400-m? circular areas,

they covered more than one single square 400-m? LiDAR grid cell. Plot match-derived
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variable increments were calculated for each plot by summing the product of the variable
increment multiplied by the corresponding proportions of the grid cell intersecting a plot
area. Annual increment of the six variables predicted from tree lists imputed by plot
matching were plotted against annual increment predicted from actual, measured plot tree
lists.

Accuracy of LiDAR-derived inventory for the six plot-matched variables (BA;,
BAm, VOLt, VOLm, TopHt, and QMDnm) was calculated to evaluate error between annual
increments predicted from tree lists imputed by plot matching versus those predicted from
measured plot tree lists. For each variable, error between LiDAR-derived versus measured
calibration/validation plot values was calculated (LiDAR-derived variable value minus
calibration/validation variable value). This error was divided by the measured inventory
value for each plot and multiplied by 100 to calculate percent error for each plot-matched
variable and plot. These percent error values were used to categorize each plot into two
“goodness of fit” classes: “high accuracy” (< 10% error for all plot-matched variables) and
“low accuracy” (> 10% error for one or more plot-matched variable). Pearson correlation
coefficient (r), mean error, and root mean squared error (RMSE) were calculated for all
plots as well as for the high accuracy and low accuracy plot groups. To compare across
variables, mean error and RMSE were calculated as a percentage by dividing it by the mean
of each respective variable and multiplying by 100. This comparison was done using 98 of
the 100 calibration/validation plots, as two plots fell outside of spruce plantation

boundaries and were excluded.
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3.3.9 Plantation-level comparison of harvest volume and forecasted volume
Harvested volume data for 15 spruce plantation harvest blocks in the Black Brook
District were compared with corresponding volumes forecast from tree lists imputed by
plot matching. These blocks were located in six black spruce and nine white spruce
plantations with areas ranging from 4 to 45 ha. All blocks were clearcut in 2016 with the
same product specifications as used to calculate VOLn. Four blocks were located in the
2011 LiDAR acquisition area, while the remaining 11 were located in the 2013 LiDAR
area, equating to 5- and 3-year plot match-derived forecasted VOLm, respectively. The
2016 plot match-derived VOLny was intersected with the block polygons using ArcGIS
(ESRI, Redlands, CA) to calculate forecasted VOLn and this was plotted against
corresponding measured harvest volumes. In addition, VOLn derived from the original
LiDAR predictions were plotted against measured harvest volumes to assess improvements
when using plot match-derived forecasted VOL. Pearson correlation coefficients (r) and
mean bias, both weighted by harvest block area, were calculated for each case. A paired t-
test, weighted by block area, was used to determine if plot match-derived forecasted VOLm

and LiDAR-derived VOLn, were significantly different from measured harvest volumes.

3.3.10 Mapping commercial thinning eligibility for operational harvest planning

J.D. Irving, Limited commercial thinning eligibility rules were used to rank and
map LIDAR grid cells that would qualify for commercial thinning in 2018 using plot
match-derived forecasted inventory variables. These rules use “points” assigned to
LiDAR- or plot match-derived inventory variables (i.e., VOLm, average merchantable tree

volume [VOLw/stems per hectare], live crown ratio, and mean annual height increment
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[m-yr?]) as well as minimum/maximum age and planted species derived from forest
inventory polygons. The sum of these points were used to rank cells for commercial
thinning eligibility. Using plot match-derived forecasted variable values for 2018 and
forest resource inventory polygons, commercial thinning eligibility points were calculated
for each grid cell. Cells were then categorized based on their commercial thinning
eligibility as high ranking (points > 9.5), medium ranking (7.5-9.4), and low ranking (0.1—
7.4). High ranking cells are expected to have the greatest response to release and highest
financial return, in comparison to medium and low ranking cells.

To demonstrate the process for prioritizing annual commercial thinning treatments
using plot match-derived forecasted inventory, the commercial thinning ranking system
and a measure of block-level competition were used to spatially schedule commercial
thinning for 2018, 2019, and 2020. The objective was to target high ranking blocks that
would provide the greatest financial return and further prioritize to capture density-
dependent mortality. Using the dissolve tool in ArcGIS (ESRI, Redlands, CA), all high-
ranking cells sharing a border were dissolved together to create new contiguous block
polygons. Block polygons less than 4 ha were removed from commercial thinning
consideration as this was the smallest harvest block size observed from the 2016 harvest
data. To quantify block-level competition, basal area was used as it is commonly used as a
measure of competition (Curtis 1982; Biging and Dobbertin 1995). Mean BA: was
calculated for each block polygon using the 2018 plot match-derived forecasted BA:. Block
polygons were selected in order of decreasing mean BA; until the sum of total area selected
was < 3000 ha (average total annual area commercially thinned in the District since 2014;

David Young, Management Forester, J.D. Irving, Limited, personal communication,
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September 1, 2017). These polygons represented the proposed 2018 commercial thinning
blocks. To select commercial thinning blocks for 2019 and account for proposed treatments
in 2018, all 2019 plot match-derived grid cells that were coincident with the proposed 2018
commercial thinning blocks were removed using the erase tool in ArcGIS (ESRI, Redlands,
CA). Following the same process used for selecting 2018 commercial thinning blocks, <
3000 ha of high ranking, high BA: areas were selected from the 2019 plot match-derived
forecasted inventory. This same process was repeated for the 2020 plot match-derived
forecasted inventory. This resulted in proposed 2018, 2019, and 2020 commercial thinning

blocks that were mapped to show the distribution across the District.

3.4 Results
3.4.1 Comparison of variable increments predicted from plot-matched versus field-
measured tree lists

Inventory variable increments predicted with OSM using tree lists imputed by plot
matching were strongly correlated with those using measured tree lists from 98
calibration/validation plots. For the six inventory variables compared, r ranged from 0.75—
0.86 (Table 3.1 and Fig. 3.2). Percentage mean error and percentage RMSE ranged from -
3.6%-0.0% and 12.8%—-36.6% for BAt, VOLt, VOLm, LHt, and QMDy, but was 11.3% and
49.0% for BAm, respectively (Table 3.1).

Comparison of variable increment predictions between the high accuracy and low
accuracy plot groups revealed that plot matching performed best when accuracy of LIDAR-
derived inventory was high (Fig. 3.2). Percentage RMSE was lowest (4.9%-13.5%) in high

accuracy plots and highest (14.5%-56.2%) for low accuracy plots (Table 3.1). The
69



difference was greatest for BAm where RMSE for high accuracy plots was 13.5% compared

to 56.2% in low accuracy plots. Percentage mean error ranged from -0.5%-3.0% for high

accuracy plots compared to -3.8%-14.4% for low accuracy plots (Table 3.1).

Table 3.1. Pearson correlation coefficient (r), mean error, and root mean squared error (RMSE) for
annual increment of six inventory variables (basal area, merchantable basal area, volume,
merchantable volume, Lorey’s height, and quadratic mean diameter) forecasted for 5 years using
Open Stand Model using tree lists imputed by plot matching versus tree lists measured in 98
calibration/validation plots. Plots were categorized based on accuracy of LiDAR-derived inventory
variable values: high accuracy (< 10% error for all plot-matched variables) and low accuracy (> 10%
error for one or more plot-matched variable).

Vargble  Ploteroup v TR WLy RMsE FooF
Total All 98  0.82 -0.04 -36 0.41 36.6
basal area High accuracy 25 0.88 0.03 3.0 0.12 11.1
(m*hat-yr) | owaccuracy 73 0.81 -0.04 -3.8 0.47 41.9
Merchantable All 98 075 0.12 11.3 0.54 49.0
basal area High accuracy 25 0.85 0.03 25 0.15 13.5
(m*hat-yr!) | owaccuracy 73 0.75 0.16 14.4 0.61 56.2
Total All 98  0.78 -0.15 -16 2.21 23.4
volume High accuracy 25 0.77 0.04 0.4 1.01 10.7
(m*hatyr!) | owaccuracy 73 0.77 -0.22 2.3 2.50 26.4
Merchantable All 98 084 -0.01 -0.1 1.99 22.6
volume High accuracy 25 0.77 0.04 0.5 1.03 11.7
(m*hat-yr!) | owaccuracy 73 0.83 -0.03 0.3 2.23 25.3
Lorey’s All 98  0.86 -0.01 -15 0.05 12.8
height High accuracy 25 0.90 0.00 0.1 0.02 4.9
(m-hat-yr!)  |owaccuracy 73 0.85 -0.01 2.1 0.06 14.5
Quad. mean All 98 085 0.00 0.0 0.08 195
diameter Highaccuracy 25  0.92 0.00 -05 0.03 6.2
(em-hat-yr') | owaccuracy 73 0.83 0.00 0.1 0.09 22.3

! Percentage mean error and percentage root mean squared error calculated as a percentage by dividing it by the mean of
each respective variable.
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Fig. 3.2. Comparison of annual increment over 5 years predicted using Open Stand Model for six
inventory variables [(a)—(f): basal area, merchantable basal area, volume, merchantable volume,
Lorey’s height, and quadratic mean diameter] for tree lists imputed by plot matching and measured
in 98 calibration/validation plots. Plots were categorized based on accuracy of LiDAR-derived
inventory variable values: high accuracy (< 10% error for all plot-matched variables; n = 25) and low
accuracy (> 10% error for one or more plot-matched variable; n = 73).
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3.4.2 Comparison of harvested volumes with predicted volumes derived from
forecasted plot matches and LiDAR

Comparison of harvested volumes from 15 spruce plantations harvested in 2016
revealed that plot match-derived forecasted VOLm were highly accurate (Table 3.2 and Fig.
3.3). Differences between plot match-derived forecasted VOLny and harvested volumes
ranged from -12.0%-14.4% (Table 3.2) with an overall mean difference of only 1.5% when
weighted by block area. When year of LIDAR acquisition was considered, mean
differences were -4.1% and 3.0% for harvest blocks in the 2011 and 2013 LiDAR
acquisition areas, respectively. The greatest errors in this comparison resulted from
inaccuracy of the LiDAR-derived VOLm. For harvest blocks 11 and 12, with errors of
14.4% and 14.3%, LiDAR-derived VOLn was 11.8 and 7.0 m®-ha™! greater, respectively,
than volumes harvested 3 years after LiIDAR-derived predictions. With the exception of
harvest blocks 3 and 13, forecasted plot matches resulted in larger VOLm than the original
LiDAR-derived predictions. This resulted in a stronger correlation and reduced mean bias
between harvested volumes and plot match-derived forecasted VOLn (0.92 and 2.5
m3-ha™!') when compared to LiDAR-derived VOLn (0.83 and 11.0 m*-ha™!) (Fig. 3.3). In
addition, the results from the paired t-test indicated that plot match-derived forecasted
VOLmn was not significantly different from harvest volumes (p = 0.54), but that the

unforecasted LiDAR-derived VOLy was (p = 0.032).
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Table 3.2. Actual harvested versus forecasted merchantable volume derived from tree lists imputed by
plot matching using Open Stand Model for 15 blocks harvested in 2016 in Black Brook District.
Harvest blocks located in the 2011 and 2013 LiDAR acquisition areas represent 5- and 3-year plot
match-derived forecasted merchantable volume, respectively. Averages were weighted by harvest
block area. All blocks were clearcut with the same product specifications as was used to calculate plot
match-derived merchantable volume.

Harvest ' Area Years Harvested Forecasted Eercent
Block Planted Species (ha) Forecasted volum_e volum_e difference
(m3-hat) (m3-hat) (%)
1 Black spruce 4 3 127 133 4.6
2 Black spruce 4 3 154 157 2.1
3 Black spruce 8 3 181 186 2.9
4 Black spruce 10 5 165 145 -12.0
5 Black spruce 12 5 156 171 10.0
6 White spruce 12 5 248 221 -10.7
7 White spruce 14 3 179 177 -1.2
8 White spruce 17 5 203 199 -2.0
9 White spruce 17 3 230 248 8.0
10 White spruce 22 3 141 132 -6.4
11 White spruce 23 3 118 135 14.4
12 White spruce 24 3 129 147 14.2
13 White spruce 26 3 182 178 -2.3
14 Black spruce 29 3 184 172 -6.6
15 White spruce 45 3 160 172 7.5
Average - 18 3.4 169 172 1.5
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Fig. 3.3. Comparison of merchantable volume derived from tree lists imputed by plot matching and
forecasted using Open Stand Model (green circles) and original, unforecasted LiDAR-derived
predictions (red squares) with actual harvest volumes from 15 harvest blocks harvested in 2016. Time
elapsed between LiDAR acquisition and harvest ranged from 3-5 years with an average of 3.4 years.
Volume difference between forecasted plot matches and original LiDAR ranged from -2.0-40.8 m®-ha-
L with an average of 13.5 m3-ha’. Point sizes represent relative harvest block size (3.9-45.0 ha). Bias is
presented in variable units (m3-ha).

3.4.3 Mapping commercial thinning ranking and scheduling annual commercial
thinning treatments for spruce plantations in the Black Brook District

Using the 2018 plot match-derived forecasted inventory, commercial thinning
rankings were applied to individual grid cells using J.D. Irving, Limited commercial
thinning eligibility rules. When grid cells were removed if they did not fall within the
minimum and maximum age limits, 32 370 ha (809 250 cells) were “eligible” for
commercial thinning (Fig. 3.4). Ranking individual cells resulted in 9870 ha, 12 780 ha,
and 9720 ha of high, medium, and low ranking area (Fig. 3.4a). When bordering cells

sharing the same commercial thinning rank were dissolved into larger polygons, the result
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was 49 760 individual polygons. This number was greatly reduced when minimum polygon
size was considered, as there were only 2840 and 1470 polygons > 1 ha and > 4 ha,

representing 27 920 ha and 25 160 ha, respectively.

CT Ranking

I High (9870 ha) 2
Medium (12 780 ha)

B 10w (9720 ha) :
0 5 10 20 0 50100 200
I Kilometres B Mctres

Fig. 3.4. Commercial thinning (CT) ranking for LiDAR grid cells in (a) Black Brook District and (b)
one sample stand using inventory variables derived from tree lists imputed by plot matching and
forecasted to 2018 using Open Stand Model. Cell ranking was determined using J.D. Irving, Limited
commercial thinning eligibility rules for first commercial thinning, which uses species, age, gross
merchantable volume, mean tree gross merchantable volume, mean annual height increment, and live
crown ratio.

When annual commercial thinning was planned for high ranking blocks > 4 ha
using plot match-derived forecasted BA: as a competition index, the result was 2970 ha,
2990 ha, and 2970 ha for years 2018, 2019, and 2020, respectively (Fig. 3.5). Minimum
block size was 4 ha for all years, however, maximum size was 290 ha, 200 ha, and 100 ha,
and mean size was 27 ha, 22 ha, and 19 ha for years 2018, 2019, and 2020, respectively.
The number of blocks scheduled for years 2018, 2019, and 2020 was 112, 134, and 157,

respectively.
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Fig. 3.5. Optimal year of first commercial thinning (CT) for 2018, 2019, and 2020 using inventory
variables derived from tree lists imputed by plot matching and forecasted to 2018 using Open Stand
Model. Proposed blocks include high ranking grid cells based on J.D. Irving, Limited commercial
thinning eligibility rules as well as a block-level competition index (basal area). J.D. Irving, Limited
commercial thinning eligibility rules use species, age, gross merchantable volume, mean tree gross
merchantable volume, mean annual height increment, and live crown ratio. Priority was placed on
blocks with greatest total basal area to capture density dependent mortality.

3.5 Discussion

LiDAR-derived forest inventory introduced a major shift in how forest
management is practiced in Canada (Woods et al. 2011; White et al. 2013) and abroad
(Naesset et al. 2004; Naesset 2014). With LiDAR, planning of harvest and silviculture
treatments no longer need be determined by photo-interpreted stand polygons and strata-
based yield curves. Instead, within- and between-stand variability can be determined using
this high-resolution inventory, allowing for prescription development prior to site visits.
Silviculture treatments and harvests can be prescribed to areas that will result in the greatest
growth response to release and highest financial return. However, without a means of
forecasting the inventory, forest managers would eventually be forced to return to stand-

based yield curves for operational-, tactical-, and strategic-level planning between
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inventory refresh cycles. Using tree-list imputation methods (Lamb et al. 2017), we have
presented a framework for forecasting grid-cell inventory variables using imputed tree lists
and a locally calibrated tree-list growth model. This extends the life of LIDAR-derived
inventory and allows forest managers to continue high-resolution forest planning into the
future.

Tree lists imputed for spruce plantation LiDAR grid cells from plot matches
allowed for accurate inventory variable increment predictions when input into a locally
calibrated growth model, as validated by comparing variable increments predicted using
measured tree lists for 98 calibration/validation plots. Plot matches resulted in strong
correlation, low mean bias, and low RMSE for BAt, BAm, VOLt, VOLn, LHt, and QMD¢
increment predictions, compared with increments predicted from measured trees. When
accuracy of LIDAR-derived plot-matched variable values were high (< 10% error for all
plot-matched variables), percentage RMSE values were 9.6%-42.7% lower than for plots
with lower accuracy (> 10% error for all plot-matched variables). Much of the error
associated with variable increment predictions resulted from calibration/validation plots
located in young plantations with merchantable values of 0. For example, of the 20 plots
with plot match-derived BAn increments that differed from measured tree-list increments
by more than + 0.5 m2-ha!-year!, 11 had LiDAR-derived merchantable values of 0.
Without merchantable variables, plot matches were based largely on BA:;, VOL;, and
TopHt. This introduced the possibility that matched plots may not be representative of
actual conditions, as the combination of BA:, VOL:, and TopHt was not sufficient to
accurately describe density or average diameter. The addition of QMD:x as a plot-matched

variable would ensure that plot matches are more representative of density and average
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diameters, however, this LiDAR-derived variable was not predicted by the LIDAR
contractor so was not available for matching. Matching to grid cells in unmerchantable
stands has additional challenges in that few plots were in young stands. Of the 5630 plot
measurements used in matching, only 9% had no merchantable tree measurements,
compared with 35% of all LIDAR grid cells with merchantable value predictions of 0.
Despite increased variance in the growth increment predictions of these plots, predictions
remained unbiased suggesting that errors will average out when grid cells are aggregated.

When plantation harvest blocks were examined, plot match-derived forecasted
VOLn showed strong agreement with harvested volumes, suggesting that forecasted plot
matches may provide estimates of stand-level volume that are acceptable for operational
planning. Although plot match-derived forecasted VOL accuracy varied between blocks,
overall, plot match-derived forecasted VOLm was only 1.5% greater than harvested volume
and was found to not be significantly different. The slightly higher average VOLm may be
the result of defects or cull not accounted for in the calculation of VOLm. If available,
species-specific cull rates for the area in question could be applied to imputed tree lists to
calculate volumes that are more representative of ground conditions. In addition to the fact
that imputed tree lists offer the ability to account for cull or defects, the benefits of plot
matching and the resulting forecasted VOLm were evident by the increased correlation and
decreased bias when compared with 3-5-year-old LiDAR-derived VOL. For fast growing
stands, such as the spruce plantations in the Black Brook District, the addition of plot
match-derived forecasted inventory with LiDAR-derived estimates presents a significant

advantage for operational forest management.
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The use of LIDAR- or plot match-derived inventory variables to spatially map areas
of interest may be the most beneficial advantage of this high-resolution inventory.
Quantifying variability in inventory variables is of greater importance than knowing stand-
level averages, as variability directly impacts operational costs, response to treatment,
wildlife habitat, etc. (Woods et al. 2011). This is particularly true for silvicultural
treatments such as commercial thinning, which have very exacting stand-condition
requirements for positive cost-benefit outcomes Watt et al. (2013) concluded that LIiDAR-
derived estimates of average tree height and base to live crown were sufficiently precise to
delineate and schedule commercial thinning in Douglas-fir (Pseudotsuga menziesii [Mirb.]
Franco) stands. However, as time since acquisition of LiDAR-derived inventory increases,
it becomes less representative of actual conditions. We have demonstrated how plot match-
derived inventory variables, forecast for 3-5 years with a tree-list growth model, and
commercial thinning ranking rules can be used to delineate high-ranking grid cells beyond
the year of LIDAR acquisition. In addition, we presented a novel method for planning
annual commercial thinning treatments using the commercial thinning ranking and a
measure of competition. Although BA: was used as the measure of competition, other
competition indexes (e.g., stand density index or relative density [Weiskittel et al. 2011])
can be calculated from imputed tree lists and used to prioritize thinning treatments.

Forecasting forest inventory is an important issue for all inventory methods,
including and LiDAR. Although methods to obtain forecasted inventory at grid-cell
resolution have been proposed (Harkénen et al. 2013; Tompalski et al. 2016), the variables
that can be obtained from the growth models used in these studies are limited as they did

not use tree-level inventory. The advantage of the plot-matching method over other LIDAR
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forecasting methods is the ability to generate tree lists and to calculate additional inventory
variables that were not estimated from LIDAR, and to combine them to generate forecasts.
Variables such as species-specific product volume (Peuhkurinen et al. 2008), biomass and
carbon (Nesset and Gobakken 2008), and wildlife habitat (Vierling et al. 2008) have all
been estimated using LiDAR, but each variable requires a unique set of calibration plots to
cover the variability observed on the landbase (White et al. 2013). In contrast, these
variables may be calculated from the plot match-imputed tree lists and forecasted,
providing forest managers with the tools needed for high resolution management planning
between inventory refresh cycles. As product specifications change, biomass equations
improve, or wildlife habitat measures advance, these variables can be updated and
forecasted, providing a very flexible and adaptable inventory dataset.

Despite the benefits that forecasted plot matches present, forecast inventory
estimates are limited by several potential issues. Accuracy of plot match-derived inventory
variables and subsequent forecasts are limited by the accuracy of the LiDAR-derived
inventory (Lamb et al. 2017). Even with accurate LiDAR-derived inventory, plot match-
derived forecasted inventory may still be inaccurate for stand conditions not represented in
the plot measurement database, so, traditional age-based yield curves may be more accurate
for rare forest cover types. Finally, the accuracy of the tree-list growth model used to
forecast matches will influence results. Since our study area had a large number of
permanent sample plot measurements available to calibrate height and mortality
increments for OSM, this likely contributed to the accuracy of estimates of forecasted

variable values.
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3.6 Conclusions

We imputed tree-level inventory for 2.1 million LIDAR grid cells in spruce
plantations using a nearest-neighbor matching algorithm and plot data from throughout the
province of New Brunswick (Lamb et al. 2017). This method uses the library of existing
plot measurements and a small number of LiDAR-derived inventory variables to impute
complex tree-level inventory data for each grid cell. Using a locally calibrated tree-list
growth model and BGI value for the cell location, imputed tree lists were forecast 10 years
in 1-year time steps to obtain forecasted inventory variables (i.e., BAt, VOL, LHt, etc.) at
20 x 20 m grid-cell resolution. Increments of variables predicted using tree lists imputed
from plot matching were strongly correlated with those predicted from measured tree lists,
suggesting that imputed tree lists were sufficiently accurate for forecasting inventory
variables. This was supported by the comparison of plot match-derived forecasted VOLn,
and harvested volume, which showed stronger correlation and lower bias when compared
with 3-5-year-old LiDAR-derived VOLm. Using plot match-derived forecasted inventory
variables (e.g., VOLm, mean annual height increment, live crown ratio, etc.) and
commercial thinning eligibility rules, we demonstrated the ability to spatially plan annual
silviculture treatments that were otherwise unobtainable with the older LiDAR-derived
inventory.

The benefit of this approach is the use of a tree-list growth model to obtain high
resolution forecasted inventory. Since these models track growth and yield of each tree,
users are provided with the flexibility to calculate species-specific variables and manage
for multiple objectives. Typically, forecasting forest inventory for a landbase at grid-cell

resolution with a tree-list growth model would be computationally infeasible. However,
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we have presented a novel and practical solution that allows forest managers to make
detailed operational-, tactical-, and strategic-management plans, not otherwise available

using traditional inventory methods.
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CHAPTER 4: GENERAL DISCUSSION AND CONCLUSIONS
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4.1 Summary of results

This thesis examined methods to impute tree lists for individual light detection and
ranging (LIDAR) grid cells in spruce (Picea sp.) plantations, in order to forecast inventory
variables using a locally calibrated tree-list growth model. | evaluated a method to match
stand structural variables estimated from LiDAR to those in a library of over 5500 sample
plot measurements to impute tree lists for LIDAR grid cells across 83 000 ha of spruce
plantations. Matches were determined based on planted species and minimum sum of
squared difference between total and merchantable basal area, total and merchantable
volume, top height, and merchantable quadratic mean diameter. Forest inventory variables
obtained by the plot matches were highly correlated (r = 0.91-0.99) with those measured
on 98 validation plots. Basal area distributions derived from plot matching were
statistically equivalent to those observed on the validation plots 86% of the time (a = 0.05).
When the predictions for all validation plots were aggregated, there was minimal difference
between predicted and actual basal area distributions by planted species and species
compositions were similar. Overall, results indicated that tree-level inventory could be
imputed for LIDAR grid cells using existing forest inventory plot measurements and
suggested that the tree-level inventory was acceptably accurate for updating future forest
inventory using a tree-list growth model.

To evaluate the accuracy of tree-level inventory projections, | then compared
inventory variable increments predicted with a locally calibrated tree-list growth model
(FORUS Research 2011) using tree lists imputed by plot matching with those using
measured tree lists from 98 validation plots. | found that total and merchantable basal area,

total and merchantable volume, Lorey’s height, and quadratic mean diameter increments
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were highly correlated (0.75-0.86) with percent root mean squared error ranging from
13%-49%. For validation plots with < 10% LiDAR-derived error for all plot-matched
variables, percent root mean squared error was much lower (5%-13%). When compared
with volumes from 15 blocks harvested 3-5 years after LIDAR acquisition, average
forecasted volume differed by only 1.5% and was not significantly different (p = 0.54). In
contrast, unforecasted LiDAR-derived volume was significantly different (p = 0.032) from
actual harvested volumes, which showed added value in forecasting LiDAR-derived
inventory using the plot-matching method.

To demonstrate the novel application of this method for operational management
decisions, annual commercial thinning was planned at grid-cell resolution from 2018—-2020

using forecasted inventory variables and commercial thinning eligibility rules.

4.2 Application of thesis results

LiDAR-derived forest inventory has been shown to be an effective tool for
operational forest management (Naesset et al. 2007; Woods et al. 2011) because of its
accuracy and high spatial resolution. However, without a means to forecast it forward in
time, any inventory, whether traditional or LiDAR-derived, will become biased and less
useful for forest management planning with time. As demonstrated in this thesis (Chapter
3), unadjusted LiDAR-derived volumes can differ measurably from harvest volumes in
spruce plantations just 3-5 years after acquisition. This underscores a need to regularly
refresh an inventory to maintain its accuracy. Using the methods presented in this thesis,
tree-level inventory can be imputed for LiDAR grid cells and incrementally forecasted,

thus delaying complete inventory refresh. For example, the New Brunswick Department
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of Energy and Resource Development aims to acquire LiDAR for the entire province on a
10-year cycle; methods such as those tested herein will play an important role in
maintaining the inventory within each of these cycles.

The plot-matching method also offers some additional benefits with respect to
predicting several forest-related variables. In addition to common inventory variables
predicted with LiDAR (i.e., volume, basal area, mean tree height, etc.), numerous studies
have demonstrated the ability to predict non-timber value measures from LiDAR point
clouds; e.g., wildlife habitat (Martinuzzi et al. 2009; Melin et al. 2013), carbon stocks
(Patenaude et al. 2004; Garcia et al. 2010), and forest canopy fuels (Andersen et al. 2005;
Erdody and Moskal 2010). Such variables have become increasingly important for forest
management; however, each additional variable calculated directly from LiDAR incurs
additional costs and possible delays if the LIDAR contractor or expert is not available. On
the other hand, if tree lists have been matched to individual inventory grid cells, then
calculation of these additional forest inventory measures is straightforward. In essence, any
variable that can be calculated from tree-level inventory becomes readily available for
computation by using the tree-list imputation methods presented in this thesis.

Although this thesis focused on the application of forecasted LiDAR-derived
inventory for planning commercial thinning in spruce plantations, these methods are also
applicable to planning other harvest and silviculture treatments. Pre-commercial thinning
and plantation cleaning are scheduled based on stem density and mean height (Nyland
2007), and these variables can be determined at the grid-cell level and used to plan annual
treatment schedules across stands and within stands. Treatments and treatment response

simulations can also be conducted for each stand to optimize prescription performance.
93



Finally, volumes derived from matching tree lists with LIDAR cells and forecasting them
will allow forest managers to estimate expected harvest block volumes that more closely

match actual harvest volumes (Chapter 3).

4.3 Limitations and future work

Despite advantages associated with the plot-matching method and the accuracy of
the resulting forecasted inventory variables presented in this thesis, the methods do not
come without some caveats and limitations. The plot-matching approach relies on having
existing plot measurements that cover the full range of conditions observed in the target
area. Any gaps in the range of conditions sampled could introduce error through an inability
of the algorithm to locate a proper match. LiDAR grid cells containing uncommon species
or unique structure (e.g., a shelterwood stand with a single dominant tree in the cell) may
result in plot matches that are not representative of actual conditions if no similar reference
plots are available. In these cases, plot matching may not be suitable until additional plots
are collected that represent these conditions. However, with each additional LiDAR
calibration plot and temporary or permanent sample plot measurement, the plot-matching
library increases and improves the chances that a more representative plot match will be
found. Therefore, my methods should help to focus sampling on stand types with
inadequate existing inventory plots.

The plot-matching approach currently relies on manual photo-interpreted species
composition at the stand polygon level to match individual 20 x 20 m LiDAR grid cells
within the polygon. This generally works well in intensively managed plantations where

species composition is largely homogenous throughout the stand, but is not expected to
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work without error in more heterogeneous stands, where individual grid cells may not
comply with the polygon species label. It is expected that this shortcoming will be
circumvented through some of the current research aimed at automated species
classification of individual trees within grid cells (e.g., Holmgren et al. 2008; Yao et al.
2012). Recently, Perron and St-Onge (AWARE 2016) have classified tree species,
diameter at breast height, and total height for overstory trees across the Black Brook
District. These predictions are being used to estimate overstory species composition,
weighted by crown area, to provide accurate species composition at the grid-cell level. This
improved species resolution, presents significant opportunity for further research of the
tree-list imputation method.

Finally, the accuracy of inventory variables forecasted from the tree-list growth
model must be considered. Even if the tree list matched to the LiDAR cell accurately
represents actual conditions within that cell, forecasting the inventory variables may be
inaccurate if the growth model relationships do not accurately predict actual growth and
yield. In this thesis, | used local permanent sample plot measurements in plantations on the
same landbase to calibrate tree-level growth and yield relationships in OSM, in order to
improve forecasted inventory estimates. If similar plot data are not available for the study
area in question, the user would be forced to rely on the accuracy of a regional tree-list
growth model. Given advancements in soil attribute mapping and digital elevation models
using LiDAR, the biomass growth index (Hennigar et al. 2017) used in this thesis (Chapter
3) should permit improvements in growth and yield predictions. Additionally, current
research by Furze and Arp (AWARE 2016) aims to use LiDAR-derived variables to better

map site productivity to improve growth projections.
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