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Abstract

Duein large parto changes in land management practices, eastern redcedar (Juniperus
virginiana L.), a native Kansas conifer, is rapidly invading onto valuable rangelands. The
suppression of fire and increase of intensive grazing, combined with the rapid growth mate, hig
reproductive output, and dispersal abilty of the species have allowed it to dramaticaly expand
beyond its original rangdased on its abundance and invasive nature thexrgrowing interest
in harvesting this species for use as a biofuel. For edonganning purposes, density and
biomass quantities for the trees are needed. Three methods are explored for mapping eastern
redcedar and quantifying its biomass in Riey County, Kardess.a comparison of plot
regression versus individual tree basschhiques is conducted to determine the optimal
approach for characterizing redcedar tree canopy using LIDAR (Light Detection and Ranging).
Second a hybrid approach is utiized to characterize redcedar canopy biomass using LIDAR and
high-resolution multispctral imagery. Finally, to explore alternative methods of characterizing
the threedimensional structure of redcedarcanapy c ompar i son ofotodStructur
photogrammetrictechniques and LIDAR is conductethese methodshowed promising results
and proved to be usefin the forestry, range management, and bioenergy industries for better

understandinghe potential of invasive redcedar as a biofuel resource.
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Chapterl- Characterizing the I nvasi

Mapping its Biomass

In recent decades, woody tree invasion has become a serious problem in the tallgrass
prairie region of Eastern Kans@ragg & Hulbert, 1976)Due torapid human settlement,
overgrazing, and fire suppression, woody species have invaded sites that were once healthy
tallgrass prairies (Briggset al, 2002). Among the most invasive of these woody species is

Juniperus virgniana commonly known as eastern redcedar (Figure 1.1).

Figure 1-1 Easternredcedar encroaching in a pasture near Russell, KS.

! Chapter CeAuthored with and Reprinted with Permission from David Burchfield

on



1.1 Species Description

Eastern redcedar ( known lyhunipee spdciesenativedosthefir e d ¢
state of Kansas (Pease, 2007). It is a species characterized by its rapid growth and high
reproductive output (Briggst al, 2002). Redcedar is a coniferous species that has sharp, scaly
leaves that perform photosyntheg¢®tevensget al, 2005) (Figure 1.2). Unlike deciduous trees
that lose their leaves during autumn, redcedar retains its leafy material throughout the year.
Redcedar is a dioecious speéigemaleredcedacan be identified by the presence of small,
round, waxy blue seed cones (often called fAbe
Haverbeke & Read, 1976; Stevers$al., 2005).

Figure 1-2 Eastern redcedar foliage.

The range of redcedar is extensive, spanning the eastern half of the United States from
the Atlantic to the High Plains and from Texas in the south to Ontario in the north (Figure 1.3).



Isolated patches of redcedar have also been report@cegon. In Kansas, eastern redcedar

grows primarily in the eastern twthirds of the state where conditions are humid enough to
support it (Stevengtal, 2005) . It is also widely planted
Kansas (Strine, 2004). [Bun part to these windbreak plantings across the state, the current range

of redcedar exceeds its historical range (Owensbg|.,, 1973).

Figure 1-3 Range of eastern redcedar in the United States (derived from Little, 1971).



Figure 1-4 An example ofredcedar (dark areas on the images) expansion in Riley County,
KS, 1962 (top) to 2012 (bottom). (Imags courtesy of USDA NAIP Program and KSU

Historical Aerial Photo Archive)



1.2 Species Ecology and Human Factors

Eastern redcedar is a pioneer invader species that wil readily spread overpesbort
(Van Haverbeke & Read, 1976). PriorEaropearsettlemenin Kansas, woody species
(including redcedar) were primarily located in stream bottoms (lowlands) in the Flint Hils
region (Bragg & Hulbert, 1976). The Spanish explorer Coronado wrote in 1541 as he travelled
t hrough the r egi on,woodihaldghese plains awayftom thengulieskand d o f
rivers, which are very fewo (Bragg & Hulbert,
as woody species would spread into upland areas, they were naturally controlled by periodic
wildfires. Dendrochronological dating methotlave shown that, prior to EuropeAmerican
settlementthese fires burneeh the Flint Hils every four yearsn averagéAllen & Palmer,

2011). Within the historic range of redcedauropearAmerican settleréragmentedhe
landscape, constructing artificial barriers to fire (primarily roads) that have halted the natural
progression of prairie fires (Brigget al, 2002). Poor land management and plantings of
redcedar in windbreaks have further accelerated its spreaein@wet al,, 1973). These factors
have caused redcedar to become established in upland tallgrass prairies.

Redcedar dés invasiveness has become a probl
absentee landowners have acquired land as an investminthanting (Kindscher & Scott,

1997). These landowners may often be unwiling or unable to take the necessaryssitdpas
conducting annual prairie buigo properly manage their property. As redcedar has spread into
the uplands due to a lack of fire control it, it has often turned into dense stands that crowd out
warmseason# ) native tallgrass prairie grasses and forbs (Gehring & Bragg, 1992) (Figure
1.4). Many of these species are important forage plants for grazing animals in Kansas. Valuable
rangelands can be converted into clesadopy redcedar stands in as little as 40 years (Briggs,

al., 2002). Beef cattle ranchingn important industry in Kansas representing $8.5 bilion of the
$13.4 bilion agricultural industry in the state (USDAQRL), is being threatened by the spread of
redcedar into rangelands.

Another major concern with redcedar is its encroachment into populated areas. Redcedar
folage contains flammable volatile oils, and dense stands of redcedar located in urban and
suburba areas canincrease the risk of a wildfire affecting populated areas (Ward, 2013) (Figure
1.5) (Figure 1.6).



Figure 1-5 Eastern redcedar trees catching fire during a prairie burn. Image courtesy of

the Kansas Forest Service.
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Figure 1-6 Area of concern in Manhattan, KS, where a neighborhood borders a large
redcedar stand (outlined in yellow). Redcedar stands encroaching in developed areas pose a

high risk due to greater wildfire potential. Image courtesy ofthe USDA NAIP program.

1.3 RedcedrUses

Eastern redcedar has been shown to be a useful species in industry and agriculture. It is
commonly harvested for construction of pencis and wood chests, and it is also chipped into
mulch for use in landscaping and gardening (Van Haverbeke & R@#8), (Figure 1.7).
Redcedar oil has also been extracted for use in the essential oil industry (&balgd@009;
CAFNR news, 2008; Semen & Hiziroglu, 2005). It has also been shown to contain a high
amount of energy for heating. Large individual treagehbeen shown to contain over twelve
milion British Thermal Units (BTUS) of energy, equivalent to around 106 gallons of heating oll,
or 0.6 tons of anthracite coal (Straussal, 2011; Slusher, 1995Dne proposal is to harvest

redcedafor use as aitfuel, providing an inexpensive, locathptained fuel source for Kansas.
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Redcedar wood can be converted into biodiesel, wood chips for wood burning boilers, or

Abiochar, 0 a charcoal s ocetdl,20dlme nd me nt (Teel,

Figure 1-7 Eastern redcedar logs and mulch processed for gardening use near Pratt,

Kansas. Image courtesy of Larry Biles.

1.4 Mapping of Redcedar Using Remotely Sensed Data

To faciltate economic planning artthe devebpment of an eastern redcedar biofuel
industry in Kansas, redcedar cover and biomass estimates are needed on dedlethilEk
purpose of this thesis is to explongethodologies andddressjuestionsregarding the use of
remotely sensed data foreasung redcedar biomass and caver

The initial objectiveof this thesiss to identify the best method for assessing redcedar
biomass usind.ight Detection and RanginfLiDAR). A second objective istclassify redcedar
cover on the landscape usihgh spatial resolution I-meter)National Agriculture Imagery
Program (NAIP)mageryto identify redcedar canopy within a heterogonous canopy height
model derived from LIDARA third objective is ® map redcedar biomass across a large area
(e.g.a county) usig a fusion of satelite imagery, LIDAR data, and high spatial resolution- color

infrared aerial photographyThe fourth and final objective is to exploaglvances irstructure

2



from motion photogrammetrySfM) and how these advances may provide an alteenaadi
LIDAR for 3D modeling of redcedar

In chaptertwo | will explore two methods of characterizing the height and canopy of
redcedar using LIDAR and evaluate these two methods for feasibiity and accuracy. Ghapter
andthreewil also include discussn on the methods applied to identify redcedar in a
heterogeneousanopy height model by applying a mask derived from classified aerial imagery.
In chapterthreel will apply what is learned in chapter 2 to extract canopy metrics from the
redcedar height adel and use those to produce a predictive model to map redcedar biomass. |
will also evaluate the accuracy and limitations to the biomass model. In Chapter four | will
explore how a structure from motion derived surface model compares to data derived from

LIDAR and how this newer technology might be applied for mapping redcedar canopy.
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Chapter2- ACompari son of Methods for
Redcedar (Juni peGaunsohtpgyi tygt migarna DRAF

2.1 Introduction

For ower 50 years, the invasion of woody plant species into rangelands throughout the
tallgrass prairie and surrounding regions has been a concern to ranchers and conservationists
(Owensbyet al, 1972). Among the most prominent of these specidangperus uviginianal.;
often called eastern redcedar (Owengtyl, 1973; Norris, et al., 2001) (Figugl). Eastern
redcedar has a large range encompassing most of the eastern United Statese(ldbré601)
The species is fagfrowing and birds catmansport its seeds over many miles. (Briggsal,
2002) Historically, before the widespread suppression of fire in the area, periodic burning of the
prairie prevented eastern redcedar overexpansion. (Briggs and Gibson, 1992; eBadgs
2002) Anthopogenic fire suppression has now resulted in the drastic expansion of its range.
Throughout much of the Great Plains redcesdqransion has resulted finajor economic losses
due toa reduction irrangeland available for cattle grazirig. addition toecoromic losses
environmental impactsclude loss ofplant and animal community diversity and changes in
nutrient cycling. Closedanopy redcedar forest also presents a wildfire danger in\ahess

invasion occurs near suburban areas.

Figure 2-1 Eastern redcedar encroaching in a pasture near Russell, KS.

12



A potential solution to the problem of alreaidyaded areas s to find a largeale
commer ci al use for i1ts Dbiomass. Since eastern
(Blatchley, 1912) in the prairie ecosystédirere is interesh hanesting redcedar stands for a
variety of uses. Traditionally, redcedar wood has been used in fence posts and furniture, and it is
commonly processedhto mulch for gardening use. The wood can also be chipped and burned in
wood-burning stoves or boilers, antethods are being developed to convert redcedar material
into liquid biofuel products (Hemmerly, 1970; Lam, 2012; Ramachandsiyal, 2013).

Before redcedar can be harvested as-fulib it must be determined if there are enough
dense stands in anesrto make the establishment of infrastructure-etigiient. In order to be
cost efficient, it is best that largeimbersof trees be clustered tightly together within an
economically sustainable distance of processing facilties. While estimatesovktiadl scope
of redcedar invasion and general estimates of biomass exist, there is little information on the

spatial distribution ofedcedabiomass within Kansas.

2.1.1 Assessment of Forest Biomass Using LIiDAR
Studies have shown that Light Detection danging (LIDAR) is a powerful tool for
assessing forest biomass due to its abilty to generate multiple returns (height measurements)

within a single pulse when that pulse penegajaps in tree canopy (Figu2ed).
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Figure 2-2 lllustration of multiple returns from a LIiDAR pulse within a tree canopy. From
Stoker (date unknown).

As a result, LIDAR data have been used extensively in surveys of native or highly
managed forest stands. In 2003, Dradtegl.condicted a study where pligvel mean height of
median energy derived from waveform LIDAR was combined with a linear regression technique
to model aboveground biomass in fieapical forest. Popescu and Wynne (2004a) utilized a
method of individual tree extction based on a local maxima variable window approach. This
method also utilized spectral data to differentiate between coniferous trees and deciduous trees

when calculating window size based on a cargipyto-height ratio of the two tree types. In
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200, Bortolot and Wynne used an individual tiggesed approach to estimate the biomass of a
forest in Virginia. These studies all focussither onestimating biomass of single species in
homogenous forest, on estimatingtotal aboveground biomass withinhaterogeneous forest.

When an estimate of the biomass of a single tree species within a heterogeneous area is
necessary, i advantageous to combine LIDAR with multispectral imagery to differentiate
biomass of different species. Recently, multiple rafiis have been made to use LIDAR in
conjunction with multispectral or hyperspectral imagery to map the biomass of invasive woody
species in a mixed landscape. Swatantean).(2011) found that incorporating hyperspectral
classification improved their dity to predict biomass of a specific species when using
waveform LIDAR in the Sierra Nevada. Another study utiized a data fusion of LIDAR and leaf
off ATLAS imagery to improve the performance of individual tree delineation and biomass
estimation of deduous and coniferous trees (Popescu & Wynne 2004b). These studies showed
that the fusion of LIDAR and multispectral imagery can be beneficial for accurate biomass
estimation otarget species and tree types.

While a preponderance tife evidence points thybrid approach of using LIDAR and
multispectral data tassesbiomass of heterogeneous tree candgw studies have usehis
method on a large scale. Most studies have been on a stand level and not at larger county, region,
or state levelsl found t beneficial, thereforelp conduct a preliminary investigation on which
methods and approaches were most effective when mapping redcedar biomass at the county
level. In order to determine the besethod,it wasinitially decidedto evaluate both a pidtvel
regressiorbased approach and an individual ti@esed moving window approachlong with
the evaluation of these two approachesideavored to establish a methodology for integrating
LIDAR data with multispectral data using available software ardvare resources.

A primary goal, therefore, was to compdhe plotlevel regression approaemndthe
individual tree based approach to deternwidch method better predicteddcedar biomass
using LIDAR. A secondary goal was tarther onfirm the effcacy ofincluding multispectral

imagery to better model the height abagetspeciesredcedar).
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2.2 Methods

2.2.1 Study Area

Riley County, Kansas was selected as the study area for this project. The funding agency
identified Riley County as a county of concesthuse of its high rate of redcedar
encroachment. An unpublished study estimated a 23,000% increase of redcedar cover in Riey
County between 1965 and 2005 (Grabow and Price, 2010).

Riley County lies within the Flint Hills ecoregion. Portions of the coamty
topographically rugged, with steep stream banks punctuating rocky upland areas. The native
vegetation consists of tallgrass prairie specpdgmarily big bluestemAndropogon geradji
Indiangrass orghastrum nutansand little bluestemAndropogon scoparigdn the uplands
andtree® including hackberryQeltis occidentaliy American elm JImus americang green
ash Fraxinus pennsylvanigaand black walnutJuglans nigra along the stream bottoms. The
elevation ranges from 298 metérghe Kansas River Valley to 464 meters in the voesitral
portion of the county. Tuttle Creek Reservoir (along the Big Blue River) is a dominant feature in

the county. Manhattan, the county seat and home of Kansas State University, is the largest city.

2.2.2 Collection of in-situ groundreference data
Data collection, image classification, arahopy model assessment workflesvoutlined
in Figure 2.4. Seventeen grounkference plots were selected throughout Riley County, Kansas
across a redcedar cover anohiss gradient (Figur 3). Plots were approximately dBeters
by 15meters for an approximate total area of 22Z5ar plot. A GPS position was collected for
the centerof each plot and the four corners were measured out and situated at NE, NW, SE, and
SW compass directions. The plots were digttized in ArcGIS® to faciltate extraction of percent
cover metrics, derived from classification of mafectral imagery, and height metrics, derived
from LIDAR, for each plot.
To characterize heighfive treeswere selected in each plahdheight was calculatetbr
eachusing a clinometerThe trees were selected using a modified ymamterquarter methad
In each plot,the tree closest to theentempoint andthe trees closesb each of thdour midpoints
between thecenterand the four cornersyereselected for heighestimation andtheir locations
within the plotwerenoted(Mitchell, 2010) (Figure2.5). Tree agevasalsoestimatedor the

selectedreesby taking core samples using an increment borensidmeter measurements of
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canopy density were taken in each of the four cardinal directions from etehfotir
midpoints. Densiometer measurements were averaged for eadBi@iass measurements were
also collected for each site using diameter atdire@ight as a proxySte characteristics are

summarized in Tabl@.1.

M

S

|

Figure 2-3 Map of Riley County, Kansas showing study plot locations in red.
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Table 2-1 Summary of site measurements for each ground reference plot

Site| Average Age | Max Age | LiDAR Derived Canopy Height (m) | Ground Mean Tree Height (m) | Percent Cover Derived From Imagery | Densiometer Cover |Biomass (kg)
1 34.6 45 6.096 8.33 81.43% 92.24% 4992.73
2 30.25 40 2.902 1.70 46.94% 61.10% 2936.36
3 37 48 4.032 1.97 80.89% 81.44% 5288.64
4 29 43 2,76 7.91 50.00% 37.28% 3506.36
5 pL 28 1.939 4.73 59.18% 42.22% 1535.00
b N/A N/A 4,335 .42 79.59% 99.32% 3492.73
i N/A N/A 712 1.71 78.57% 86.84% 6008.64
] N/A N/A 4112 1.45 53.57% 98.28% 3667.27
9 N/A N/A 1.828 1.23 48.47% 61.20% 1955.91
10 N/A N/A 0.911 4.61 16.84% 11.13% 686.82
11 N/A N/A 0.919 4.05 17.86% 8.68% 41045
12 N/A N/A 2.063 6.24 47.96% 50.80% 2122.27
13 N/A N/A 5.845 N/A 79.59% 89.39% 6467.73
14 N/A N/A 2.669 3.60 54.08% 68.07% 2555.91
15 N/A N/A 3372 1.75 63.27% 75.30% 3670.00
16 N/A N/A 11 442 11.73% 10.24% 395.91
17 N/A N/A 1.699 4.76 22.45% 8.32% §59.09
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Figure 2-5 Aerial schematic of the modified pointcenter quarter sampling method at a

study site.

2.2.3 LiDAR pre-processing

LIDAR data were obtained from the Kansas GIS Data Access Suppodr(I2ASC) in
.LAS formatwhich contains the raw xyz coordinates of each point along with the return number
The dataset had been processed from its raw form which contains XYZ information along with
sensor orientation, scan direction and range into LAS format projected In88AJTM Zone
15N by the vendor. Data were allassifiedinto bareearthreturnsversus all other returns by
the distributer howeverno further classification had beparformed Nominal point spacing was
between D and 1.4 meters and verticatcuracyvasapproximately18 centimetersThe LIDAR
data were collected in spring of 2010.

LIDAR LAS files were processed using the Merrick® Advanced Remote Sensing
software package (MARS®) providetd us for temporary use by Merrick Inc. The MARS®
software haseveral different methods for raster interpolation from an péist cloud
(Merrick and Company2013) One method interpolates raster cell values from a triangulated
representation of thgoint cloudgenerated as an intermediary. It was decided thatrsiiod
was too computationally intensive and time consuming to be used. The other method uses a

binning process to assign grid cell values from point vaMé&senmore than one value is
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present the software allows the user to select whether to use amjnimaximum, or average
value. Gaps of less thanrndeter are then filed using a linear interpolation. Beaaeth and first
return rasters were created using this procecaesearth returns were identified using the
classification codes provided by thistdbuter, with the averaging option being selected for cells
with multiple values. Bothaster fleswere exported in the ESRI® grid format for import into

ArcGIS®. Each wagridded at 10-meter per pixel resolution.

2.2.4 Classification of multispectraimagery

Two types of multispectral imagery were used to assess the range and density of redcedar
for masking nortarget species in the LIDAR derived canopy height mohlally, a coarse
(30-meter spatial resolution) Landsat classification was useemntify areas of redcedar cover.
This classification ensured that areas of significant closewpy redcedar cover would be
identified. It also provided a means of delineating the areas to be classified within the higher
resolution data. The second rousfdmultispectral classification involved the hybrid use of U.S.
Department of Agriculture National Agricultural Imagery Program (NAHPaAd (NIRR-G-B)
data and LIDAR. Within areas already identified as containing redcedar based on the coarser
Landsat @ssification, a second classification was derived from the higher resolution NAIP data.
This allowed for a more accurate estimate of redcedar defm$igy resultingl.0-meter spatial
resolution classification of redcedar was subsequently used to iddifiarget species in a 1
meter LIDAR-derived canopy height modéFigure 2.6.
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Figure 2-6 1.0 Meter NAIP color-infrared orthoimagery showing spectral distinction
betwe en decidious and redcedar tree canopy.

2.2.4.1 Unsupervised classification of Landsémagery

A multi-temporal classification technique was performed using dlael Landsat TM
images from January 5, 2011 and August 1, 26ddresentingvinter and summer dates,
respectively. Six bands from each ira@mitting the thermal band) were stacked using ERDAS
Imagine®© software. The resulting -band image (see Figuz7) was used as the input in the
ISODATA unsupervised classifier tool in ERDAS Imagien Output settings were set &0
clusters with a cdidence interval of 0.95. The resulting 50 spectral clusters were manually
interpreted by comparing them with ground truth data andrbigblution NAIP imageryA
modified Anderson Level | classification scheme (Anderson, 1@9&&to classify each cluste
The Level | ffas spltisnt od afmdlec icdluaosuss f orest | ando
as indicated in level 2 of the Anderson scheme. This separation was preferred since evergreen
forest in the study area is almost exclusively comprised of eastern redcedar, the target land cover
type.

The clusters that were interpreted to include redcedar cover were identified and extracted
using ISODATAAn i terative process known as fndcluster
redcedar classification (Jensen, 2005). During cluster bustingntigst identifies the clusters

that include or that are most spectrally similar to the targetland cover type. All other clusters are
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masked out, and ISODATA is performed a second time. djgication of thisprocess often

revealsi hi d de no rmgtiencthatrcanlreveaalrother land cover types in the image that

were not evident in the initial ISODATA classification. Multiple iterations of cluster busting are
sometimes necessary to accurately extract a particular land cover type, as was the case in
extracting redcedar cover. For this study, two tterations were necessary to separate redcedar from
other cover types. After redcedar was accurately classified, the classification accuracy was
assessed using a simple random sampling scheme to visualy edmmpaiassified Landsat

pixels with high resolution NAIP imagery in which redcedar cover was more obvious.
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Figure 2-7 False-color composite (43-2) Landsat TM images of Riley County, Kansas from
January 5, 2011 (top) and August 1, 2011 (bottom).
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2.2.4.2 Classification of higher spatial resolution NAIPmagery

USDA NAIP 4-band data from 2008 were obtained frthma Kansas Data Access
Support CentefDASC). NAIP data were not available with a neafrared bandn the raw
format for the sameeriod as the iDAR collection and therefore decision was made to use
the closest possible collection. The spatial resolution of the data.vaefier and the data had
beenorthaectified Multispectral data were eegisered to the LIDAR canopy models to ensure
proper alignment (RMS errdegssthan one pixel). Prior to classification of NAIP data, all areas
within the imagery corresponding with areas in the canopy height model below 0.5 meters were
masked out. This remosleany remaining water pixels and shadow on the ground, both of which
were easily confused with dark shadowed redcedar spectral values in the data. An unsupervised
classification was then conducted for all areas classified as redcedar in the initial Landsat
classification.

Once again, the ISODATA classification algorithm was used to produce 50 clusters.
Clusters were visually interpreted and assigned to redcedar amdexahc e dar <cl asses.
accuracy was calculated using 100 randomly selected validadioplessthat were evaluated
using a combination of site survey and imagery interpretation. Percent cover by redcedar was
calculated from the classified NAIP data for each of the 17 study sites using the ArcGIS® zonal

statistics tool.

2.2.5 Redcedar canopy modelevelopment
Development of @anopy model representative refdcedapnly necessitated the removal
of other aboveground structures and tree species from the canopy height raster. This was
accomplishedusing a 10-meter resolution redcedar binary maskaedfrom the classified
high-resolutionimage data. The application of this mask resulted in a canopy height model

representative of only redcedar canopy height.

2.2.6 Comparison of Individual Tree Based ApproacrersusPlot-Level Regression

for Assessment of Regdar Biomass
The two LIDAR-based methods of assessing redcedar biomass compared to ground

reference data to determine which produced a better predictive model.
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To testthe plot-level regression approadhe ArcGIS® zonal statistics tool was used to
calculate the summary statistics of the canopy height model for each of the 17 study sites: sum of
canopy height, mean canopy height, median canopy height, maximum canopy height, minimum
canopy height, and standard deviation of canopy height. Zeros weneladed in the
calculation of zonal statistics pertaining to the canopy height model. The exclusion of zeros
allowed for the calculation of a more accurate measure of mean canopy height.

Testing thendividual treebased approach proved more challengiilis method
involves passing a moving window through the derived canopy height maodehtify
individual treegPopescuand Wynn2004a) A circular window with a variable radius is used
to identify local maxima which are identified as tree tops. dbresponding local minima are
identified as the base heigfithe window size is calculated using an equation based on the
relationship between tree height and canopy widithe allometric equatiordeveloped using
data collected at the study sit&sillustrated inFigure 2.8. To test thismethod,the moving
window algorithm was evaluated using a subset of the 17 study plots. It was decided to use a
subset because of the computational intensity of the process and the need to determine if the
method yieleéd accurate tree level statistics beforsing it on a larger aredhis was
accomplished using the Canopy Maxima algorithm implemented in the Fusion software provided

by the US forest servic&his algorithm isike that repoted in Popescu and Wyr{2004h).
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Figure 2-8 Allometric equation, developed from field data collected at our study sites,
relating redcedar canopy width to treeheight. This equation was used as an input for the

local-maxima basedndividual tree filter.

2.3 Results

2.3.1 Plot-Level Regression Model

The relationship betwedhe plot-level mean height of theedcedar canopy height model
based on LIDAR datand the mean tree height of selected treesonngt reference plotsan be
seenin thgraph inFigure 2.9. The model is precise4{x 0.77,p < 0.05) however there is
considerable bias-mtercept > 4 meters. The Root Mean Squared Error of the model was
calculated to be 047meters. While a bias is present and some error exisggdhsionof this
relationship suggests thBiDAR be used to model redcedar canopy height if the bias is
considered.
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Figure 2-9 Redcedar canopy height model (LIDAR) vs. mean redcedar height in ground

reference plots.

2.3.2 Individual Tree Based Model
Asindicatedin Figure2.10the moving window individual trebased method produced
mixed results in identifying single trees. In circumstances where the trees were physically
separated from surrounding trees the ehadentified tree topsvith a reasonable degree of
accuracyWhen the canopies of multiple trees coalestedeverthe tree tops were not reliably
identified resulting in an overall undeepresentation of the number of trees.
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Figure 2-10Results of individual tree identification model, the points represent individual
tree tops identified by the model. Points are superimposed over CIR NAIP imagery used in
classification. Subsets show model results witlosne what se parated trees vs. coalesnt

canopy.

2.4 Discussion and Conclusions

2.4.1 Optimal Method for Assessment of Redcedar Biomass and Canopy
Characteristics
The results presented in this chapter indicate that deplek regression approach is
favorable foraccessing redcedar biomass and canopy characteristics. This is mostly due to the
computational intensity of an individual treased approach and the inability of such an
approach to properly characterize the canopy characteristics of redtesl@omputtional
intensity of the individual trebased approach alone prevents it from being practical for county

or regionwide assessment.
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2.4.2 Sources of Error and Potential for Improved Models

2.4.2.1 Error in the Individual Tree Based Model

One potential sourcef error isthe point spacing of the LIDAR as well as the
complexities of redcedar canopy structure. Coalescent redcedar canopy and a wide variety of
canopy geometries across redcedar spesmey have played a role. As the technology
improves however tighter point spacingwill become feasible at lower costighter point
LIDAR spacing could allow for better characterization of crown shtigeeeby allowing the re
evaluation oindividual tree-based approaeh for certain applicationsAnother potentia source
of error are the incongruences between collection time of field datef aethotely sensed data.
Factors such as growth of the trees between data collection or removal of trees could have
contributed to error.

Future work includes expanding theidy to other areas prone to redcedar encroachment,
improving model accuracy by simultaneous collection of ground reference and remotely sensed
data, andexploring other LIDAR-based forest inventory techniguesichas individual tree
extraction.

2.4.2.2 Error in the PlotBased Regression Model

The bias in this relationship could be related to the inherit accuracy of the LIDAR data
which has a vertical RMSE of -+0.18 meters combined with the three year gap betlwitskR
and ground/multispectral data acquisitiddense the pldbased regression approach summarizes
the height of all grid cells within a plot given a single number it is possible that there will always
be some bias sense lower level canopy returns wil reduce the height estimate. A more robust
model mght incorporate the variability of the canopy height model within the plot.

Although there is some error in the gi@sed regression approach when it comes to
height estimatiorthe accuracy of the final biomass model, discussed in depth in chapter 3, was in
ine with previous studies using LIDAR to model tree biomg3sakeet al, 2003). Having a
rootmean squared error approximately 35 megaams (metric tons) per hectare, thedeal
results support the use of a gietel regressioased approach for accessing redcedar biomass

and canopy characteristics.
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Chapter3- Assessment of Elausntieprenr uRsg dvci er dg:
Biomass Using Li DAR arfrd Mul t i s

3.1 Introduction

For over 50 years, the invasion of woody plant species into rangelands throughout the
tallgrass prairie ecoregion has been a serious concern to ranchers and conservationists (Owensby,
et al, 1973). Among the most prominent of these speci@angperus uiginianal., often called
eastern redcedar (Owenslkeyal, 1973; Norriset al, 2001) (Figure3.1). Eastern redcedar has a
large range encompassing most of the eastern United States. (Blantis2001) The species is
fastgrowing, and birds can traport its seeds over many mies (Briggsal., 2002).
Historically, prior to the widespread suppression of natural prairie fires in the region, periodic
burning of the prairie prevented eastern redcedar overexpansion (Briggs and Gibson, 1992;
Briggs, etal., 2002). Anthropogenic fire suppression has now resulted in the drastic expansion of
its range(Strine, 2004; Owensbgt al, 1973) In much of the Great Plaindii¢ expansion has
become an economic threat to the cattle ranching industry due to the loss of rangeland available
for cattle grazing (Schmidt, 2002). Along with economic impacts caused by redcedar expansion,
there are also environmental impacts, includiogses in plant and animal community diversity
(Chapman, 2004; Horncastle, 2005; Briggsal, 2002). Closedanopy redcedar forests also
present a wildfire danger where redcedar expansion occurs near urbafWaaeh2013)

A potential solution to th problem of redcedar invasion is to find a lasgale
commer ci al use for redcedar biomass. Since ea
placeo (Blatchley, 1912) in the prairie ecosy
stands for a variety of uses. Traditionally, redcedar wood has been used in fence posts and
furniture, and it is commonly turned into mulch for gardening use. The wood can also be chipped
and burned in woeburning stoves or boilers, and methods are beingloleed to convert
redcedar material into liquid biofuel products (Hemmerly, 1970; Lam, 2012; Ramachaedriya,

al., 2013). Redcedar oil has also been utiized in the essential oil industry and reportedly has

2 Chapter CeAuthored with and Reprinted with Permission from David Burchfield
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antibacterial and antiancer propertie@Gawde et al, 2009; CAFNRnews, 2008; Semen &
Hiziroglu, 2005).

Figure 3-1 Eastern redcedar in Riley County, Kansas.

Before redcedar can be harvested for use as a biofuel or other product, it must be
determinedf there is enough redcedar biomass in an area to allow a harvesting industry to be
economically viable in that area, especialy considering the costs of transporting the trees from
harvest locations to a refinerlyor harvesting to be costffective, itis best that large numbers of
trees be clusteretihhtly together within an economically sustainable distance of processing
facilties. While estimates of the overall scope of redcedar invasion and general estimates of
biomassexist (Grabow and Price, 201Moser,et al,, 2008), there is little information on the
spatial distribution ofedcedabiomass within Kansag€urrently available redcedaiomass
information collected using a random ground sampling technique (Bechtold & Patterson, 2005),

has beenl®wn in many cases to be inaccurate at a county level.
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Considernge ast ern redcedar s detrimental enviro

as its potential commercial benefitajo major objectiveswvere identified forthis project The

primary objectie was to stablish an allometric equation using various plant metrics (diameter at
breast height and tree height) predict redcedar biomass at the individual tree and study plot
(225n) levels.The secondary objective was t®eulLiDAR imagery, along witmultispectral

image data, to classify redcedar staadd estimate redcedar biomassross a large aree.(.

county).

3.1.1 Use of LIDAR and multispectral imagery in forest inventories

While there are general volumetric and areal estimations of redcedaoimvtsre is
little information on the exact spatial extent and density of biomBsdetermine the cost
benefit of redcedar harvest, there must be accurate estimates of standing biomass within areas
under consideration for harvest operations. Multispéatnagery has been used in the past to
assess redcedar extent and biomass. Veylel.(2000) used Airborne Visible/Infrared Imaging
Spectrometer (AVIRIS) data to map eastern redcedar in the Nebraska sand hills.eStdrks,
(2011) found a strong collegion between derived metrics from higsolution satelite imagery
(0.42 m/pixel) and aboveground redcedar biomass.

In addition, studies have shown that Light Detection and Ranging (LIDAR) is a powerful
tool for assessing forest biomass due to itsyali generate multiple returns (height
measurements) within a single pulse when that pulse penajegigdn tree canopy (Figuz?2).

Thus LIDAR data have been used extensively in surveys of native or highly managed forest
stands. In 2003, Draketf d. conducted a study where pletrel mean height of median energy
derived from waveform LIDAR was combined with a linear regression technique to model
aboveground biomass in n&opical forest. Popescu and Wynne (2004a) utiized a method of
individual tree extraction based on a local maxima variable window approach. This method also
utlized spectral data to differentiate between coniferous trees and deciduous trees when
calculating window size based on a canspgto-height ratio of the two tree typels 2005,

Bortolot and Wynne used an individual treased approach to estimate the biomass of a forest in
Virginia. These studies all focused on either estimating biomass of single species in homogenous
forest, or estimation of total aboveground biomaghiwa heterogeneous forest. When an
estimate of the biomass of a single tree species within a heterogeneous area is necessary, it
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becomes advantageous to combine LIDAR with multispectral imagery to differentiate biomass of
different species. Recently, fiiple attempts have been made to use LIDAR in conjunction with
multispectral or hyperspectral imagery to map the biomass of invasive woody species in a mixed
landscape. Swatantragt al.(2011) found that incorporating hyperspectral classification

improved their abilty to predict biomass of a specific species when using waveform LIDAR in

the Sierra Nevada. Another study utiized a data fusion of LIDAR anebf€&TLAS imagery

to improve the performance of individual tree delineation and biomass astinatleciduous

and coniferous trees (Popescu & Wynne 2004b). These studies showed that the fusion of LIDAR
and multispectral imagery can be beneficial for accurate biomass estimationebsfagies and

tree types.

Multiple Return Explanation

Ist Return 58

2nd Retur

Sed Retur

Height (m)

Figure 3-2 lllustration of multiple returns from a LIiDAR pulse within a tree canopy. From
Stoker (date unknown).

For this project, a pldbased regression technique utiizing LiDAIRrived canopy

height, together with a classification deriedm multispectral datayas chosemather than an
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individual treebased approach. The reasons for this hybrid methodology include the relatively
sparse point spacing of the available LIDAR data (1.4 meters) and the variable nature of redcedar
tree crowrshape. Window size calculations necessary for individual tree extraction require
knowledge of crown structure and differ by tree species. Redcedar trees can show a wide variety
of crown structurese(g.ranging fromconic or columnar), making individugiee extraction

problematic when attempted over large areas.

3.2 Methods

3.2.1 Study Area

The project study area, Riley County, Kansas, was identified by the Kansas Forest
Service as a county of concern due to its high rate of redcedar encroachment. An unpublished
study estimated a 23,000% increase of redcedar cover in Riley County between 1965 and 2005
(Grabow & Price, 2010). Riley County lies within the Flint Hills ecoregion. Portions of the
county are topographically rugged, with steep stream banks punctuatig uand areas. The
native vegetation consists of tallgrass prairie spécgrgnarily big bluestemAndropogon
gerardii), indiangrass orghastrum nutansand little bluestemAnhdropogon scoparig8 inthe
uplands. Trees, including hackber@e(tis occdentalig, American elm Jlmus americang
green ashRraxinus pennsylvanigaand black walnutJuglans nigra are found along the stream
bottoms (Owensby, 2014). The elevation ranges from 298 meters in the Kansas River Valley to
464 meters in the wesentral portion of the county. Tuttle Creek Reservoir (along the Big Blue
River) is a dominant feature in the county. Manhattan, the county seat and home of Kansas State
University, is the largest city. The total area of the county is 16(Wn$. Census &eau,
2013), mostwhich is utiized for cattle grazing and crop production. The climate in Riey County
is classified as humid continental (Koppefa) (Peelet al, 2007).

3.2.2 Collection of in situ ground reference data
Data collection, image classificatiomnd biomass assessmentkflow is outiined in
Figure 3.3 In situdatafrom 17 ground reference plotwas collectedhroughout Riley County,
Kansas across a redcedar cover and biomasggrd#igure3.5. Plots were approximately 15
by 15 meters forrmapproximate total area of 22% per plot. A GPS position was collected for

the center of each plot and the four corners were measured out and situated at NE, NW, SE, and
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SW compass directions. The plots were digitized in ArcGIS® to faciltate extraaftparcent

from LIDAR for each plot.

Rasterization of

cover metrics (derived from classification of multispectral imagery) and height metrics derived
Point Cloud

Coarse Landsat Landsat TM
Classification Image
Digital
Dlg&é;ld‘:nam Sirtace
Model
High-Resolution
NAIP 2(')'(3]8 NAIP
Classification age
Canopy Model
Production

(DTM - DSM)

Collection of Field 2010 LIDAR
Data Data

Classified
Redcedar
Image

Digital
Canopy
Model

Computation of
Percent Cover
Map (15m x 15m)

Redcedar Canopy
Model Production
(Masked DCM)

Redcedar
Percent
Cover Map

Redcedar
Canopy
Model

Redcedar Biomass Statistical Model Generation
(Biomass~Percent Cover + Mean Canopy
Height)

Redcedar
Biomass
Model

Production of
Redcedar
Biomass Map

Figure 3-3 Redcedar classificatim and biomass mapping workflow.

Biomass was estimated for each tree within the plot using diameter at breast height

(DBH) as an input into an allometric equation based on our own data and data collected by the
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students of the Kansas State University Natural Resources and Environmeatale Scapstone
course(Strausset al,, 2011) DBH has been found to be a reliable predictor of individual tree

total aboveground biomass when it is not posstbl weigh each treas illustrated irFigure 3.4

A similar equation was used by Norrét, al (2001) to estimate redcedar biomass. Total biomass
estimates for each plot were calculated by summing the estimated biomass of every tree with a
DBH of greater than two inches. The tmah threshold was chosen because trees with DBH
smaller than two inees were considered to have negligible biomass from a harvest standpoint
and were also considered too small to be easily detectable in the aerial image data used in this
project (10-meter spatial resolution). Age and height estimates of five trees irpleactere

also collected to further characterize the sites and for validation of remotely sensed height
models. These trees were selected using a modified-qeatér quarter methodn each plotthe

tree closest to the center point &hd trees clos¢so each of the four midpoints between the

center and the four cornengereselected for height and tree age esilionaaind their locations

within the plot were note@itchell, 2010) (Figure3.6). Height was calculated using a

clinometer, and tree age wastimated for some sites by taking core samples using an increment
borer. (It was quickly realized that tree age would not improve biomass prediction, so average
ages were not calculated for all sites.) Canopy density was measured using a densiomgter fac
each of the four cardinal directions from eaclihaf four midpoints.Densiometer measurements
were averaged for each site and used to help valdate remotely sensed percent cover. estimates

Ste characteristics are summarized in Tablk
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Figure 3-4 Allometric equation relating diameter at breast height (DBH) to biomass
developed using data collected at our study sites as well as data from the NRES capstone

course the year prior.
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Table 3-1 Summary of site measurements for each ground reference plot.

Site| Average Age | Max Age | LIDAR Derived Canopy Height (m) |  Ground Mean Tree Height (m) | Percent Cover Derived From Imagery | Densiometer Cover | Biomass (kg)
1 M6 45 6.096 5,33 81.43% 92.24% 4992.73
2 30.25 40 2902 1.70 46.94% 61.10% 2936.36
E 7 4 4.032 197 80.89% 81.44% 5288.04
4 2 4 2,76 791 50.00% 37.28% 3506.36
3 A 28 1.9% 47 59.18% 42.22% 1595.00
] N/A N/A 433 842 79.59% 99.32% 343273
7 N/A N/A 3m 171 78.57% 86.84% 6008.64
8 N/A N/A 4112 745 53.57% 98.28% 5667.27
9 N/A N/A 1328 1.23 13.47% 61.20% 135551
10 N/A N/A 0.911 461 16.84% 11.13% 636.82
1 N/A N/A 0.919 405 17.86% 8.68% 410.45
12 N/A N/A 2,063 6.24 47.96% 50.80% 222,27
13 N/A N/A 5.845 N/A 79.55% 89.39% 6467.73
14 N/A N/A 2669 5.60 54,08% 68.07% 255501
15 N/A N/A 331 175 63.27% 75.30% 3670.00
16 N/A N/A 11 442 11.73% 10.24% 395.91
iy N/A N/A 1.6%9 476 22.45% 8.32% 859.09
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Figure 3-5 Map of Riley County, Kansas showing study plot locations red.
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Figure 3-6 Aerial schematic of the modified pointce nter quarter sampling method at a

study site.

3.2.3 LiDAR pre-processing

LIDAR data were obtained from the Kansas GIS Data Access Suppodr(I2ASC) in
.LAS formatwhich contains the raw xyz coordinates of each point along with the return number
The dataset had been processed from its raw form which contains XYZ information along with
sensor orientation, scan direction and range into LAS format projectédn83 UTM Zone
15N by the vendor. Data were atdassifiedinto bareearthreturnsversus all other returns by
the distributer howeverno further classification had beearformed Nominal point spacing was
between Dand 1.4 meters and verticatcuracyasapproximately18 centimetersThe LIDAR
data were collected in spring of 2010.

LIDAR LAS files were processed using the Merrick® Advanced Remote Sensing
software package (MARS®) provided to us for temporary use by Merrick Inc. The MARS®
software has several different methods for raster interpolation from an LAS point cloud.
(Merrick and Company, 2013) One method interpolates raster cell values from a triangulated
representation of the point cloud generated as an intermediary. It was deaid#stmethod
was too computationally intensive and time consuming to be used. The other method uses a

binning process to assign grid cell values from point values. When more than one value is
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present the software allows the user to select whether ®mgemum, maximum, or average
value. Gaps of less thanrndeter are then filed using a linear interpolation. Beaaeth and first
return rasters were created using this procedure;daata returns were identified using the
classification codes providelly the distributer, with the averaging option being selected for cells
with multiple values. Both raster fles were exported in the ESRI® grid format for import into

ArcGIS®. Each was gridded at in@eter per pixel resolution.

3.2.4 Classification of multispectal imagery

Two types of multispectral imagery were used to assess the range and density of
redcedar. Initially, a coarse (Bfeter spatial resolution) Landsat classification was used to
identify areas of redcedar cover. This classification ensured treg aefsignificant closed
canopy redcedar cover would be identified. It also provided a means of delineating the areas to
be classified within the higher resolution data. The second round of multispectral classification
involved the hybrid use of U.S. Depaent of Agriculture National Agricultural Imagery
Program (NAIP) dand (NIRR-G-B) data and LIDAR. Within areas already identified as
containing redcedar based on the coarser Landsat classification, a second classification was
derived from the higher relition NAIP data. This allowed for a more accurate estimate of
redcedar densityThe resultingl.0-meter spatial resolution classification of redcedar was
subsequently used to identify the target species imatér LIDAR-derived canopy height

model.

3.2.4.1 Unsupervised classification of Landsamagery

A multi-temporal classification technique was performed using dlael Landsat TM
images from January 5, 2011 and August 1, 26dfdresentingvinter and summer dates,
respectively. Six bands from each imageifting the thermal band) were stacked using ERDAS
Imagine®© software. The resalj 12band image (see Figui@7) was used as the input in the
ISODATA unsupervised classifier tool in ERDAS Imagi@utput settings were set &0
clusters with a confidenciaterval of 0.95. The resulting 50 spectral clusters were manually
interpreted by comparing them with ground truth data andreigblution NAIP imageryA
modified Anderson Level | classification scheme (Anderson, 1@9&&to classify each cluster.
TheLevel | Af owassplti nltaon dfidd eccliadusous f orest | ando
as indicated in level 2 of the Anderson scheftds separation was preferred since evergreen
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forest in the study area is almost exclusively comprised of eastdeadar, the target land cover
type.

The clusters that were interpreted to include redcedar cover were identified and extracted
using ISODATA. M iterative process known as fAcluster
redcedar classification (Jens&®05). During cluster busting, the analyst identifies the clusters
that include or that are most spectralgnilar tothe targetland cover type. All other clusters are
masked out, and | SODATA is performedo a second
spectral information that can reveal other land cover types in the image that were not evident in
the initial ISODATA classification. Multiple iterations of cluster busting are sometimes
necessary to accurately extract a particular land cover type,sabevaase in extracting redcedar
cover. For this study, two iterations were necessary to separate redcedar from other cover types.
After redcedar was accurately classified, the classification accuracy was assessed using a simple
random sampling schemewusually compare the classified Landsat pixels with high resolution

NAIP imagery in which redcedar cover was more obvious.
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Figure 3-7 False-color composite (43-2) Landsat TM images of RileyCounty, Kansas from
January 5, 2011 (top) and August 1, 2011 (bottom).
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3.2.4.2 Classification of higher spatial resolution NAIRmagery

USDA NAIP 4-band data from 2008 were obtained frttva Kansas Data Access
Support CenteDASC. NAIP data were not available tlvia neafinfrared band in the raw format
for the sameperiod as the IDAR collection and therefore a decision was made to use the closest
possible collection. The spatial resolution of the data waméter and the data had been
orthaectified. Multispetral data were coegistered to the LIDAR canopy models to ensure
proper alignment (RMS errdessthan one pixel). Prior to classification of NAIP data, all areas
within the imagery corresponding with areas in the canopy height model below 0.5 meters were
masked out. This removed any remaining water pixels and shadow on the ground, both of which
were easily confused with dark shadowed redcedar spectral values in the data. An unsupervised
classification was then conducted for all areas classified as redcdbda initial Landsat
classification.

Once again, the ISODATA classification algorithm was used to produce 50 clusters.
Clusters were visually interpreted and assigned to redcedaramdexahc e dar cl asses.
accuracy was calculated using 100 rangoselected validation samples, which were evaluated
using a combination of site survey and imagery interpretation. Percent cover by redcedar was
calculated from the classified NAIP data for each of the 17 study sites using the ArcGIS® zonal

statistics tob

3.2.5 Redcedar canopy model development

Development of a biomass prediction model for redcedar first necessitated the removal of
other aboveground structures and tree species from the canopy height raster. This was
accomplishedusing a 10-meter resolution cedar binary maskreatedrom the classified
image data. The application of this mask resulted in a canopy height model representative of only
redcedar canopy height.

The ArcGIS® zonal statistics tool was used to calculate the following summary statistic
of the canopy height model for each of the 17 study sites: sum of canopy height, mean canopy
height, median canopy height, maximum canopy height, minimum canopy height, and standard
deviation of canopy height. Zeros were not included in the calculatiaonal statistics
pertaining to the canopy height model. The exclusion of zeros allowed for the calculation of a
more accurate measure of mean canopy height.
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3.2.6 Biomass predictive model and map development

Development of a predictive statistical model faniss began with the extraction of
metrics for eackample plotfrom both the canopy height model ahd redcedar classification.
These metricécluded percent cover by redcedar derived frima high-resolution NAIP
classification map, sum of canopy digi mean canopy height, median canopy height, maximum
canopy height, minimum canopy height, and standard deviation of canopy height. Stepwise
inear ordinary least squares regression was used to determine the most accurate model for
biomass prediction usj these parameters. Models were evaluated on Root Mean Squared Error,
Bayesian information criterion, and coefficient of determination.

After a predictive equation was developed, a map of redcedar biomass was calculated
using ArcGIS® spatial modeler. Rirghe ArcGIS® block statistics tool was used to calculate
percent cover of redcedar within a 15xmeterwindow. The same procedure was also used to
calculate mean canopy height within axi® meter window. A weighted overlay was then used
to calculate d5meter resolution biomass raster. The resulting map was resampletn&ie€30
and 66meter resolution in both short (imperial) tons and metric tons for dissemination to

interested parties.
3.3 Results

3.3.1 Redcedar Canopy Model
Figure 3.4shows the resulting egtion relating diameter at breast height (DBH) to tree
biomass. This equation was used to calculate biomass for each ground control site. Statistics
include average tree age, maximum tree age, and mean tree height of selected trees as well as
percent coveby redcedar (calculated from densiometer readings) and biomass (calculated as a
sum of tree biomass for each site derived from diameter at breast height and the allometric

equation).
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Figure 3-8 Allometric equation, developed from field data collected at our study sites,
relating redcedar canopy width to tree height.

The relationship betwedhe plot-level mean height of theedcedar canopy height model
based on LIDAR datand the mean tree height of sedxttrees in grund reference plots can be
seenin the graph in Figui@8 The model is precise4{+ 0.77,p < 0.05) however there is
considerable bias-mtercept > 4 meters. The Root Mean Squared Error of the model was
calculated to be 0.74 meters. \hih bias is present and some error exists the preoibis

relationship suggests thAlDAR be used to model redcedar canopy height if the bias is

consideredThere was a strong relationshi = 0.81, P = 0.05) dtween the percentage of
redcedar caer as calculated from the classified NAIP data and the percentage estimated on the

ground usingdensiometer @adings (Figure3.9).
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Figure 3-8 Aerial percent covervs. ground canopy cover (measured with densiometer).

3.3.2 Biomass Predictive Model

Stepwise model selection using a forward and backward model selectioAkaike
Information Criterion AIC) as the selection criteriowas used to identify the optim&aiDAR
derived canopy height metric for prediction of biomas&akicanopy height deed from
LIDAR, and percent cover derived from classified imagery, wknetified ashe best predictors
of redcedar biomass. This model also produced the lowest residual sum of squares and
subsequently the lowest root mean square error (RSME).

Results ofaccuracy assessment of the final maaleprovided in Table 3.2 The final
model was developed and tested in the Weka® data mining softwasaejasidknife approach
(k-folds crossvalidation) was used to test model accuracy to the limited size of thdataset
T he mo denkansquared ertoalculated using therossvalidation approachwas
approximately 35 megagrams (metric tons) per hecitassbould be noted that the model shows
a considerable bias in the model with-mtgrcept ofi 676 Megagams/hectare. The model was

produced using LIDAR mean height values ranging from 0.91 meters to 7 meters and percent
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cover values from 11% to 81%. Values outside this range for either metric may produce

unreliable or problematicresults.

Table 3-2 Accuracy assessment summary of the redcedar biomass prediction model.
Showing Biomass as a function of Percent Cover and Mean Canopy Height

P-
Equation R-Squared | Root Mean Square Error | Value
Biomass = 3655.48 * Percent Cove 35 Megagrams/Hectare or
+ 602.02 *Mean Canopy Height 792 kg/ 225 squareneter
676.03 0.72| Plot <0.05

3.4 Discussion and Conclusions
The combined use of LIDAR and multispectral remotely sensed data was again shown to
be an effective method of assessing the biomass of a target species within a heterogeneous
landscape. It is therefore wslited for monitoring the encroachment of undds# woody
species. Model error, as measured by root mean square error, was within the range of previous
modelsusing LIDAR datao predict biomass (Dralet al, 2003).

3.4.1 Sources of Error

A possible source of error includes the incongruence between gwedlatollection for
remotely sensed and ground reference datather potential source of error is the @ point
spacing of the LIDAR which is approximatelynigter, a denser point spacing could result in a
more detailed model of redcedar canopy deddfore a better estimation of biomass. The
vertical accuracy of the LIDAR should also dansideredyertical accuracy was stated by the
vendor to be approximately -#).18 meters which could account some inaccuracy in the
model. The propagation ofrers associated with the remotely sensed data along with any errors
in the DBH biomass model, used as a proxy fesitin biomass measurements, could all
contribute to the ovellaaccuracy of the final model.

Even given these sources of error it shoulchdted that the Root Mean Square Error for
the model of 35 Megagrams/hectare was in line with previous studies using LIDAR to model tree
biomass(Drakeet al., 2003).
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3.4.2 Future Work

Future work includes expanding the study to other areas prone to redcedackment,
improving model accuracy by simultaneous collection of ground reference and remotely sensed
data, and exploration of other LiDABased forest inventory techniques such as individual tree
extraction. Tighter LIDAR point spacing could allow forttee characterization of crown shape
and forthe use oindividual treebased approaches.

Based upon the findings of this study it is feasible for the biofuels industry to use a
hybrid approach of imagery classification and LIDAR canopy height classificatiareas
where these data are available to identify landscapes of sufficient redcedar biomass for harvest
and processing as biofuel. There is however always room for improvement, future studies should

be conducted to determine if higher density LIDARadeould improve model accuracy.

53



References

1. Anderson, J. R., E. E. Hardy, J. T. Roach, and R. E. Witmer. ¥9Z&nd Use and Land
Cover Classification System for Use with Remote Sensor Ré&tshington, D.C.: United
States Government Printing Office.

2. Briggs, J. M., and D.J. Gibson. 199Effect of Burning on Tree Spatial Patterns in a
Tallgrass Prairie LandscapeBulletin of the Torrey Botanical Clubl9: 300 307.

3. Briggs, J. M., G. A. Hoch, and L. C. Johnson. 2002. "Assessing the Rate, Mechanisms,
and Consequences of the Conversion of Tallgrass PrairignigedusVirginiana Forest.”
Ecosystems (6): 578 586.

4Briggs, J. M., A. K. Knapp, and B. L. Brock
Tallgrass Prairie: A FifteeNear Study of Fire and Fr6&r a zi ng | nAmericaact i ons

Midland Naturalistl47 (2): 287 294.
URL: http://www.jstor.org/stable/3083203

5. Bortolot, Z. J., and R. H. Wynne. 2005. "Estimating Forest Biomass Using Small Footprint
LIDAR Data: an Individual Tredased Approach That Ingmrates Training Data."
ISPRS Journal of Photogrammetry and Remote Seb8i(): 342 360.

6. Coppedge, B. R., D. M. Engle, R. E. Masters, and M. S. Gregory. (2004ian
Responsed Landscap&hangen FragmentedsouthernGreatPlains Grasslands."
Ecological Applicationd1 (1): 47 59.

7.Chapman, RN., D. M. Engle, R E. Masters, and M. Leslie Jr.(2004) "Tree Invasion
Constrains the Influence of Herbaceous Structure in Grassland Bird Habitats."
Ecosciencdl (1): 56 63.

8. Drake J. B., R. G. Knox, R. O. Dubayah D. B. Clark, R. Condit J. B. Blair, And M.
Hofton (2003). Abovedsround Biomass Estimation in Closed Canopy Neotropical
Forests Using Lidar Remote Sensing: Factors Affecting the Generality of Relationships."
Global Ecology andiogeographyl2 (2): 147 159.

9. Goesele, Michael, Noah Snavely, Brian Curless, Hugues Hoppe, and Steven M. Seitz.
"Multi-view stereo for community photo collections.” In 2007 IEEE 11th International
Conference on Computer Vision, IEEE, 200p. 18.

10.Horncastle, V. J., E C. Hellgren, PM. Mayer, A C. Ganguli, DM. Engle, And D M.

Leslie Jr.(2005) "Implications of Invasion ly JuniperusVirginiana o Small Mammaldn
The Southern Great Plainslburnal of Mammalog$6(6): 1144 1155.

54



11.Jensen, J. R. 200troductory Digital Image Processing: A Remote Sensing
PerspectiveUpper Saddle River: Pearson Prentice Hall.

12.Lucas, RM., N. Cronin, A Lee, M Moghaddam, CWitte, and PTickle. (2009.
"Empirical Relationships between AIRSABackscatteriad LidarDerived Forest
Biomass, Queensland, AustralidERemote Sensingf Environment00 (3):407 425.

13. Norris, M., J. Blair, L. Johnson, and R. Mcka(200]). "AssessingChanges in Biomass,
Productivity, aad Cand N Stores Following Juniperus Virginiariéorest Expansiorinto
Tallgrass Pr ai rof korest Reaearahd31940r946l our n a |

140wensby, C. E., K. R. Bl an, B. J. Eaton, a

Redcedar I nfestations i nJournalef Rahgdandgememnt
26 (4): 256 260. URL: http://www.jstor.org/stable/3896570

15. Popescu, S. C., and R. Wynr{2004a) "Seeingthe Trees in The Forest: Using Lidarda
Multispectral Daa Fusion with Local Fittering and Variable Window Size Estimating
Tree Heigh" Photogrammetric Engineerirnd Remote Sensin@ (5):589604.

16. Popescu, C., R H. Wynne, and .JA. Scrivani. (2004). "Fusion of SmakFootprint
Lidar and Multispectral Dat#o Estimate Pletevel Volume and Biomass iDeciduous
and Pine Forests in Virginia, USAFbrest Scienc&0 (4): 551 565.

17. Slusher, J.RA1995. AWood Fuel for Heating. o In
URL: http://Extension.Missouri.Edu/Publications/Displaypub.Aspx?P=G5450

18. Starks, PJ., B C. Venuto, JA. Eckroat, and TLucas.(201]). "Measuring Eastern Red
CedarJuniperus Virginianal. Mass with the UsefdSatellite Imagery.’'Rangeland
Ecology & Managemer@4 (2):178 186.

19. Stipe, D J., and TB. Bragg.(1989. "Effectof Eastern Red Cedan Seedling
Establishment foPrairie Plants.Proceedings of the Eleventh North American Prairie
Conference. 101102

20. Swatantran, A R. Dubayah, D Roberts, M Hofton, and J. BBlair. (2017). "Mapping
Biomass and Stress iThe Sierra Nevaddsing Lidarand Hyperspectral Data Fusion."
Remote Sensimgf Environment15 (11):2917 2930.

21.Triggs, Bill, Phiip F. McLauchlan, Richard I. Hartley, and Andrew W. Fitzgibbon.

"Bundle adjustmeiit a modern synthesis." Mision algorithms: theory and practicpp.
298-372. Springer Berlin Heidelberg, 1999.

55

Kans

Uni v e



22.\Wylie, B. K., D. J. Meyer, M. J. Choate, L. Vierling, P. K. Kozak, And R. O. Green.
(2000) . AMapping Woody Vegetation and East
Using AVIRIS. 0 Paper Géoscente WarkshdpVIPRI S Air bor

Publication 0018. Pasadena, CA Jet Propulsion Laboratory, California Institute of
Technology

56



Chapter4- Expl oring New Potenti<#rlonfor 1
Mot i oont oRghr ammet ry a® a&am DAIRt d roma
Model iRnegd cos€chanropy .Hei ght

4.1 Introduction

For over 50 years, the invasion of woody plant species into rangelands throughout the
tallgrass prairie ecoregion has been a serious concern to ranchers and conservationists (Owensby,
et al, 1973). Among the most prameint of these speciesJsiniperus virginiand.., often called
eastern redcedar (Owenslkeyal, 1973; Norriset al, 2001) (Figure3.1). Eastern redcedar has a
large range encompassing most of the eastern United States. (Blautis2001) The specgis
fastgrowing, and birds can transport its seeds over many miles (Beiggs, 2002).
Historically, prior to the widespread suppression of natural prairie fires in the region, periodic
burning of the prairie prevented eastern redcedar overexpaiisiggs and Gibson, 1992;
Briggs, et al, 2002). Anthropogenic fire suppression has now resulted in the drastic expansion of
its range(Strine, 2004; Owensbgt al, 1973) In much of the Great Plainthis expansion has
become an economic threat to tletle ranching industry due to the loss of rangeland available
for cattle grazing (Schmidt, 2002). Along with economic impacts caused by redcedar expansion,
there are also environmental impacts, including losses in plant and animal community diversity
andincreased soil erosiofChapman, 2004; Horncastle, 2005; Briggsal, 2002). Closed
canopy redcedar forests also present a wildfire danger where redcedar expansion occurs near
urban area@Nard, 2013)

A potential solution to the problem of redcedamamon is to find a largscale
commer ci al use for redcedar biomass. Since ea
placeo (Blatchley, 1912) in the prairie ecosy
stands for a variety of useBraditionally, redcedar wood has been used in fence posts and
furniture, and it is commonly turned into mulch for gardening use. The wood can also be chipped
and burned in woelurning stoves or boilers, and methods are being developed to convert
redcedamaterial into liquid biofuel products (Hemmerly, 1970; Lam, 2012; Ramachandtiya,

al., 2013). Redcedar oil has also been utiized in the essential oil industry and reportedly has
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antibacterial and artiancer propertie@Gawde et al, 2009; CAFNRnews008; Semen &
Hiziroglu, 2005).

Before redcedar can be harvested for use as a biofuel or other product, it must be
determined if there is enough redcedar biomass in an area to allow a harvesting industry to be
economically viable in that area, especiansidering the costs of transporting the trees from
harvest locations to a refinerlyor harvesting to be costffective, it is best that large numbers of
trees be clustered tightly together within an economically sustainable distance of processing
facilities. While estimates of the overall scope of redcedar invasion and general estimates of
biomassexist (Grabow and Price, 2010; Mosetal, 2008), there is little information on the
spatial distribution of this biomass within Kans@sirrently availableredcedabiomass
information collected using a random ground sampling technique (Bechtold & Patterson, 2005),
has been shown in many cases to be inaccurate at a county level.

Considering eastern redcedar 6és deaswelment al
as its potential commercial benefitss necessary to establish cestective methods to map its
extent and biomass distribution. This chapter explores the potential for Strinotarglotion
(SfM) photogrammetry as an alternative to LIDAR faapping redcedar height in order to
determine whether the method is a feasible alternafe@se structure from motion
photogrammetry requires less expensive hardware than LIDAR to obtain data it could be a viable

alternative in some circumstances.

4.1.1 Structure from Motion Photogrammetry
In recentyears,a new methodology for collectinthreedimensionaldata over large areas has
become more widely availabl@riginating from the computer vision community in the 1990s
Structurefrom-Motion or SfM photogrammetry differs from a traditional photogrammetric
approachin that the technology allows for the automated extraction of the 3D coordinates of
objects without the need for manual input of tie points. This is accomplished thiwigh
automated extraction dédatures within multiple overlapping images followed by the application
of and iterative bundle adjustment procedi8eavely 2008). The capabilties of this technique
were demonstratelly the application of structure from matidechniquedo overlapping photos
downloaded from community websites to produce three dimensional models -khovet
world architectural site§Goesele 2007) More recently the technology has widely been used
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with aerial imagery collected from Unmann@érial Vehicles (UAVs) for the construction of
high resolution high accuracthree dimensional model$n a study conducted on coastal erosion
using SfM an accuracy of 280 mm was achieved using a mutitor UAYV flying at 40 meters
above ground leveltdow speed (Harwin and Lucieer, 201¥yith the advent of commercial
software packages such as Agisoft® PhotoScan and Pix4D® Mapper and the increased
prevalence of greater computing power at a decrease8trosturefrom Motion has now
become easily aessible and will open up many opportunities for the generatitinrext

dimensionaldata at lower costs.

4.1.1.1 Structure rom Motion Workflow

The SfM workflow consists of data collection, SfM processing, and post processing. For
the data acquisition step images are acquired using a traditional metric camera or consumer grade
camera from either a manned aircraft or a Small Unmanned Aerial Systemeasurement and
correct geareferencing of the resulting data to be possible without considerable ground control
the GPS location of the camera when the image was taken is recorded in the photo metadata
through a process called gesmging. (Figure 4.). Ground control points or reference
measurements may optionally be collected for additional correction of scale and position of the
resulting dataset.
Feature extraction can be accomplished using several algorithms with one of the most popular
being tte SitGPU algorithm described in which has been shown to generate a robust set of
feature descriptors for image features extracted from different viewing angles (Lowe, 1999).
Following identification of individual image features the features are then ethbdiween
images based upon distinct feature characteristics. For the purposes of SfM features much be
matched within a minimum of three images to be held as a keyptirbugh the triangulation
of matched keypoints image orientation #meedimensiond positon of image points can be
calculated. This is followed by an tterative bundle adjustment process which further optimizes
the calculation of image positon (Triggs al., 2000). At this point any geolocation or orientation
information collected witlthe images can be used for further calibration of the model. This
process results ia sparse point cloud which contains points representing the 3D coordinates of
the matched image features (Figure 4.3). At this point the density of the sparse poinhajoud
optionally be increasedsing one of several dense tviame stereo correspondence algorithms,

which take advantage of redundant information among individual image frames, may be used to

59



reconstruct the 3D geometry of areas between matched featiresai be texturdess or

occluded (D. Scharstein and R. Szeliski, 2002). Both the sparse and dense point clouds can be
colorized using the original pixel values from the individual images or based upon relative or
absolute elevation values for visualipati (Figure 4.4)Finally, a digital elevation model (DEM)

can be generated from the point cloud by the construction of a triangulated irregular network
(TIN) or interpolation. Orthoimagery can then generated by mosaicking of the original images
after theyare orthorectified to correct for geometric distortions due to camera lens geometry,
camera look angle and topographic relief. These factors can be calculated using the data
generated during the bundle adjustment step of the SfM process along with tinda@e sodel
generated from the SfM point cloud (Figure 4.5)
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Figure 4-1 Geographic locations ofindividual photos overlaid on a web map.
During SfM processing keypoints are extracted through ideniifitadf unique features in
individual images that can be used to determine image correspondence (Westoby-ig0de)
4.2).

61



Figure 4-2 Locations ofkeypoints extracted from an image displayed as orange mkers
(Pix4d Mapper).

Figure 4-3 Individual image keypoint marked by a purple marker (top right) and vectors
triangulating its 3D position from multiple images (left). The estimated accuracy of its 3D
positionis displayed as a circle around the marker in the bottom right imagéPix4D

Mapper).
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Figure 4-4 Densepoint cloud.
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Figure 4-5 TIN mesh surface generated from the point cloud and colorized using image
values (top) and planimetrically correcte dorthophoto overlaid onMapbox base map

imagery to show georegistration.
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4.1.1.2 Structurefrom Motion as an Alternative to LIDAR

Until recently the computational intensity of the SfM process meant that the technology
was limited to very small areas. Recent advances in computer processing capabilties and
improvements to algorithms hasgunto change this (Westoby, 2012).

SfM has ben shown to compare GDAR in the ability of the technology to prade
threedimensonal data productsResearch byVestoby and Brasingto(2012) found that a
digital elevation model (DEM) produced from SfM compared to the decimeter scale vertical
accuacy of terrestrial LIDAR over a range of complex topographies and cover tyi2313
Fritz reporteda fipr omi si ng 4{basedSdteicolnst onmcWUAVuosingof for e
SfM photogrammetry(Fritz, 2013)

One of the major benefits of Structurerfr Motion technology when compared to
LIDAR is the relative cost of collecting data. LIDAR sensors often run in the range of $250,000
and up when taking all necessary components into account. Most require expensaginen
aircraft or helicopters to cgy the sensor. Structure from motion data on the other hand can be
collected using a variety of ethe-shelf cameras from small unmanned aircraft that can be
bought for $1000 or small manned aircraft which are much less expensive than their larger twin
engine counterparts.

Given these new developmerdasd the knowledge that an SfM based estimation of
redcedar height would be much cheaper than using LiDA&cided that an exploratory study be
conducted to determine the feasibility for using SfM technolmgyneasure the height of
redcedarThe objective of this study wast¢ompare height models generated using SfM to those
produced using locally available LIDAR anddetermine if accuracies of data collected using

SfM could approach those of LIDAR witlespect to calculating tree height.

4.2 Methods

4.2.1 Study Area
The project study arean approximatelyl6-hectare 40-acre site in Johnston lowa, was
selected due the existence of a preexisting dataset collected by AgPixel LLC., and funded by
GTG Companies facompany proprietaryurposs. Permission was obtained from GTG and

AgPixel to use the datasfarr this thesisresearchThe site presented an opportunity to analyze a
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SfM dataset containing a variety of cover types including manmade structures, impervious

sufaces, an open field, and various tree species inclueasterredceda(Figure 46).
£ .‘.; 'L' — . ‘. -‘ v

Figure 4-6 Orthoimagery showing the study site overlaid on a Mapbo® base map.

4.2.2 Aerial Imagery Collection
Imagery forthe project were collected as part of a commercial operation by AgPixel LLC
under their FAA Section 333 exemptiam February of 2016During flight preplanning it was
determined that the site was outside of the restricted airspace around Des Moimasidnér
Airport and therefore an addition&ertificate of Authorization from thEederal Aviation
Administration was not necessary (Figure7).A notice to airman was filed the day prior to the
fight and a licensed pilot was present per the Sectionr&®drements laid out by the Federal

Aviation Administration.
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Figure 4-7 Map showing the study site (Fuchsia Pin) relative to the 5 mile no fly radius
around the DSM airport (Red Circle).

4.2.3 Collection of insitu groundreference information

Ground control points were nobllected due to the scope of the original project. An
RTK GPS was not available to collect additional ground control so it was decided that several
reference measurements be collected for data calibration and testing pufposesonstraints,
access tprivate property, and safety concerns working on public streets limited the number of
these points. Permission could be obtained from the staff of the Hiton hotel on the site to collect
measurements so all measurements were taken on that prdgdae/4.1 shows the ground
reference measurements collected using a clinonmetiding the hotel, road, and three

redcedar trees selected usingogportunistic random sampling method
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Table 4-1 Measurements dobjects collected on the ground for testing and calibration

purposes

Object and Dimension Measurement (meters)
Hotel height 22.3
Road width 11.98
Redcedal height 412
Redceda? height 4.33
RedcedaB height 8.42

4.2.4 SfM Data Processing

The imagerywasprocessed by AgPixel LLC. using Pix4D mapper and a proprietary
automatedvorkflow to generate derivative products including colorized surface models, contrast
enhanced orthoimagery, anghaint cloudproduct converted to work thi a web based viewing
softwarethat allows for direct measurement afea, distance, and height profiles witktre point
cloud The use of the road width and hotel height was considered as a means of increasing the
relative accuracy of the model using the capabilty of thdP&oftware to use a scale constraint
to calibrate the modelds scale. |1t was decide
measurements of the hotel and road deviating from the measurements collected from the

uncalibrated SfMmodel by less thame percent.

4.2.5 Accuracy Assessment of the Model and Comparison to LIDAR Data

The SfM data were compared to LIDAR datalected in 2012 andccessed from the
University of Northern | owabés GeoTree data po
comparison opoint cloudand digital surface model (DSM) data products as well as a regression
analysis of data collected from the LIDAR and SIMND$wodels at 2000 random points
identified using the ArcGIS random points t@Bigure 48). It was determined that high spatial
autocorrelation was likely among the random points and within the source data and therefore it
was decided that this should beplexed and accounted for in the comparison of the two

datasets.
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Figure 4-8 Random points for coinciding areas of LIDAR and SfM datasets.

Height and lengthmeasurementsf multiple objects including redcedar trees, roadways,
and buildings were extracted from the Sfigbint cloudu s i ng AmiR clouéweld\iewer
(Figure 49). The percent error was calculated for each object as well as the total Root Mean

Square Errofor both eastermedcedar trees armather objects includingstructureand roadways
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NAI Optimum > Gateway Plaza Project > Gateway Plaza Area

Figure 4-9 Images of AgPixel welpoint cloud analysis tool showing measurements for both

the Hilton hotel (Top) and oneof the easternredcedar trees (Bottom).
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4.3 Results

4.3.1 Comparison of SfM Data with LIDAR Data

Figure 410 shows a comparison of the LIDAR and SfM digital surface models at a
location with three redcedar trees preséhé LIDAR dataset was capable of producindigital
surface model with a ground sampling distance.@inieter while the SfM dataset was
processed at 10 centimeters. The native resolution of the SfM dataset was approximately 2
centimeters, but it was decided that the dataseddmmpledo a coarer spatial resolution to
minimize file size and processing timEhe regression results of the two surface models can be
seenin figure 41 The two datasets were shown to be correlated withsgnared value of 0.76
and a pvalue significantlybelow 0.®% (2.2e16).

Given the nature of the sample points it was decidedhbagffects of spatial
autocorrelationshould be explored. The effects of spatial autocorreladioie residuals were
calculated wusing Morano6s | atalnalto ¢cohmedated (R s<i dual s
0.05). Variograms and spatial plots were also constructed to explore the spatial effect of
residuals, but did not seemto indicate the same relationBlgpre 4.12 shows spatial plotof
residualswhich seems to indicatettle to no spatial autocorrelation with values showing a
systematic and not repeating pattéfigure 4.13 shows Semivariogramsvhich indicate a pure
nugget effect model in the 45 and 90 degree directions and a power law relationship in the 0 and
135 degre directions These would tend to indicate no spatial autocorrelation and a complex

scalefree relationship respectively.

Figure 4-10 Comparison of LIDAR (Left) and SfM (Right) digital surface models in the

same area with orthoimagery for reference (Right).
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