Statistical analysis of LIDAR-derived structure andintensity variables
for tree species identification
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1.0 INTRODUCTION

Tree species identification is part of decision mup for sustainable forest management and nativest
conservation (Brandtberg 2007; Koch et al. 2006)e Traditional methods for tree species identificatvere
based either on an interpretation of large-scatmlaghotographs or a field inventory work. Thesethods are
labour intensive and time consuming (Franklin 20@Ihough remotely sensed data have been widghoeed

for forest applications, passive remote sensingrtiegies still fall short of capturing three-dimesrsl forest
structures, particularly in uneven-aged, mixed meeforests with multiple canopy layers (Lovellagt 2003).
Fortunately, it has been shown that active remeisiag via airborne LIiDAR (light detection and ramg) with

capability of canopy penetration yields such higmgity sampling from the top and interior of thexaay and
understorey vegetation that detailed descriptiorthef forest structure in three-dimensions can beioéd
(Zhang et al. 2011).

Species classification at individual tree levelngsLiDAR-derived variables has been attempted @miferous
forests, deciduous forest, and mixed coniferousjdd®us and other forests. All these studies werfopmed
using either: a) LIiDAR derived structure variables,b) intensity variables or c) both structure aminsity
variables. In contrast to the present study, mdsthe above studies were carried out in open, eorif
deciduous forests of even-aged of relatively homogs structures. Accordingly, priority can now heeg to
test the suitability of LIDAR data for delineatinge structure of complex forest types, particulddy cool
temperate rainforest and neighbouring uneven-ageedforests in severely disturbed landscapes.

The overall objective of this study is to use ttagistical analysis of both structure and intenséyiables derived
from airborne LIiDAR data for the classification thfe cool temperate rainforest (the Myrtle Beech) #me
Silver Wattle forests at individual tree level imet Strzelecki Ranges, Victoria, Australia. Specdlgectives
include the normality test of LiDAR-derived variab| tree species classification by linear discramtranalysis,
examining of the contribution of the LIDAR intensiwvariables to the classification results and aacyr
assessment using the error matrix.

2.0 MATERIALS AND METHODS
2.1 Study Area

The study area is in the eastern Strzelecki Rarsgesheast Victoria, Australia. Prior to Europeatilsment the
Strzelecki Ranges were densely vegetated by westfdalso referred to as wet sclerophyll forest) anol
temperate rainforest. The Ranges have experiendddsmpread land clearing since European settlement.
Subsequent agricultural abandonment and a frequddfire history have resulted in severely distwtbe
landscape in the Strzelecki Ranges. The landscase umdergone further significant changes with the



establishment of large scale plantations in thea aigce the mid-twentieth century (Noble 1978).r€uily, areas
bordering cool temperate rainforest in the East®trzeleckis are a mosaic of different land useohiss
involving both natural and human disturbances, smd very complex forest structure in the remnatthes of
cool temperate rainforest and adjacent forestudticy wet sclerophyll and plantation forests prksvarhis
study focuses on an area with cool temperate nasfaistribution in the Eastern Strzeleckis, whiclvers an
area of 1.82 kfwith elevations ranging between 322 m and 448 m.

2.2 Data

LiDAR data were collected using an Optech ALTM GeintiiDAR system at a flying height of 1,100 m above
ground between the 11th and 23rd of October 200@. [&ser pulse repetition frequency is 70 kHz. TEser
scanner was configured to record up to 4 returngfie laser pulse. The average point density wasits per
square metre, and the laser footprint diameterG&sn. The LIiDAR data used for this project wasutoented
as 0.20 m for vertical accuracy and 0.25 m forzwnrial accuracy. The LIiDAR data were classified igtound
and non-ground points by the vendor and were deld/én binary LAS 1.2 file format (ASPRS 2008).

Ecological Vegetation Classes (EVCs), which desctibe spatial extent of vegetation types, are thsicb
regional scale mapping unit used for forest ecesysassessments, biodiversity planning and consenvat
management in Victoria. The EVC mapping was undéertdirst by the interpretation of aerial photodia@and
the process was designed to outline native vegetgtatches and any obviously related patterns.rdhge of
aerial photograph patterns was then field checketllists of plant species were recorded (Davieal.e2002;
Boyle and Lowe 2004). The EVC data were used asepte data in this study.

2.3 Methods

The LIiDAR ground data were used to create a DEMit@i elevation model) with one metre horizontal
resolution (grid size) while the first returns afmground LIiDAR data representing the laser retdiros tree
canopy were used to generate a DSM (digital sunfiagéel) for the study area. A canopy height mo@i 1)

was computed by subtracting the DEM from the DSMe TrreeVaW software developed by Popescu and
Wynne (2003) was used to identify the location armvn size of individual trees from the CHM in thidy
area. Extracted LiDAR points for each of the indival trees were used to create tree height progjeesenting
the spatial distribution of the vertical structuoé individual trees. Thek-means clustering algorithm was
performed on the height profile to determine th@aer base height of each individual tree. It is ti2AR point
data from above the crown base that are used inigicanopy variables. The variable names andrgs&gms
derived from heights and intensity values of laséurns within tree crowns are listed in Table 1.

Table 1 LiDAR-derived structure and intensity variableglalescription

Variable Description

MaxH Maximum crown height

Depth Depth (or extent) of tree crown

MeanH Mean crown height

StdDev Standard deviation of heights of laser regwvithin a crown

Density Ratio of the number of laser returns in thewn to the total number of laser
returns within the area defined by a crown diam

Meanl Mean intensity value of laser returns withiorown

StdDevl Standard deviation of intensity value aielareturns within a crown

MeanlF Mean intensity value of first laser retuwithin a crown

StdDevlIF Standard deviation of intensity valueirdtflaser returns within a crown

If passed the normality assessment, the one-way \WN@as performed on these variables to see if exch
these variables can be used to distinguish onespeegies from the other. Linear discriminant analyéth cross-
validation was performed to classify the tree speeind assess the classification accuracy. The-gadislation,
often termed a jack-knife classification (Burns @uwins 2008), successively classifies all individinees but
one to develop a discriminant function and themgatizes the tree that was left out. This process nepeated
with each tree left out in turn (Burns and Burn&0



3.0 RESULTS AND DISCUSSION

The results show that using LiDAR-derived structvaeiables, 83.2% of the individual trees of theryBeech
and Silver Wattle were correctly classified usimgar discriminant analysis with cross-validatitfrusing only

the intensity variables, an overall classificatamsturacy of 74.6% was achieved. An overall accutd®6.4%
was achieved by using both structure and intensitiables in the discriminant analysis with thessrwalidation.
The overall classification accuracy increased f@8r2% (using only structure variables) to 86.4%n@oth

structure and intensity variables). With the in@asof the intensity variables, both producer'sumecy and the
user's accuracy for the Myrtle Beech and the SiMéattle increased. For example, the producer’s raocgu
increased from 87.6% to 91.2% and the user’s acgungreased from 69.1% to 73.4% for the Myrtle &edt

is seen that the approach in which the LiDAR-deficanopy structure variables are analysed togetlterthe

related intensity variables produced accurate ifleason results: 84.0% of the Silver Wattle tresesd 91.2% of
the Myrtle Beech trees were correctly classifiet the likelihood of misclassification is reducederms of the
omission error and the commission error.

This study showed the successful identificationtrek species (the Myrtle Beech and the Silver gt
individual tree level in our study area. The resuolt this study demonstrated the contribution @AR-derived
intensity variables to the identification of the Mg Beech and the Silver Wattle tree species dividual tree
level. Although relatively low classification acaay was obtained when only using LiDAR-derived ity
variables, the combination of both the structure @mensity variables in the discriminant analyalbwed
individual Myrtle Beech and the Silver Wattle treesbe identified with high accuracy. The outconfetos
study is such as to encourage further tests oéstent to which the LIDAR data may be applied igemtion
community mapping, particularly for rainforest andighbouring forests in a severely disturbed laapsc
Studies such as this one will also serve to ine¢las understanding of the value of the LIDAR isigndata to
improve the accuracy of forest type classificatoidl tree species identifications.

4.0 CONCLUSIONS

This study demonstrated the applicability of LiDARrived variables referring to canopy structure &rssr
return pulse intensity for the identification ofettMyrtle Beech (the dominant species of the Austnatool
temperate rainforest in the study area) and adfacea species — notably, the Silver Wattle atviitlial tree
level. The results show that an overall classifizaaccuracy of 86.4% can be achieved when botiectstre and
intensity variables were included in the discrinmhanalysis with the cross-validation in the studga. The
overall classification results are only 74.6% whest using the intensity variables in the analydist
combination of the structure and intensity variabie the discriminant analysis did improve the aacy of
classification results, indicating the contributiofithe LIDAR intensity variables to the classifica results. It is
expected that calibrated LIiDAR intensity values |wihprove the application of LIDAR data in forest
classification and tree species identification.
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