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Abstract

Tree species information plays essential roles in urban ecological management and
sustainable development, and thus tree species classification has been an active research
topic over the years. This study investigated fusion approaches deployed with Support
Vector Machine (SVM) and Random Forest (RF) algorithms to incorporating multispectral
imagery (MSI), a very high spatial resolution panchromatic image (PAN), and Light
Detection and Ranging (LiDAR) data for five object-based tree species classification in an
urban environment. The results demonstrated that 3D structural features contributed more
to tree species with broad crowns, such as honey locust and Austrian pine, whereas textural
features were more effective in differentiating trees in narrow crowns, such as spruce.
Among all the possible classification schemes based on multi-source features in
combinations, decision fusion achieved the best overall accuracies (0.86 for SVM and 0.84
for RF), slightly outperforming the feature fusion approach (0.85 for SVM and 0.83 for
RF). Both fusion approaches significantly improved tree species classifications produced

by MSI (0.7), PAN (0.74), and LiDAR (0.8) individually.



Acknowledgments

I would like to extend my sincere appreciation to many people for their encouragement and
help throughout my academic journey in the Master’s program. It will be a precious

experience of growing and exploring in my life.

| want to first express my deep gratitude to my supervisor, Dr. Baoxin Hu. Her constructive
suggestions and patience were greatly appreciated while working on this thesis. To be
honest, | have learned a lot from her on academic writing. Her rigorous academic attitude

and positive life experience inspired me to explore my potential in research.

| am deeply thankful to Dr. Jiali Shang for providing helpful advice and generous support.
Her positive attitude and her laugh are infectious. | would also like to thank my graduate
committee members, Dr. Mark Gordon and Dr. Tarmo Remmel, for the valuable comments
and research evaluation. And | especially thank Dr. Yongsheng Chen for enlightening me

on the research and life practice.

| appreciate having many excellent friends and colleagues, Wen Zhang, Ima-Obong Ituen,
Rory Pittman, Chen Xing, Andy, and Farah, around for help and support. In particular, I
would like to express my great thanks to Dr. Hui Li for her help in the image registration
and Dr. Zhouxin Xi for teaching me a lot. Attending the 40" CSRS conference was a great

unforgettable experience.

Last, the most profound gratitude goes to my family. Their unconditional love and
understanding encourage me to pursue my dreams. A huge thanks to my husband, Junjie

Kang, for supporting and accompanying me over the years.

| also should thank the York University library and for LIDAR data and Campus Services
and Business Operations (CSBO) for tree inventory. | want to acknowledge the funding
support of this thesis research from the Natural Sciences and Engineering Research Council
(NSERC) of Canada, Esri Canada, and the Ontario Ministry of Agriculture, Food and Rural
Affairs (OMAFRA).



Table of Contents

ADSTIACT. ... i
ACKNOWIBAGMENES. ...ttt e esreeneenes iii
TabIe OF CONENTS ..ottt bbbt 1\
LASE OF TADIES ... bbb Vi
LIST OF FIQUIES ...ttt bbbt bbb vii
Chapter 1 INErOQUCTION. ..o bbb 1
Chapter 2 BaCKgrOUNG .........coiiiiiiieieieese s 10
2.1 Tree Species Classification from Multi-Source Remotely Sensed Data............. 10
2.2 Feature Extraction from MSI, PAN, and LIDAR Data ..........cccccoeeveveveeiiiivieeenne 12
2.2.1  SPECHral FRATUIES .......oviiiiiieiiciieie e 13

2.2.2  TeXtUral FEATUIES ......ccuiiiiiitiiieieeee e 14

2.2.3  SEUCLUIAl FRATUIES ..ottt 17

2.3 FRALUIE SEIECTION ...t 19
2.4 Classification MethOAS ...........coiiiiiiiiiecee e 21
2.4.1  Support Vector Machine and Random FOrest...........cccoceeeveienciennnnnns 21

2.4.2  Fusion Approaches to Individual Tree Species Classification .............. 24

2.4.3  Classification ACCUraCy ASSESSMENT .......ccervirerirerieienie e siesieseeas 29

Chapter 3 Study Area and Data ProCESSING..........uivririerieriiiesesiesieseeie e 31
3L STUAY ATBA ..ttt b bbbttt b bbb ene s 31
3.2 DAtA USEA ... 32



3.3 DAt PrOCESSING ...cveiveeiieiieieie sttt 37

Chapter 4 MethOdOIOGY .....ccueeiiiieiiee e 41
4.1 FEAtUre EXITACLION ....ocviiieiie ettt sne e 42
4.1.1 Spectral Features Derived from MSH ... 46

4.1.2 Textural Features Derived from High-Resolution PAN .............c.cc..c.... 47

4.1.3 Structural Features Derived from LIDAR.........ccocooiiiieneic e 51

4.2 FEALUIE SEIECTION ......oveeieeie et sre e 55

4.3 Classification Using Spectral, Textural, and Structural Features Individually ... 56

4.4  Classification Using the Feature-level Fusion Approach...........cccecveninnnnnne. 59
4.5 Classification Using the Decision-level Fusion Approach...........ccccccoeenvnininne. 60
Chapter 5 ReSUlts and DISCUSSION .......cveiirieriiriiiisieeieie e 62
5.1 Classification Using Spectral, Textural, and Structural Features Individually ............. 62
5.2 Classification Using the Feature-level Fusion Approach..........ccccociiiiiininnns 68
5.3 Classification Using the Decision-level Fusion Approach..........ccccccooiiiininnnns 75
Chapter 6  Conclusions and FULUre WOIK ..........ccocoieiiieiineneseseseseee e 83
BIDHOGIAPNY ... s 88
PUBIICALIONS.. ...t bbb 97



List of Tables

Table 3-1 Remotely sensed data utilized in this StUY...........ccceeviiiieieiie e 33
Table 3-2 Ground reference dataset for tree species classification............c.cccoecevieieennnnn 36
Table 4-1 The biophysical characteristics of five tree species of interest. ...........ccccoeu... 43

Table 4-2 Ground photos and corresponding spectral signature and representation in PAN

and LiDAR data of example tree crowns delineated manually for the five species of

LT =1 PSSP 44
Table 4-3 Spectral features utilized for tree species classification. .............ccccecevvvevnennnns 46
Table 4-4 GLCM-based textural features utilized in this study............cccooeviviiiicinenns 48

Table 4-5 Gabor filter-based textural features utilized in this study. SE refers to the square
energy, and MA denotes the mean amplitude. ............ccocveve e 50
Table 4-6 The summary of structural features derived from LiDAR point cloud data and
(O o 1 TR 51

Table 4-7 Classification schemes (case A) using individual spectral, structural, and textural

TEALUNE GIOUPS. ... ettt sttt e bbbttt ettt nb et 57
Table 4-8 Classification schemes using feature-level fusion approach. ............c.ccocoovens 60
Table 5-1 Classification results of individual feature groups using SVM and RF-. .......... 62

Table 5-2 Selected features from MSI, PAN, and LiDAR data for tree species classification. .65
Table 5-3 Classification results 0f CaSe B...........ccceiiiiiiiniiisneeeeee e 66
Table 5-4 Confusion matrix for the feature-level fusion approach using SVM and RF... 73

Table 5-5 Comparison of classification results at the feature-level fusion using SVM and

Table 5-6 Confusion matrix for the decision-level fusion approach using SVM and RF. 77

Table 5-7 Classification analysis of a tree sample (White Spruce).........ccccocevcvviininnninns 79
Table 5-8 Classification analysis of a tree sample (White SPruce)........ccccocvevvvviveeiiieiinnns 80
Table 5-9 Classification analysis of a tree sample (honey loCuSt)..........cccevvviiieiiieiinnnns 81

Vi



List of Figures

Figure 3-1 The true-colour composite of an aerial image acquired in May 2016 over the

study area of Keele campus of York University located in Toronto, Ontario, Canada.

Figure 3-2 Top: a false-colour composite of the MSI with Band 7 printed as Red, Band 5
as Green, and Band 3 as Blue. Bottom: a PAN image..........ccccoovveveiiievveviecieseenns 34
Figure 3-3 3D perspective view of the LIDAR point cloud data of the study area. ........ 35

Figure 3-4 An example of a Norway maple tree crwonmannually delineated on (a) PAN,

(b) false-color MSI, and (c) LIDAR-derived CHM. .........cccccoeiviiiiicie e, 36
Figure 3-5 LIDAR-derived CHM of the Study area..........c.ccocevvririiieiieieesc s 38
Figure 4-1 Workflow of proposed object-based tree species classification. .................... 42
Figure 4-2 Workflow of the decision-level fusion approach deployed with SVM........... 60

Figure 5-1 Classification accuracies versus the number of selected features using RFE. 69
Figure 5-2 The importance ranking of selected features based on MDA in RF................ 70

Figure 5-3 The comparison of decision fusion with other classification schemes. .......... 78

vii



Chapter 1 Introduction

Trees are vital components of the urban ecosystem. They deliver a multitude of
environmental, ecological, and social services, including reducing noise and air pollution,
preventing soil erosion and flooding, mitigating the effects of urban heat islands, and
improving human well-being (Huang, 2019). However, the provision and optimization of
ecosystem services are significantly reliant upon the richness of tree species in urban
ecosystems (Morgenroth et al., 2016). Tree diversity also improves the resistance and
resilience to disturbances such as climate change, pests, and disease in urban forests in the
long term. To promote tree diversity and further optimize ecosystem services for the
residents, knowledge of the current state of tree species in urban areas is needed to make
informed decisions. It has been demonstrated that accurate tree species classification can
provide needed information for sustainable city planning, ecological management, and a
variety of studies, such as air pollution studies focusing on specific tree species largely
influencing the air quality (Fitzky et al., 2019), development of resource inventory
(Denisova et al., 2019), biodiversity assessment and conservation (Felton et al., 2020),
invasive species detection and monitoring (Piiroinen et al., 2018), pest and disease
monitoring (Paap et al., 2017), as well as the overarching goal of sustainable urban forest
management (Larrubia et al., 2017).

Tree species composition has been conventionally collected through field surveys
and visual interpretations of aerial photographs, often restricted to small areas. These
methods are labor-intensive, time-consuming, and inefficient in practice (Shojanoori &
Shafri, 2016). Remote sensing has been applied as a cost-efficient alternative to classifying

1



urban tree species with varying degrees of success over multiple scales for several decades
(Fassnacht et al., 2016). The challenge in tree species classification using remotely sensed
data is mainly due to the complexity of forest canopies in terms of their physical and
biophysical properties (Hu et al., 2021). In remotely sensed data, trees of the same species
may exhibit different properties, but trees of different species may show similar properties.
This is likely true with specific features derived from a single data source, such as spectral
signatures commonly used in remote sensing classification. This problem may be
minimized when several types of data (or features) are utilized. However, the utilization of
multi-source remotely sensed data is challenging researchers in terms of fully exploiting
individual datasets and integrating multi-source information. The goal of this thesis was to
exploit the discriminant power of individual datasets and seek an effective way to combine
information from different sources.

Generally, tree species identification using remotely sensed data includes two
major aspects: feature extraction and classification. In feature extraction, features reflecting
attributes of tree canopies, such as color, texture, and shape, are derived from remotely
sensed data, also known as remote sensing features. Classification is typically conducted
on the extracted features to categorize image pixels into tree species classes.

In terms of feature extraction, four types of features, including spectral, textural,
structural, and temporal, are mostly considered in species classification using remotely
sensed data. Spectral and textural features are mainly extracted from multi-
spectral/hyperspectral imagery based on the reflectance in specific wavelength bands

(Mojaddadi Rizeei et al., 2019). The commonly used spectral features include reflectance



of individual pixels for pixel-based classification and mean reflectance and its standard
deviation for the classification based on individual tree crowns. (Hartling et al., 2019; D.
Lietal., 2015; Liu et al., 2017; Shi, Skidmore, et al., 2018). In addition, vegetation indices
(e.g., Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index
(EVI) ) are also widely utilized for tree species classification (Kukunda et al., 2018; Liu et
al., 2017; Marrs & Ni-Meister, 2019).

Textural features usually reflect the spatial variations in the reflectance within
individual tree crowns or a given region of interest by quantifying the frequency and
distribution of the reflectance values (Franklin et al., 2001). Statistical grey level co-
occurrence matrix (GLCM) is the most popular texture analysis method (Ferreira et al.,
2019; Haralick et al., 1973). Metrics calculated from GLCM such as homogeneity, contrast,
correlation, and energy are commonly used (Aval et al., 2019; Ferreira et al., 2019;
Stavrakoudis et al., 2014). However, a comprehensive investigation of GLCM-based
textural measures including broad feature types is needed. In addition, features based on
other texture analysis techniques, such as those derived using Gabor filters, are rarely used
in tree species classification, although they have been widely utilized for texture
segmentation and classification (Yang et al., 2019).

Structural features are mainly derived from LiDAR (Light Detection and Ranging)
data (Li etal., 2013, 2015). 3-dimensional (3D) data acquired by a LiDAR instrument with
its capability of penetrating tree canopies can be used to describe their crown shape and the
vertical distribution of branches and foliage. LiDAR-derived features can be broadly

grouped into two dominant categories: 1) describing general tree crowns, such as maximum



tree height, the shape and size of tree crown etc. (Aval et al., 2019; Dalponte et al., 2012),
2) reflecting detailed foliage distributions within crowns, such as the proportions of
individual returns, 2D and 3D statistics of LIDAR 3D points distribution (Li et al., 2013,
2015; Lin & Martin, 2016). Various successes have been reported in the literature in
individual tree species classification using a number of these LIDAR-derived features (Li
et al., 2013, 2015; Lin & Hyypp4, 2016; Shi et al., 2018). However, Aval et al. (2019)
reported a marginal contribution of height-related structural features derived from LiDAR
data in individual tree species classification; LIDAR-derived features exhibited an overall
accuracy of 31% and hampered the classification performance when integrated with
spectral and textural features. It must be noted that Aval et al. (2019) highlighted the
importance of extracting the most relevant features prior to merging the complementary
multi-source remote sensing data. Therefore, more attention is needed to investigate the
advanced 3D structural features such as point distribution-related features for multi-source
remote sensing-assisted classification in urban forests.

Temporal features are captured from multi-temporal remote sensing data according
to seasonal variation associated with tree species characteristics, such as leaf shedding and
color changes of broadleaved trees in autumn (Fang et al., 2018). Temporal features depend
primarily on the revisit time of sensor systems, and they are not included in the current
study. It is worth mentioning that with the improvements in spatial resolution of remote
sensors, features are often extracted from individual tree crowns rather than pixels for tree
species classification (Wang et al., 2018). These features mentioned above are used for

classification either individually or in combination, which will be described in detail after



reviewing classification methods.

In terms of classification techniques, they have evolved with the technological
advancements in the computational capacity and easy accessibility of statistical learning
tools such as R, MATLAB, and scikit-learn for Python (Fassnacht et al., 2016). Commonly
used classification algorithms in remote sensing include Maximum Likelihood, k-nearest
neighbors (KNN), Decision Trees Classifier, Support Vector Machine (SVM), Random
Forests (RF), Boosted Trees Classifier, and Artificial Neural Networks (Deep Learning).
Over the last two decades, there has been an increasing trend of using nonparametric
machine learning algorithms such as SVM and RF to separate tree species considering their
significant computing capacities and freedom from the normal distribution requirement of
the input dataset (Raczko & Zagajewski, 2017). As mentioned earlier, spectral, textual, and
structural features derived from multi-source remotely sensed data are used in tree species
classification individually or in combination in the literature. With a massive number of
data readily available from various sensors, fusion-based classification approaches have
been an important ongoing research topic (Aval et al., 2019; Fassnacht et al., 2016; Hartling
et al., 2019, 2021; Liu et al., 2017; Stavrakoudis et al., 2014). Fusion typically occurs at
either feature or decision level. Feature fusion aggregates features from individual data
sources to create a combined feature vector for subsequent classification. For fusion at the
decision level, features extracted from the respective data source are used for classification
first, and the classification results are then merged at the decision level to obtain a final
classification result.

Most existing studies employing fusion approaches incorporate multi-source data



at the feature level (Alonzo et al., 2014; Dalponte et al., 2012, 2019; Hartling et al., 2019,
2021; H. Lietal., 2020; Liu et al., 2017; Pu & Landry, 2012). For example, Pu & Landry
(2012) combined spectral and GLCM-based textural features from IKONOS and
WorldView-2 multispectral imagery to separate seven urban tree species/groups. Pu &
Landry (2012) indicated the insufficiency of the used spectral and textural features
considering the relatively low classification accuracy that could not satisfy the general
requirement in most applications. Liu et al. (2017) employed LiDAR-derived structural
features (crown shape, the distribution of LiDAR points within individual tree crowns, and
laser return intensity-related features) in a combination of hyperspectral-extracted spectral
features (reflectance and vegetation indices) to classify 15 common urban tree species
using a RF classifier. Their results showed that classification using spectral and structural
features individually yielded an overall accuracy of 51% and 61%, respectively, but the
accuracy was increased to 70% with the combined features. Hartling et al. (2021) also
demonstrated that additional structural information from LiDAR (height statistics and
intensity) filled the information gap needed to distinguish tree species. Nevertheless, the
high dimensionality in the feature space that results from feature-level fusion is likely to
be a concern for applications where the size of training samples is small (Maxwell et al.,
2018). In addition, features derived from different data sources are treated equally by the
SVM and random forest methods, even though some of the data sources may be more
reliable than others (Hu et al., 2021).

Several studies have recently investigated fusion at the decision level for species

classification, and the advantages of decision-fusion over feature-fusion were



demonstrated. (Aval et al., 2019; Hu et al., 2021, Stavrakoudis et al., 2014). Stavrakoudis
etal. (2014) mapped five forest species using the combined hyperspectral and multispectral
imagery, and it showed that the decision level fusion exhibited a higher degree of flexibility
and accuracy than the fusion at the feature level. Aval et al. (2019) carried out a decision
fusion based on the posterior probabilities of trees belonging to a specific species from
individual data sources. Although the decision fusion approach slightly outperformed the
feature fusion in their study, Aval et al. (2019) recommended the use of decision fusion.
Most recently, Hu et al. (2021) developed a decision fusion approach based on the
Dempster Shafer theory (DST) to classify five urban tree species, which took into account
all available pieces of evidence and associated uncertainties from multi-source remotely
sensed data. Aval et al. (2019) and Hu et al. (2021) highlighted that it was important but
difficult to define an appropriate decision rule to merge different data sources. An in-depth
analysis of decision fusion approaches is needed to realize its potential in species
classification.

In this thesis research, a systematic and in-depth investigation was carried out to
thoroughly exploit the discriminatory powers of derived features and corresponding
individual datasets, and effectively improve individual tree species classification of five
dominant tree species using multi-source remotely sensed data. The followings are the
specific objectives for this investigation.

(1) Exploit advanced textural and structural features for individual tree species
classification.

Literature review shows that advanced textural and structural features derived from



high spatial resolution PAN and LiDAR data respectively warrant further investigation. In
addition to spectral features and commonly used GLCM metrics, textural features
calculated using Gabor filter techniques were extracted and tested for classification.
Moreover, less commonly-used GLCM metrics were also assessed. Advanced 3D
structural features were derived from LIDAR point cloud data to characterize the vertical
and horizontal structure of individual tree crowns, including percentiles of point
distribution along the vertical height profile, gap distribution represented by proportions of
different return numbers, and 3D texture analysis based on the 3D distribution of LIDAR
points inside the tree crown volumes. Feature selection was also carried out to determine
the feature importance ranking of individual features and select crucial features for the
feature-level fusion.

(2) Assess various classification schemes at feature-level fusion using spectral, textural,
and structural features derived from MSI, high spatial resolution PAN, and LIDAR data.

A series of classification schemes were conducted using individual feature groups and
various combinations to evaluate the classification performance of the feature-level fusion
approach. The discriminatory power of each feature group was also identified to have a
deep understanding of features' contribution to the accurate classification.

(3) Develop a DST-based decision fusion framework using probabilistic SVMs and

RFs

The DST-based decision fusion process (Dempster, 1967; Shafer, 1976) can measure

and consider the uncertainty and imprecision of each dataset in the multi-source

classification decision-making stage (Hu et al., 2021). Most importantly, the DST-based



decision fusion approach has the potential for continual improvement of the classification
performance when additional features become available, which provides a novel and open
framework for individual tree species classification. A misclassification analysis of the
results from the decision fusion and feature fusion was also conducted to provide insights
on further improvement. In addition, the feature fusion and decision fusion approaches
were also compared.

This thesis is structured into the following six chapters. In Chapter 1, the goal and
objectives of the thesis research are introduced. Presented in Chapter 2 are the current
relevant research and background information, specifically on feature extraction, feature
selection, classification methods, and fusion strategy of multi-source remotely sensed data
in the context of classification. The study area and data used in this research are described
in Chapter 3. The data processing and co-registration between optical imagery and LiDAR
data are included in this chapter. The methodology, including the derivation of spectral,
textural, and structural features of individual tree crowns, feature selection, and
classification, is described in Chapter 4. Chapter 5 presents the classification results and
discussions. Lastly, in Chapter 6, the outcomes of the thesis research are summarized under
the proposed objectives. The recommendations for future study are also provided in

Chapter 6.



Chapter 2

Background

2.1 Tree Species Classification from Multi-Source Remotely Sensed

Data

The rapid advancements in remote sensing technologies have made an increasing
amount of data readily available from a wealth of sensors (e.g., high-resolution
multispectral, hyperspectral, and LIDAR systems). Multi-source remotely sensed data have
been extensively adopted in tree species classification over the last decade, commonly
conducted between optical imagery and LIiDAR data (Fassnacht et al., 2016; Shojanoori &
Shafri, 2016; Wang et al., 2018). Multiple types of features, usually including spectral,
textural, and structural signatures collected by optical imagery and LIiDAR data, are
capable of revealing tree species-related traits of individual trees from different
perspectives. Complementary information from multi-source remotely sensed data has
been the main driver in separating tree species.

Due to the need for the separation of individual tree crowns, high-spatial resolution
multispectral imagery (hereafter referred to as MSI) is commonly used for individual tree
species classification, such as that obtained by IKONOS (Pu et al., 2012), QuickBird
(Gillespie et al., 2017), GeoEye (Aguilar et al., 2014), RapidEye (Tigges et al., 2013) and
WorldView-2 (WV-2) (Hartling et al., 2019; Kukunda et al., 2018; Waser et al., 2014). In
particular, high-resolution MSI from WV-2 has shown the most significant potential and

suitability for the identification of individual tree species in urban environments
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(Shojanoori & Shafri, 2016). The eight multispectral bands could offer plentiful spectral
information, and the very high spatial resolution panchromatic band (hereafter referred to
as PAN) could reveal the detailed spatial arrangement of elements within individual tree
crowns. For instance, two datasets of satellite MSI from IKONOS and WV-2 were utilized
to derive spectral and textural features for the classification of six urban tree species/groups
in Florida, USA (Pu & Landry, 2012). The high spatial resolution and additional bands of
WV-2 imagery resulted in a better classification accuracy of 63% (Kappa 0.45) in
comparison with IKONOS imagery. Pu and Landry (2012) also indicated that background
and shadow resulting from the complexity and heterogeneity of urban environments might
reduce the spectral variations between tree species. Therefore, additional efforts should be
made to improve the relatively low classification accuracy obtained from the classification
using MSI. Although hyperspectral imagery may detect subtle differences in spectral
signatures among species, its high cost and data volume, the complexity of data acquisition
and processing, and the limited availability impede its widespread application in the
context of tree species classification.

Shojanoori and Shafri (2016) indicated that LIDAR data is the most promising
source to enhance tree species recognition in urban environments when combined with
MSI. LiDAR systems are capable of generating 3D coordinates of targeted objects and can
capture structural details of tree crowns that optical imagery fails to identify. The point
cloud data provided by LiDAR systems usually includes 3D coordinates, intensity, and
return numbers. 3D structural features can be derived from point cloud data to reflect the

internal foliage and branch patterns of individual tree crowns, complementing spectral and
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textural features in 2D obtained from MSI (Shojanoori & Shafri, 2016; Wang et al., 2018).
Many existing studies have demonstrated the positive contribution of LIDAR data in
conjunction with MSI for the purpose of improving tree species discrimination (Dalponte
et al., 2012; Hartling et al., 2019; Kukunda et al., 2018; Saeidi et al., 2014). For example,
Dalponte et al. (2012) illustrated the importance of using high-density LiDAR data (8.6
points per m?) together with MSI. In their study, statistical parameters such as maximum,
mean, standard deviation, and percentiles of height information of LIDAR points were
derived to describe the structural characteristics of trees in a forest. Liu et al. (2017)
observed a significant improvement in classification accuracy from 51.1% to 70.0% when
incorporating LIiDAR data into hyperspectral imagery to classify 15 common tree species
in the city of Surrey. Most recently, Hartling et al. (2021) demonstrated that given limited
spectral information, additional structural information from LiDAR (height statistics and

intensity) filled the information gap needed to distinguish tree species.

2.2 Feature Extraction from MSI, PAN, and LIiDAR Data

In tree species classification using remotely sensed data, spectral, textural, and
structural features derived from MSI, PAN, and LiDAR data, respectively, are commonly
used. The variability of spectral reflectance determined by specific biochemical and
biophysical properties of different tree species is the primary driver behind tree species
classification using MSI (Fassnacht et al., 2016). Textural features from very high spatial
resolution PAN describe the variations in the reflectance within individual tree crowns,
reflecting information on spatial and physical arrangements of tree elements, such as

branches and foliage (Yang et al., 2019). Structural features extracted from LIDAR data
12



have the capacity to represent the internal structure properties along the vertical profile of
a single tree on the basis of the point distribution information in 3D (Aval et al., 2019;
Dalponte et al., 2012; Li et al., 2013). These three feature groups are discussed in further

detail below.

2.2.1 Spectral Features

Spectral features represent the characteristic of spectral reflectance in the optical
region of individual tree crowns in the context of individual tree species classification. In
the visible region of the spectrum (400-700 nm), the dominant factors controlling leaf
reflectance include various leaf pigments in the palisade mesophyll (e.g., chlorophyll a and
b, and p-carotene), which presents the primary chlorophyll absorption features at the blue
(430-450 nm) and red (650-660 nm) bands (Asner, 1998; Clark & Roberts, 2012). In the
near-infrared region of the spectrum (700-1300 nm), the scattering of the near-infrared
radiation in the spongy mesophyll of leaves typically causes the strong reflectance at this
wavelength interval (Asner, 1998). In the mid-infrared region of the spectrum (1300-2500
nm), leaf water content dominates three primary water absorption features at 1450 nm,
1940 nm, and 2700 nm (Waser et al., 2014). Tree structures (e.g., leaf and branch density,
angular distribution, and clumping) also affect the reflectance at the canopy level and the
background, such as the bare soil and understory vegetation (Spanner et al., 1990). Spectral
features used in species classification include the reflectance at individual spectral bands
and a variety of vegetation indices. These spectral features are described in detail in section
4.1.1. Vegetation indices are developed to maximize the sensitivity to biophysical and

biochemical parameters of vegetation and minimize confounding factors such as soil
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background reflectance or atmospheric effects (Kukunda et al., 2018; Liu et al., 2017;
Marrs & Ni-Meister, 2019). The commonly used vegetation indices include NDVI, green
NDVI, red edge NDVI (Gitelson & Merzlyak, 1994), the optimized soil-adjusted
vegetation index (OSAVI) (Rondeaux et al., 1996; C. Wu et al., 2014), and the enhanced
vegetation index (EVI) (Huete et al., 2002; Madonsela et al., 2017). Many studies, however,
have illustrated that spectral information alone is insufficient to separate tree species
(Aguilar et al., 2014; Gillespie et al., 2017; Hartling et al., 2019; Pu & Landry, 2012). This
is mainly due to the fact that spectral reflectance of individual tree crowns varies with many
factors such as foliage age and its health status, leaf area density, canopy structures, and
background (Clark et al., 2005; Clark & Roberts, 2012). Trees of the same species may
exhibit different spectral features, while different tree species may have similar spectral

signatures.

2.2.2 Textural Features

Textural features has been successfully derived from panchromatic image to
represent important textural information for tree species classification in the literature
considering its very high spatial resolution (Aval et al., 2019; Fang et al., 2018; Ferreira et
al., 2019; Hartling et al., 2019). Existing methods for the extraction of textural features are
broadly classified into four categories: statistical, structural, model-based, and transform-
based methods (Bharati et al., 2004). Among them, statistical approaches such as GLCM
(Haralick et al., 1973) are the most popular and conventional (Aval et al., 2019; Ferreira et
al., 2019; Haralick et al., 1973; Stavrakoudis et al., 2014). A detailed description of these

measures is provided in Table 4-4.
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GLCM characterizes the relationship in the reflectance among neighboring pixels
(Haralick et al., 1973), which considers the co-occurrence of pairs of reflectance between
two pixels separated by a given distance and at a given direction to obtain the second-order
textural statistics, such as contrast, correlation, energy and homogeneity. A number of
metrics based on GLCM have been proposed to describe the textures of various objects.
Initially, 14 textural measures were computed from GLCM to classify sandstones and many
types of land-use categories (e.g., forest, woodlands, grasslands, urban areas, and water
bodies) Haralick et al. (1973). Soh and Tsatsoulis (1999) proposed five additional GLCM-
based features for textural measures and classification: cluster prominence, cluster shade,
dissimilarity, autocorrelation, and maximum probability. Clausi (2002) contributed two
more features based on GLCM: inverse difference normalized and inverse difference
moment normalized (Clausi, 2002). The original measures proposed by Haralick et al.
(1973) are commonly used in tree species classification. Ferreira et al. (2019) reported the
improvement of tree species classification in tropical forests when combining eight of
Haralick’s GLCM-based textural features, including mean, variance, homogeneity,
contrast, dissimilarity, entropy, second moment, and correlation, using a pan-sharpened
VNIR band of WorldView-3 satellite imagery. Aval et al. (2019) employed similar
Haralick’s textural statistics from PAN to differentiate 15 tree species at the crown level in
conjunction with spectral information from MSI and structural features from LiDAR data,
and it was observed that textural features significantly contributed to the identification of
two tree species (Tilia tomentosa and Platanusxhispanica) with high accuracy. However,

other GLCM features, such as cluster shade, cluster prominence, and inverse difference
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normalized, were rarely used in tree species classification.

In comparison with the GLCM method, the transform-based Gabor filters are less
common in remote sensing-assisted classification. Gabor filters are designed to emulate
the characteristics of the human visual system in which an image formed in the retina is
decomposed into several filtered images with a specific range of spatial frequencies and
orientations (Daugman, 1985). Gabor filters are robust against varying brightness and
contrast of images. 2D Gabor filters have been used for textural representation and
discrimination in pattern recognition (Haghighat et al., 2013; Ramakrishnan et al., 2002;
Yang et al., 2019). This study used Gabor filters to describe the texture of individual tree
crown regions in PAN. The calculation process presented in Zheng et al. (2004) was
employed (Zheng et al., 2004). A 2D Gabor filter in the spatial domain is defined in Eq.
(2-1).

1
o\2r

where x and y are the coordinates of a given pixel in the image; the parameter O is the

h(x y; f,0)=

X+ . :
exp(— 52 )-exp(if (xcosA+ysing)), (2-1)

standard deviation of the 2D-Gaussian function in the x and y directions; f is the central

frequency of a sinusoidal wave; @ is the spatial orientation of the filter.
For Gabor textural feature extraction, the image 1 is convolved with each Gabor
filter created with specific orientations and frequencies at every pixel (x, y) based on Eq.

(2-2).
GX,Y: oo G) =2 D 1 =X, y=y (X, Y . 6,), (2-2)
where | (x, y) is the grey value distribution of the image I; and G(x,Y; f,,4,) is the
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convolution result corresponding to the Gabor function at the orientation denoted by m and
the frequency denoted by k. In the current study, the square energy and mean amplitude
were calculated as textural features from the output image G (x, y; fy, 6:,) t0 measure the
textural variation based on the specific frequency content in specific directions in a tree
crown region of analysis. The mean amplitude of G(x, y; f,, 6,,) provides the oriented

frequency spectrum in each local of a tree crown region in PAN, as defined in Eq. (2-3).

GaborFiltera(x,y; f ., 0m) = |G(x,y; f , Om)| (2-3)
Another textural feature, square energy, denotes the local energy of the frequency response

in a specific orientation of a tree crown region in PAN. Square energy was computed as:
GaborFilter (x,y; f, 6,,) = X GaborFiltera (x, y; f, Hm)z (2-4)

2.2.3 Structural Features

Trees of different species may have different arrangements of foliage and branching
structures (Fassnacht et al., 2016; Li et al., 2013; Wang et al., 2018). For instance, an
Austrian Pine (Pinus nigra) tree typically forms a semi-round shape with broadly spreading
branches and clusters of leaves along the trunk, and the branches and foliage of blue spruce
(Picea pungens) or white spruce (Picea glauca) are often uniformly distributed around the
trunk with dense layers from the side view, and they have the distinctive pyramidal shapes.
Therefore, various structural features have been derived from LiDAR data to improve the
classification accuracy of individual tree species (Li et al., 2013, 2015; Lin & Hyypp4,
2016; Shi et al., 2018). Existing LIiDAR-derived features for tree species classification are
derived to describe both general geometric shapes of individual tree crowns and the
detailed distribution of tree elements of each tree crown (Aval et al., 2019; Dalponte et al.,

17



2012; Liu et al., 2017; Reitberger et al., 2008; Yao et al., 2012). For the former, features
include statistical parameters such as maximum, mean, standard deviation of the
normalized height, crown area based on the 2D convex hull, and ratios of the projected
crown area to the tree height of laser points within a tree crown. (Shi et al., 2018). Yao et
al. (2012) indicated that three geometric LIDAR features, including crown base height,
crown volume, and crown area, were promising structural features for better tree species
classification performances, especially for deciduous trees. Features describing the internal
structures of individual tree crowns are designed to quantify the distributions of LIDAR
3D points within crowns in both horizontal and vertical directions. These features include
percentiles of point distribution along with the vertical height profile (Lin & Hyypp4, 2016;
Puttonen et al., 2010), proportions of different return numbers (Shi et al., 2018), and 3D
texture analysis (Li et al., 2013). The use of LiDAR-derived features has been beneficial
to individual tree species classification. For example, Li et al. (2013) employed such
features as 3D texture, gap distribution, the degree and scale of foliage clumping along
with tree height horizontally and vertically to classify four tree species in a forest region;
an overall classification accuracy of 77.5% (Kappa 0.7) was achieved and it demonstrated
the significant contribution of structural features to tree species classification. Most
recently, Liu et al. (2017) demonstrated a positive contribution of LIDAR point
distribution-related features when classifying 15 common urban tree species based on
hyperspectral imagery and LiDAR point cloud data. In combination with LiDAR-derived
structural features, including crown shape, laser point distribution, and intensity-related

features, they attained an improvement of nearly 20% in the overall accuracy.
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In addition, LIDAR intensity has been employed in tree species classification as
well (Korpela et al., 2010; Lin & Hyypp4, 2016; Liu et al., 2017; Shi et al., 2018). Lin and
Hyyppé (2016) derived the average intensity value of LIDAR laser points at different
height quantiles and the statistics of the intensity values regarding laser points belonging
to a tree crown for tree species classification. Similarly, Shi et al. (2018) computed
radiometric features associated with intensity and echo width under leaf-on and leaf-off
conditions. Compared with spectral features derived from the multispectral or
hyperspectral imagery, spectral information captured by LIDAR systems is based on a
narrow wavelength mainly located in the near-infrared spectrum (Wang et al., 2018).
Moreover, the complexity of radiometric calibration establishing the relationship between
actual physicochemical properties of tree canopies and raw intensity values from LiDAR
sensors prevents the practical applications for the identification of tree species, although
some studies have shown promising classification results with radiometric features when

only LIDAR data was available (Kashani et al., 2015).

2.3 Feature Selection

Feature selection is commonly implemented prior to the classification to select a
subset of essential features by removing redundant or irrelevant ones (Georganos et al.,
2018). Feature selection is essential for classification especially when multi-source
remotely sensed data is used where the number of features tends to be very large. Due to
noise and uncertainty in data, a larger number of features might not produce higher
classification accuracy, and the important features might be masked out by “unnecessary”

ones, leading to reduced accuracy (Gregorutti et al., 2017). In addition, with the increase
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of the number of features, the number of training samples needs to be increased, but
training samples are difficult to obtain in practice. Among the existing feature selection
methods, recursive feature elimination (RFE) combined with a RF classifier was
highlighted by a number of studies in the literature as it can provide an unbiased feature
selection and effectively increase classification accuracy (Demarchi et al., 2020;
Georganos et al., 2018; Gregorutti et al., 2017). Specifically, Gregorutti et al. (2017)
recommended the use of the RFE algorithm, considering its good performance, even in the
presence of correlated features. Demarchi et al. (2020) reported that RFE effectively
handled the fusion of complementary and diverse data sources, such as hyperspectral
imagery and LiDAR data. In this thesis research, the RFE wrapped with RF was
implemented to select relevant features and assist the interpretation of feature contribution
to classification accuracy.

A critical aspect of any feature selection method is the measure of the importance
of given features. In the RFE wrapped with RF, mean decrease in accuracy (MDA) is
commonly used to evaluate the importance of features using training samples (Breiman,
2001). MDA is produced using the following steps: 1) each tree (in the RF) is trained with
a random subset of the input features and one-third of the training data, namely the out-of-
bag (OOB) samples that are used to estimate the classification error; 2) the classification
error on the OOB samples is calculated for each tree in RF, and the same is done after
randomly permuting each features value; and 3) MDA of a feature is computed by
averaging the differences between the two classification errors over all trees in RF using

Eg. (2-5) (Han et al., 2016). The more significant value of the decrease in accuracy
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indicates the more important the feature is in the classification model, and vice versa.

1

MDA; = Ynree(E; — Eyr) (2-5)

Ntree n=1
where n;,.. isthe number of trees in RF, E; refersto OOB error in tree n before permuting
the value of feature i, and E;, denotes the OOB error in tree n after permuting the value of

feature i.

2.4 Classification Methods

2.4.1 Support Vector Machine and Random Forest

The utility of machine learning algorithms has significantly facilitated tree species
classification from remotely sensed data due to its advances in computational efficiency,
statistical learning capability, and easy access to hardware and software such as R and
scikit-learn for Python (Chang & Bai, 2018; Fassnacht et al., 2016). Machine learning
algorithms have the capacity to model a high-dimensional feature space and classify tree
species with very complex characteristics represented by multi-source remotely sensed
data. These distribution-free or nonparametric algorithms are usually more adequate for
multi-source classifications. Among the various machine learning algorithms, SVM and
RF have been demonstrated to be more robust for classification with a large number of
features in comparison with other traditional methods, such as maximum likelihood and
KNN classifiers. (Fassnacht et al., 2016; Maxwell et al., 2018). According to the statistics
in the related literature review, Fassnacht et al. (2016) indicated that SVM and RF are at
the top of the most frequently used classification algorithms in remote sensing. Most

importantly, Maxwell et al. (2018) summarised that RF and SVM offered good

21



performance with low computational cost after experimenting with multiple commonly
used classifiers. Moreover, probabilistic outputs computed by SVM and RF can facilitate
the DST-based decision fusion approach for tree species classification.

In order to identify suitable classifiers for the tree species dataset in this study,
logistic regression, KNN, single decision tree, RF, SVM, and Naive Bayes algorithms
available in R software were implemented on the training dataset to test their classification
performances. The results showed that SVM and RF outperformed the other classification
algorithms in terms of overall classification accuracies. In this thesis study, SVM and RF
were adopted to implement the supervised classification and deployed with fusion
approaches to individual tree species identification, which combines MSI, high-resolution
PAN, and LiDAR point cloud data.

SVM has been highlighted in the applications of complex classification problems
such as tree species differentiation (Aval et al., 2019; Hartling et al., 2019, 2021;
Stavrakoudis et al., 2014; Wu & Zhang, 2020). SVM was initially introduced as a binary
classifier and extended to multi-class classification (Mountrakis et al., 2011). The multi-
class classification problem is breakdown into multiple binary classification cases using a
strategy of either “one against all” or “one against one” (Karatzoglou et al., 2006; Meyer
& Wien, 2021). The “one against all” classification builds a binary classifier model (N
models if N is the number of tree species classes) for each class and trains them to separate
samples in a class from samples in all remaining classes. The “one against one” approach
builds and trains a binary classifier model for each pair of classes (N(N-1)/2), which was

used in the current study. The class with the most frequent wins over all possible binary
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classifiers is assigned to a given sample. SVM is initially designed for linear problems.
Kernel methods, also known as “kernel tricks”, including the linear kernel, polynomial
kernel, sigmoid kernel, and radial basis function (RBF), enable the inherent linear SVM to
perform non-linear classification by implicitly transferring the original feature space to a
higher dimensional space that is linearly separable by the algorithm. With non-linear
kernels, SVM is widely accepted in patterns of remote sensing data-based classifications.
Two commonly used optimum parameters need to be considered to build robust and
accurate classification models using kernelized SVM since they are essential in preventing
the classifier from overfitting or underfitting. One is the cost parameter (c), which is
applied to fix the misclassification caused by a hard decision boundary by creating a
complex classification function with the least misclassification (Karatzoglou et al., 2006).
Another parameter (gamma) is considered as the width parameter of the kernel that
reshapes the decision boundary and decision region by controlling the complexity of the
classification function (Karatzoglou et al., 2006). On the other hand, Maxwell et al. (2018)
reported an adequate classification performance using the default parameters (c and gamma)
instead of optimizing parameters using machine learning algorithms such as SVM and RF
which are robust to parameters settings.

Furthermore, SVM classifiers can produce posterior probability values quantifying
the confidence that a sample belongs to each class instead of predicted class labels (Lin et
al., 2007). For binary SVM, the probability is calculated using the Platt scaling method
(Platt, 1999), which approximates the posterior probability by fitting a logistic distribution

to decision values using maximum likelihood on the training dataset. The current study
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employed the posterior class probabilities for multi-class classification computed using the
quadratic optimization method (Wu et al., 2003). The posterior class probabilities were
employed as the mass functions for decision-level fusion.

RF classifier has also been successfully employed in applications of classification
using multi-source remote sensing data (Dalponte et al., 2012; Hansch & Hellwich, 2020;
Hartling et al., 2019, 2021; Y. Wu & Zhang, 2020). RF is an ensemble classifier combing
a multitude of decision trees constructed at the training stage and outputs the class with a
majority votes of predictions among individual decision trees (Breiman, 2001). RF
establishes a number of uncorrelated decision trees by randomly selecting subsets of
samples and features to reduce the risk of overfitting. RF creates a new dataset by randomly
down-sampling from the original data with replacement given a training dataset. The OOB
samples accounting for 1/3 of the samples from the new dataset are reserved to determine
the unbiased estimate of the classification error. As discussed in section 2.3, RF can provide
feature rankings based on their importance scores, determined during the OOB error
calculation phase based on the MDA. RF outputs the probability values of each sample,
measuring the probability of being classified to each tree species of interest. They are
computed based on the proportion of decision trees predicting a given sample as a specific

class.

2.4.2 Fusion Approaches to Individual Tree Species Classification
A variety of data fusion techniques in remote sensing have been developed over the
last several decades to utilize multi-source data (Alonzo et al., 2014; Aval et al., 2019;

Chang & Bai, 2018; Dalponte et al., 2012; Fassnacht et al., 2016; Ghassemian, 2016; Hu
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et al., 2021; Joshi et al., 2016; Pohl & Van Genderen, 1998; Zhang, 2010). Fusion
approaches aim to improve classification performance by utilizing multi-source remotely
sensed data that contribute complementarily to distinguishing tree species. It can be
typically grouped into three categories: pixel-level fusion (data fusion), feature-level fusion,
and decision-level fusion (Pohl & Van Genderen, 1998). Remote sensing data over the
same scene are commonly combined into a new dataset after geometric registration at
pixel-level, such as pan-sharpening methods applied to MSI (Ghassemian, 2016). Fusion
at either feature or decision level is commonly used in classification and thus is the focus
of this study.

Feature-level fusion aggregates features from the respective data sources into a
single feature vector for subsequent classification (Ghassemian, 2016). Feature-level
fusion highlights complementary features from multiple sensors measuring different
physical properties of trees, which provides a more comprehensive description of tree
crowns. Feature fusion can achieve the joint optimization of the rich feature space from
multi-source data. However, the high dimensionality in the feature space is likely to be a
concern for applications where the size of training samples is small (Maxwell et al., 2018).
The fusion process at the feature level requires extracting distinctive features of objects
from the input images prior to the fusion scheme combining various features. A more
informative feature space is created to identify targets of interest from a heterogeneous
environment by fusing these features. Chang and Bai (2018) also pointed out that the core
of the fusion approach at the feature level is the accurate selection and extraction of features

from multi-source data. Diversified features could complicate the critical characteristics of
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the target of interest, and inaccurate feature extraction may result in an inaccurate fusion
outcome (Chang & Bai, 2018).

Most of the related studies on tree species classification were performed at the
feature level. For example, Hartling et al. (2019) employed a feature-level fusion approach
classifying eight dominant tree species in St. Louis, MO, USA, using WV-2 VNIR,
Worldview-3 SWIR, and LIiDAR intensity image and achieved the best overall accuracy
of 82.6% with deep learning classifier. Unlike Hartling et al. (2019), Alonzo et al. (2014)
fused hyperspectral imagery and LiDAR data at the feature level by combining spectral
features and structure features to classify 29 common tree species in Santa Barbara,
California, USA, with a Canonical discriminant analysis classifier. Notably, they achieved
an overall accuracy of 85.4% for 725 manually delineated tree crowns. Almost all of these
studies have demonstrated that combining complementary features derived from optical
imagery and LIiDAR data significantly improved the classification accuracies compared
with single dataset-based classification.

In contrast to feature-level fusion, a decision-level fusion approach merges the
preliminary classification results from several independent data sources following
proposed decision rules to obtain a final result (Schmitt & Zhu, 2016). Decision fusion can
effectively handle high-dimension by integrating multiple classifiers with relatively small
feature sizes. Furthermore, fusion approach at the decision level can flexibly improve the
generalization performance of classification instead of relying on a single classification
result (Chang & Bai, 2018). Each data source is analyzed separately at the decision fusion

stage, and the uncertainty and imprecision associated with each data source can be
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measured and considered in the fusion process. As a result, the decision-level fusion can
measure the uncertainties inherited from independent data sources based on the degrees of
confidence or scores (Schmitt & Zhu, 2016). Several studies focused on the decision-level
fusion in the literature. For instance, Stavrakoudis et al. (2014) employed a decision fusion
approach to mapping pixel-based tree species in Macedonian forest by combining the
respective independent fuzzy classification results from hyperspectral and MSI. The
proposed decision fusion scheme reached an overall accuracy of 78.9%, increasing MSI-
based classification by 8% and hyperspectral imagery by 12%.

The commonly used decision fusion approaches are based on fuzzy and possibility
theory, voting methods, and statistics. Among them, the Dempster-Shafer theory (DST)
(Dempster, 1968; Shafer, 1976) is simple yet effective, and it integrates complementary
features derived from different data sources and their uncertainties for tree species
classification. DST was initially introduced as a mathematical theory of evidence based on
belief functions and plausible reasoning and has been widely used to combine separate
pieces of information (evidence) from different sources to calculate the synthetic
probability of an event.

A fusion approach utilizing the combination rules of DST evidence inference
provides the possibility of performing individual data sources in their native properties and
makes the multi-source data processing easy to implement. However, challenges remain in
utilizing DST to qualify multi-source information, for instance, how to determine the Basic
Probability Assignment (BPA) from individual datasets. With machine learning techniques,

such as SVM and RF, the multi-class posterior probabilities could be calculated to establish
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BPA in the frame of the DST combination rule of evidence.

The frame of discernment, denoted by 6, is firstly defined in DST, which contains
all the possible classes A; under consideration. When 6 = {A,, A4, ... A;}, the power set
29contains all the subsets A; of 6 (denoted as A; € 2°), including the empty and full sets.
DST uses a mass functions m(4;), also called BPA or basic belief assignment (BBA), to
represent the degree of belief in classes given the relevant and available evidence that
supports the claim that the actual class belongs to A4; . In this study, the mass function
m(4;) is in the form of probabilities. For any A; €29, m(4;) € [0,1], m(®) =
0,and X, c o m(4;) = 1.

In this study, more than one set of evidence is available, and the decision to classify
tree species is made based on the accumulation of all the evidence. DST allows combining
the class probabilities resulting from multi-source remote sensing data and arrives at a
degree of confidence taking into account all the available evidence for making the final
decision. Dempster's rule of combination (the joint mass) aggregates multiple mass
functions calculated from pieces of evidence (here, preliminary classification results as
posterior probabilities from respective MSI, PAN, and LiDAR data). The most common
decision rule defined by Shafer (1976) (Eq. 2-6) is applied to combine multi-source
remotely sensed data for tree species classification in this study. The decision criterion that
the maximum probability indicates the most credible or plausible decision is used in the
current study to ultimately classify a given sample into one of the interested tree species

classes.
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2.4.3 Classification Accuracy Assessment

The performance of classification methods is commonly assessed by comparing the
predicted results with ground truth data in an independent test set. The confusion matrix
is a standard means of evaluating classification accuracy, based on which the overall
accuracy, kappa coefficient, and Fl-score can be calculated (Stehman, 1997). The
confusion matrix is a cross-table with columns containing actual classes and the rows with
predicted classes. The overall accuracy is the proportion of correct predictions to the total
number of predictions. Moreover, the kappa coefficient is a statistical measure of the
agreement between the ground truth and predicted classes, considering the possibility of
the agreement occurring by chance. It evaluates the classification performance in
comparison with randomly assigning values. The following function defines the kappa

coefficient:

_ Po—DPe _
Kappa = T (2-7)

where p, is the overall accuracy (the proportion of classes in agreement among
predictions), and p, is the possibility of classes in agreement occurring by chance. Landis
and Koch (1977) provided a scheme to interpret the value of the kappa coefficient, in which
a value <0 indicated no agreement, 0-0.20 as slight, 0.21-0.40 as fair, 0.41-0.60 as
moderate, 0.61-0.80 as substantial, and 0.81-1 as almost perfect agreement.

The Fl-score is a harmonic mean of the user’s accuracy and producer’s accuracy,
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combining the two performances into a single measure that expresses both properties. F1-
score ranges from 0 to 1, among which the highest possible value of 1 indicates perfect
results of both user’s accuracy and producer’s accuracy. User’s accuracy is the fraction of
correctly identified samples among all the samples classified into this class, indicating the
probability that prediction represent reality. Whereas producer’s accuracy is the ratio of the
correctly classified samples to the ground-truth samples in each class, indicating the quality

of the classification of training set.
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Chapter 3

Study Area and Data Processing

3.1 Study Area

The study was conducted using data covering the Keele Campus of York University
located in the Greater Toronto Area, Ontario, Canada (43.77° N, 79.50° W), with 457 acres
of land to present an urban environment for tree species classification (Figure 3-1). A wide
variety of tree species are available in this area. The dominant tree species for the deciduous
are Norway maple (Acer platanoides) and honey locust (Gleditsia triacanthos), while the
dominant tree species for the coniferous are Austrian pine (Pinus nigra), white spruce
(Picea glauca) and Blue spruce (Picea pungens). As a result, these five major tree species:
Norway maple, honey locust, Austrian pine, white spruce, and blue spruce, were selected
in this study. Aerial imagery obtained in 2016 was also used as a visual reference image to
identify trees and double-check the selected reference samples, a commentary on routine

field works.
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Figure 3-1 The true-colour composite of an aerial image acquired in May 2016 over the

study area of Keele campus of York University located in Toronto, Ontario, Canada.

3.2 Data Used

Remotely sensed data used in this study included the WorldView-2 (WV-2)
(DigitalGlobe Inc.) 8-band MSI, PAN, and airborne LIDAR data (Airborne Imaging Inc.).
The specifications of WV-2 and LIiDAR data are summarized in Table 3-1. The WV-2
imagery and LiDAR data were provided by the York University Map Library. A false-
color composite image of the MSI and the PAN of the study area are shown in Figure 3-2.

The LiDAR data was acquired in April 2015 in early spring leaf-off conditions
using a Leica ALS70-HP discrete return LIiDAR system mounted on an aircraft flying at
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160 knots (82.3 m/s). LIDAR data was acquired at an altitude of 800m AGL (Above
Ground Level) with the laser pulse rate set at 300,000 Hz, resulting in four discrete returns
and an aggregate point density of 10 points per square meter. The horizontal and vertical
accuracies of LIDAR data were 30 cm and 10 cm, respectively. The 3D perspective view

of the LiDAR point cloud is presented in Figure 3-3.

Table 3-1 Remotely sensed data utilized in this study.

LiDAR
WV-2 MSI WV-2 PAN (Point cloud data)
Data acquisition 21 July 2016 21 July 2016 11 April 2015
2
Spatial Resolution 1.6 m 0.4 m 10 pts/m

(Average density)

Band 1: Coastal (400 - 450 nm)
Band 2: Blue (450 - 510 nm)
Band 3: Green (510 - 580 nm)
Band 4: Yellow (585 - 625 nm)
Band 5: Red (630 - 690 nm)

Band 6: Red Edge (705 - 745 nm)
Band 7: Near-IR1 (770 - 895 nm)
Band 8: Near-IR2 (860 - 1040 nm)

Spectral resolution 450 - 800 nm Discrete 4 returns

Radiometric

Resolution 16 bits per pixel 16 bits per pixel | NA
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Figure 3-2 Top: a false-colour composite of the MSI with Band 7 printed as Red,

Band 5 as Green, and Band 3 as Blue. Bottom: a PAN image.
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Figure 3-3 3D perspective view of the LIDAR point cloud data of the study area.

A reference sample dataset of 751 tree crowns (Table 3-2) was selected based on
the pervasiveness of tree species in the street tree inventory conducted by Campus Services
and Business Operations (CSBO) of York University in June 2015. The inventory map
surveyed more than 5000 trees with their attributes, including tree species, location, crown
size, height, and the diameter at breast height. The samples were manually delineated on
WV-2 multispectral imagery using ArcMap (ArcMap 10.6), referring to individual tree
crowns in the LiDAR-derived canopy height model (CHM) and the street tree inventory
map. Tree species were confirmed by visually examining an aerial image acquired in May
2016 (with a spatial resolution of 8 cm by 8 cm) provided by the York University Map
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Library and Google street view images under the leaf-on condition. The selected tree
samples were located along streets, near buildings, and other high pedestrian areas,
representing the typical distribution of trees in an urban environment. The tree samples of
each species were randomly divided into training and testing subsets as a ratio of 7/3,
resulting in 528 samples for training and 223 for validation. The delineated individual tree
crowns were superimposed to the multi-source remotely sensed data to extract target
features and create the classification sample dataset. Figure 3-4 presents an example of the

delineated individual tree crowns on the PAN image, false-color MSI, and CHM.

Table 3-2 Ground reference dataset for tree species classification.

Common name Scientific name Tree Type Is\ﬁlmmpti:i Proportion (%)
Norway Maple Acer platanoides Broadleaf 188 25
Honey Locust  Gleditsia triacanthos ~ Broadleaf 180 24
Austrian Pine Pinus nigra Conifer 159 21
Blue Spruce Picea pungens Conifer 115 15
White Spruce Picea glauca Conifer 109 15
Total: 751 100

— i N
Figure 3-4 An example of a Norway maple tree crown manually delineated on (a) PAN,
(b) false-color MSI, and (c) LiDAR-derived CHM.
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3.3 Data Processing

The MSI was projected to the “WGS 1984 UTM_Zone 17N” coordinate system
using ArcMap 10.6. It was radiometrically corrected from digital number to at-sensor
radiance L based on radiometric calibration parameters and standard correction Eq. (3-1)
from the WV-2 image calibration file using MATLAB (Version 2020a) (The Math Works,

Inc., 2020).

abscalfactor

L = GAIN * DN = (effectivebandwith

) + OFFSET (3-1)

where abscalfactor and effectiveBandwidth were delivered with the imagery; The DN was
the pixel value in the imagery; Gain and Offset were the absolute radiometric calibration
band-dependent adjustment factors given in the file. The at-sensor radiance was converted
to at-sensor reflectance using Eq. (3-2).

*dlg:'S*T’:

*cos(6s)

L)‘Pixel,Band

p)LPixel,Band -

(3-2)

Esunipiver Band
where L was at-sensor radiance calculated independently for a defined pixel and band; dgs
was the Earth-Sun distance in astronomical units for the viewing day and time; E,,, was
the band-averaged solar exoatmospheric irradiance; and 6, was the solar zenith angle.
Atmospheric correction was then carried out to obtain surface reflectance that ranges on a
scale from 0 to 100% using the Atmospheric & Topographic Correction (ATCOR) model
in PCI Geomatics software (PCI Geomatics 2018).

LiDAR data was processed to create a digital elevation model (DEM) and digital
surface model (DSM) using the last and first returns, respectively, in MATLAB (Version

2020a) (The Math Works, Inc., 2020). The CHM, also known as the normalized digital
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surface model (nDSM), was obtained as the difference between DSM and DEM. CHM was
constructed at the spatial resolution of 0.4m by 0.4m, the same as the PAN. The LiDAR-

derived CHM is shown in Figure 3-5.
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Figure 3-5 LiDAR-derived CHM of the study area.

Misalignments often exist between multi-source remotely sensed data because the
accuracy of geo-referencing varies from one to the other. Accurate co-registration of
optical imagery and LiDAR-derived data is crucial to using these data together. The
orthorectification model using rational polynomial coefficients (RPCs) in ENVI (Harris

Geospatial Solutions, Inc., 2019) was applied to align the georeferenced airborne LiDAR
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data with the PAN and MSI. Ground Control Points (GCPs) were manually created to
mark the prominent land features (e.g., road and path junctions, landmarks, etc.) on the
PAN, whereas 3D ground control points were selected on the ground and in the air using
LiDAR intensity image and DSM. They were adequate and evenly distributed across the
study area. The LiDAR-derived intensity image was employed as the orthorectified
reference image to align the PAN using the RPC orthorectification workflow in ENVI.
This was an interactive approach to measuring errors of individual GCPs, and the overall
model accuracy could be assessed. The proposed co-registration method was effective and
resulted in a precise root mean square error (RMSE) of the RPCs by remaining accurate tie
points after excluding the outliers, where the initial misalignment of the co-registration is
improved from 18.84 pixels with 400 tie points to 0.57 pixel with 14 tie points at the
resolution of 0.4 m. The co-registration method ensured corresponding pixels represent the
same tree crowns by geometrically aligning images and eliminating displacement caused
by differences in image acquisition time and satellite observation angle. The orthorectified

PAN and LiDAR-derived DSM are shown in Figure 3-6.
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Figure 3-6 The orthorectified PAN and DSM using the proposed co-registration method.
Avreas in red squares are examples of four areas to shown the co-registration

result.
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Chapter 4

Methodology

Spectral, textural, and structural features for individual tree crowns were derived from
MSI, PAN, and LiDAR data, respectively. With these features, the following investigations
were carried out:

1) The classification was performed with spectral, textural, and structural features
individually to determine their discriminant power in separating five tree species
of interest. In addition, the contributions of advanced textual and structural features
were also explored.

2) Classification using feature-level fusion was carried out. All possible combinations
of individual spectral, textural, and structural feature groups at feature-level fusion
were investigated and compared to enhance the understanding of the performances
of different classification schemes using the feature fusion approach. Table 4-8
summarizes all the designed feature fusion schemes.

3) Decision-fusion classification was performed, and an in-depth analysis was
conducted.

In subsequent paragraphs, features extraction, feature selection, and classification

methods (in general) are described in Sections 4.1, 4.2, and 4.3, followed by the

presentations and the three investigations mentioned above.
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Figure 4-1 Workflow of proposed object-based tree species classification.

4.1 Feature Extraction

Information on the physical and biophysical characteristics of the five species was

collected and shown in Table 4-1 to aid the extraction of suitable features for the
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classification of tree species of interest. These characteristics can be represented by spectral,
textural, and structural information exhibited in remotely sensed data, as displayed in Table
4-2. Tree species and their scientific names and the ground truth photo of an example of
each tree species are presented in the first two columns of Table 4-2. The spectral curves
of the tree crowns derived from MSI, PAN image, and LiDAR points cloud data were
shown in the third, fourth, and last columns, respectively, in Table 4-2. Based on the
characteristics of individual tree crowns shown in Tables 4-1 and 4-2, three feature

categories were derived for species classification, as described in the following sections.

Table 4-1 The biophysical characteristics of five tree species of interest.

Species of Interest Leaf and color Crown

Opposite, 5-lobed, coarsely

toothed, and pointed leaf, dark Round or oval-shaped; crown
green, large but typically wider  with sparse, dark holes

than long

Norway Maple

Wide canopy, flat-topped
Pinnately compound leaf bright  crown, spreading shaped with
green, but yellowish gold by fall angular branches, dense

clusters, fuzzy/airy crown

Honey Locust

Simple needle-like parallel leaf,  Tall columnar shaped,

Austrian Pine dark green coarse, patchy, prominent

Stiff and sharp needles attached
Blue Spruce individually and evenly to
branches, blue-green color

Pyramidal or Conical shaped,
dense crown

In open grows conical, spire-
like crown, with a rounded
top; self-pruning in dense
stands branches, coarser
branching

Short, stiff, 4-sided needles
point in every direction; bluish-
green or green in color, with a
whitish powdery, waxy layer

White Spruce

43



4%

Table 4-2 Ground photos and corresponding spectral signature and representation in PAN and LIiDAR data of example tree

crowns delineated manually for the five species of interest.

Species
(scientific name)

Ground Photos

PAN Image 3D plots of LIDAR

Spectral Curve Points data

Norway Maple
(Acer platanoides)

Honey Locust
(Gleditsia
triacanthos)
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4.1.1 Spectral Features Derived from MSI

Different species may have different biochemical and biophysical properties,
leading to the difference in reflectance. This mainly drives the use of spectral signatures in
tree species classification. Based on previous research in the literature, the following
spectral features were extracted from WV-2 MSI to evaluate the performance of spectral
signatures in distinguishing tree species, including the mean and standard deviation of the
reflectance of individual tree crowns at each spectral band (16 in total), and five vegetation
indices consisting of NDVI, GNDVI, RNDVI, EVI, and OSAVI. Detailed descriptions of

the extracted spectral features are summarized in Table 4-3.

Table 4-3 Spectral features utilized for tree species classification (16 statistic spectral
features and five vegetation indices). py;z1 refers to reflectance in Near Infrared band-1,
Prea refers to reflectance in red band, pg,. refers to reflectance in blue band, pgreen
refers to reflectance in green band and pgeqrqge refers to reflectance in RedEdge band of
WV-2 satellite.

Feature

. Description Referenc
(Abbreviation) CSCTIPHO clerence
SpecM Average reflectance value of pixels within
pecivican a single tree crown in each spectral band
Standard deviation of the reflectance value
SpecStd among a single tree crown in each spectral
band
Normalized Difference Vegetation
‘ Index (NDVI) g (Pnir1 = Prea)/ (Pnir1 + Prea) (Rouse et al., 1974)
Green Normalized Difference (Gitelson & Merzlyak,
Vegetation Index (GNDVI) (Pnir1 = Pereen)/(Pnir1 T Péreen) 1994)

Red Edge Normalized Difference Gitelson & Merzlyak,
Vege‘%ation Index (RENDVI) (Prearage = Prea)/ (Prearage + Prea) (1994) Y
Optimized Soil Adjusted (14 0.16)(pnir1 = Prea) (Rondeaux et al.,

Vegetation Index (OSAVI) (Onirs + Preq + 0.16) 1996; Wu et al., 2014)
The enhanced vegetation index 2.5 * (pyir1 — Prep)/ (PNiR1 T+ 6 * PRea
(EVI 2754 e + 1) e (Huete et al., 2002)
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4.1.2 Textural Features Derived from High-Resolution PAN

As shown in the fourth column of Table 4-2, high spatial resolution PAN from WV-
2 exhibits significant potential to characterize individual tree crowns of different species.
PAN was used due to its high spatial resolution (0.4 m). One might argue that if MSI were
used, more information might be revealed. However, the spatial resolution of WV-2 MSI
was much lower (1.6 m) compared with PAN and thus there were not many pixels within
individual tree crowns to show meaningful textures. In this study, a set of textural features
based on statistical GLCM texture analysis and Gabor filter technique was derived from
PAN.

Twenty-two statistical GLCM texture measures were generated as a function of the
co-occurring values of neighboring pixel pairs from multiple GLCMs calculated from each
tree crown. The GLCM feature set in the current study was expanded from the original
Haralicks’ textural features. GLCMSs were created at an array of offset parameters defining
pixels’ spatial relationships that specify all four directions (0°, 45°, 90°, and 135°) with a
distance of one pixel and a number of 64 distinct gray-level. The one-pixel distance was
chosen considering the 0.4m spatial resolution to measure the detailed spatial variations of
individual tree crowns. In this case, each input tree crown is represented by GLCM vectors
in four directions, then averaged out to calculate the statistical texture features. The
computational process of these texture statistics was completed using MATLAB (Version
2020a) (The Math Works, Inc., 2020). Table 4-4 lists the description and formulas defining
22 GLCM-based textural features considered in this study. Among them, contrast,

correlationl, energy, entropy, inverse difference moment, sum of squares: variance, sum
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average, sum variance, sum entropy, difference variance, difference entropy, information
measure of correlationl, and information measure of correlation2 were formulated by
Haralick et al. (1973). Soh et al. (1999) discussed five additional features, including cluster
prominence, cluster shade, dissimilarity, autocorrelation, and maximum probability.
Correlation2 and homogeneity were computed following the formulas in MATLAB
(Version 2020a). Two modified features, inverse difference normalized and inverse
difference moment normalized, were indicated by Clausi (2002). Here, p(i, j) is the(i, j)™"
element in a normalized symmetrical GLCM, and N be the number of distinct gray-levels
in the image of a tree crown. py, i, o, and o,, are the mean and standard deviations for
the rows and columns of the matrix as defined in Eq. (4-1), (4-2), (4-3), (4-4) below. p(i)

is the i entry in the marginal-probability matrix obtained by summing the rows of p(i, j).

e =) 1xp(i)) (4-1)
Lj
by = D j*p(i)) (42)
Lj
0y = 21y — )7 *p(i, ) (4-3)
oy = (/=) +p@)) (4-4)

i,j

Table 4-4 GLCM-based textural features utilized in this study.

Feature Description Formula

Measures of the number of repeated pairs. It is

expected to be high if the occurrence of 2
Energy repeated pixel pairs is high. Also known as Z p(i.j)

Uniformity, Uniformity of Energy, and Lj

Angular Second Moment. Range = [0 1]
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Table 4-4 GLCM-based textural features utilized in this study.

Entropy

Dissimilarity

Contrast

Inverse Difference
Moment

Correlationl

Correlation2

Homogeneity

Autocorrelation

Cluster Shade

Cluster
Prominence

Maximum
Probability

Sum of Squares,
Variance

Sum Average

Sum Variance

Sum Entropy

Difference Variance

Difference Entropy

Measures of the randomness of a gray-level
distribution. It is expected to be high if the
gray levels are distributed randomly over the
image

Measure the intensity contrast between pixels’
pair over the image

Measure the intensity contrast between pixels’
pair over the image, also known as Variance
and Inertia. It is expected to be low if the gray
levels of each pixel pair are

similar

Measures of the smoothness over the image,
like homogeneity. It is high if the gray levels
of the pixel pairs are similar

Measures the linear dependence of gray levels
between the two pixels in the pixel’s pair.
High correlations result in large values. Range
=[-11]

Measures of the closeness of the distribution
of pixel pairs. It is high if the gray levels of
the pixel pairs are similar. Range = [0 1]

Measures of the joint probability occurrence
of the specified pixels’ pair

Measure of the joint bivariate skewness of the
GLCM and the weights, unequal grey-level
histogram

Measures of the groups of pixels that have
similar gray-level values

Measures of the occurrence of the most
predominant pixel pair over the image. High
occurrence of the most predominant pixel pair
leads to a large value

Measures of how the distribution of gray
levels spreads out. It is expected to be large if
the distribution spreads out greatly.

Mean values of the gray levels in the image. It
is expected to be large if the sum of the gray
levels is high in the image.

Measures of dispersion of the gray levels over
the image

Measures of the overall randomness of a gray-
level distribution over the image

Measures of the complexity and nature of
gray-level transitions over the image

Measures of the complexity and nature of
gray-level transitions over the image

N-1

= > PGP = By

i,j=0

Dli=j1+pG)

ij

N-1

N
PNIE DI
i,j=0 =1

p(,j)
a1+ i—jI?
1,j=0

N-1
INp(,J) — wxpy

i,j=0 Ox%y
N-1 | o~y i ..
z (= pmDG =y NDr(, )
&= 0,0y,
p(i,J))
1+ i -]
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> @) *p))
i,j

D) = = 1)+ p(i)

ij

D)= = )"+ p(i)
Lj
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Lj
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Table 4-4 GLCM-based textural features utilized in this study.

Information

Measures of Measures of the complexity and nature of Exy = Exy1

Correlation] gray-level transitions over the image Max{E, — E,}

IMHZI;I&?; ;O;f Measures of the complexity and nature of 1

Corrolation? gray-level transitions over the image (1 — exp[—2(Eyyz — Exy)])?
Inverse Difference 4D

1 . _ . 2

Normalized Differences between 7 and j can be normalized i,j=o0 L+ ]i—jl/N

Inverse Difference by the number of grey levels p(i,j)
Moment 7z
Normalized 56 1+(@—-/)?*/N

Thirty Gabor filters in five scales and six orientations were employed in the current
study. They were created with six orientations (0°, 30°, 60°, 90°, 120°, and 150°) and five
different frequencies in each direction. The PAN image of individual tree crowns was
convolved with each Gabor filter, resulting in 30 output images. Mean amplitude and
square energy of pixels in each output image were computed using Eq. (2-3) and Eq. (2-4)
to capture the variation of specific frequency content in specific directions. The Gabor
filter-based textural features, mean amplitude and square energy, derived from the PAN

image of individual tree crowns were added to a 60 feature vector in Table 4-5.

Table 4-5 Gabor filter-based textural features utilized in this study. SE refers to the
square energy, and MA denotes the mean amplitude.

0° 30° 60° 90° 120° 150°
SE1 | SE2 | SE3 | SE 4 SE_5 SE_6
i |MA1| MA2 | MA3 | MA 4 MA 5 MA_6
SE7 | SE8 | SE9 | SE 10 SE_11 SE_12
foo | MA7 | MAS | MAO | MA 10 | MA 11 | MA 12
SE 13 | SE 14 | SE 15 | SE_ 16 SE_17 SE_18
f3 |MA 13| MA 14 |MA 15| MA 16 | MA 17 | MA I8
SE 19 | SE20 | SE 21 | SE 22 SE 23 SE 24
fo |Ma 19| MA 20 |MA 21| MA 22 | MA 23 | MA 24
SE 25 | SE 26 | SE 27 | SE 28 SE 29 SE_30
fs | MA 25| MA 26 | MA 27| MA 28 | MA 29 | MA 30
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4.1.3 Structural Features Derived from LiDAR

As shown in the last column of Table 4-2, LIDAR point cloud data reflected the
natural arrangements of foliage and branching patterns of individual tree crowns. In this
study, five types of 3D structural features were extracted to characterize the vertical
profiles and 3D point distribution of individual tree crowns from LIiDAR point cloud data
and CHM. They are summarized in Table 4-66 and described in detail in subsequent

paragraphs.

Table 4-6 The summary of structural features derived from LIiDAR point cloud data and
CHM.

Feature type Feature notation Description Number

The proportion of LiDAR points per
. horizontal layer to the total number of
Foliage anq branch D;=1,2,..10 points within an individual tree crown, 10
density o .
considering layers along with tree
height percentiles at 10% intervals

The ratio of crown areas in each
horizontal layer to the maximum
crown area of all layers along with tree
height percentiles at 10% intervals
. Fractions of first, second, third, and
Gap distribution Dgap( J =123 4) last return pulses intercepted by 4
individual tree-crown
Statistical method to describe the
arrangement of leaf and branch using
3-D textural ~ Twelve statistical texture features 3D GLCM, characterizing the spatial

Vertical foliage

clusters ;i =1,2,..10

features based on 3-D GLCM relationship of neighboring voxels 12
with different LIiDAR point
distributions in tree crown
Hmaxr Hmeanr Hminr Hstd:
Height H]r[nax * 1‘}_} Hmax;-IHmax' Statistic measures of the absolute
information (Hmax—Hmin) /Hmasx: height information of tree crowns and 10
(HI'SItrZax;Tﬁ;nEAN)/ Hinax, the combinations with the crown area
Hmay ' A
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For the first group, the vertical distribution of foliage and branches of individual
tree crowns was investigated by features characterizing the relative LIDAR point densities
along with the vertical profile in this study, which was noted as D; features. Individual tree
segments were superimposed on LIDAR point cloud to extract 3D points for individual
tree crowns. Each crown was then divided into ten equal horizontal layers according to the
absolute height of tree crowns ranging from 1m above (the estimation of the crown base
height) the ground to the maximum canopy height. The thickness of each layer was
identical and equal to 10% of the absolute tree-crown height. D;(i = 1,2,...10) was
computed by summing the number of LiDAR points lying in the i*" layer, and normalizing
each summary using the total number of LiDAR points within the tree crown. The D;
features were developed by (Reitberger et al., 2008) and utilized in many related studies
(Hu et al., 2012; Lin & Hyyppé, 2016; Puttonen et al., 2010; Li et al., 2013). Considering
the relatively lower point density of LIDAR data used in this study, ten layers were adopted
to reveal the laser point distribution along the vertical profiles of trees.

In addition to the foliage and branch density related features mainly representing
the quantity of foliage in each crown layer, vertical foliage cluster related features ( C; )
(the second group) were employed to characterize the area of foliage and branches
occupied in each layer. These types of features are valuable for separating coniferous and
broadleaf trees since they have different spatial patterns. Broadleaf tree species tend to
spread their canopy horizontally to gain more space for sunlight than conifers. 3D LIiDAR
points of each layer were first projected onto a 2D horizontal plane to generate a convex

hull which was a convex polygon with a minimum area containing all the projected points.
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The projected area bounded by the convex hull was computed to indicate the crown area
of each specific layer. The maximum crown area within the tree crown was used to
normalize the crown area of horizontal ;" layers and compute feature denoted by C;(i =
1,2,..10).

The third feature type was extracted from four returns of the point data to describe
the within-crown gaps, and they were denoted as the gap distribution. The gap distribution
was typically identified as the proportion of the first and single returns of LiDAR laser
pulse radiation intercepted by leaves representing tree crowns. Laser pulses emitted from
a LIDAR system are reflected from the tree crown as multiple returns due to the natural
structure of trees. In general, the first return detected by the LIDAR system presents the
surface area of foliage of a tree. The intermediate returns are associated with internal tree
structure, while the last return is usually from laser pulses penetrating gaps within the tree
crown and the ground. The gap fraction is assumed to be equal to transmittance and
opposite to the foliage cover fraction. Gap distribution-related features were computed by
the following Eq. (4-5).

Doap() = 1 -2 = 123.8) (4-5)
where R(j) refers to the number of first and only returns, second returns, third returns and
last returns within individual tree crowns, respectively. Studies have employed discrete
return airborne LiDAR data to derive tree-crown structural features for various applications,
such as gap fraction and leaf area index (Heiskanen et al., 2015). The foliage cover in the
vertical direction was measured by summing the number of each return within a height

range from the treetop down to an absolute height Z; and normalising by the total number

53



of laser pulse returns. Returns lower than the absolute height of 1.5 m above ground were
discarded to eliminate signals from the understory or the ground (i.e., understory vegetation,
exposed soil, road, etc.).

Another type of structural feature derived from LIiDAR point cloud data was based
on 3D GLCM, characterizing the arrangement of tree elements, such as foliage, twigs, and
branches. They were extracted by analyzing the 3D spatial arrangement of tree elements in
the tree volume in the basis of the 3D point distribution inside the tree crown. Reitberger
et al. (2009) proposed a similar voxel-based approach to tree-crown representation with the
aim of individual tree segmentation using LIDAR data. Li et al. (2013) modified this
method for tree species classification using high-density LIDAR data. Based on these
studies, a 3D bounding box that completely contained a tree-crown volume was constructed
based on eight corner coordinates using maximum and minimum X, Yy, and z coordinates
values of LiDAR points falling within the tree crown segment. The 3D bounding box was
partitioned into an axis-aligned and regular grid of discrete cubes named voxels to apply
the idea of GLCM to characterizing the internal structure of tree crowns. The size of voxels
was determined as 0.5 m®to optimally represent the internal structural properties of trees
considering the point density of LIDAR data. The GLCM was calculated from 13 different
directions in 3D space with a voxel distance (dx = dy=d; =1 voxel) relationship between
neighboring voxels, whose values were derived from the cumulative number of LIDAR
points lying in each voxel. The choice of the distance was based on the size of the voxel
(0.5 m®). The combined calculations of all 13 space directions were averaged to represent

the general information about the internal foliage distribution of tree crowns. As a result,

54



12 GLCM-based statistical measures suggested by Haralick et al. (1973) were computed
for classifying tree species. The detailed descriptions of these features are in Table 4-4.
The last group of features was based on the LiDAR-derived CHM. Absolute height-
related features were computed at the individual tree crown scale to capture the general
structural properties of tree species. Similar to some structural features proposed by Alonzo
et al. (2014) and Aval et al. (2019), ten tree height-related features were extracted in this

study. Table 4-6 summarizes the height information-related to structural features.

4.2 Feature Selection

RFE algorithm (Guyon & Elisseeff, 2003) was employed with an RF classifier to
automatically select the most relevant and informative features from the original feature
space in this study. The feature selection was only implemented for the classification
scheme of feature-level fusion using the “caret” package with version 6.0-90 (Kuhn, 2008)
in the statistical software RStudio (Version 1.2.1335) (RStudio Team, 2018).

RFE determined the optimal feature subset based on classification accuracies of all
the possible feature combinations and feature importance ranking obtained from the RF
classifier on the training dataset. RFE fitted the RF model with the initial feature space to
rank them by importance at first and recursively eliminate the least important features
afterward. RFE re-examined the ranked features using a permutation importance measure
at each backward elimination step. This process was repeated iteratively until the optimum
number of feature subset was obtained when the highest classification accuracy was
produced. The importance of selected features was ranked and provided an understanding

of the feature contribution to the classification accuracy based on MDA in RF (Breiman,
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2001). The discriminatory power of original features extracted from multi-source remote
sensing data was preliminarily evaluated by the RFE algorithm based on the feature
importance, which indicated their contribution to the classification accuracies using the
training dataset. Furthermore, the discriminatory power of the selected features was

quantized in individual groups based on the classification accuracy using the testing dataset.

4.3 Classification Using Spectral, Textural, and Structural Features

Individually

Spectral, textural, and structural features derived from MSI, PAN, and LiDAR data
were used to classify five tree species using SVM and RF. Two cases were considered in
the current study. In the first investigation (case A), SVM and RF classification were
carried out on features individually, specifically spectral features (Table 4-3), textural
features (Table 4-4 and Table 4-5), and structural features (Tables 4-6). The original
features from each dataset were used to compute the posterior probabilities for the decision-
level fusion approach and the classification accuracies for comparisons. A summary of the
features used is listed in Table 4-7. For the second one (case B), feature selection was
implemented first, and classification was performed based on the selected features (shown
in Table 5-2) individually to calculate classification accuracies for the comparison with the
feature-level fusion approach. The importance of individual feature groups was analyzed
based on the results of the feature selection and their discriminatory powers in the
classification accuracies evaluated in the second case B. In particular, textural features were

subdivided into GLCM and Gabor filter-based features, and structural features were considered as
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CHM and LiDAR point clouds derived features to further assess the discriminatory power of

different feature types from the same dataset.

Table 4-7 Classification schemes (case A) using individual spectral, structural, and

textural feature groups.

Features Description No.
Spectral AS‘:[gtlstlc spectral features and vegetation indices in Table 71
GLCM measures in Table 4-4 and Gabor filter features in
Textural 82
Table 4-5
Structural Features derived from CHM and LiDAR point clouds 46

data in Tables 4-6

The implementation of classification with SVM and RF algorithms was performed
using “e1071” package with version 1.7-6 (Meyer et al., 2021) which is a package for R
programming that provides functions for statistic and probabilistic algorithms and
“randomForest” package (Liaw & Wiener, 2002) in the statistical software RStudio
(Version 1.2.1335) (RStudio Team, 2018). The same training and testing datasets were
used for training and validating the SVM and RF classification models. The numeric values
of feature vectors derived from individual tree crowns were first normalized to a common
scale from 0 to 1 before inputting to the classification models.

SVM algorithm classified tree species using the ‘one-against-one’ approach
(Meyer et al., 2021). A total of ten binary SVM classifiers were built since five species
classes were involved in this study. It is worthwhile to mention that four kernel types for
SVM, namely linear kernel, polynomial kernel, radial basis function (RBF), and the

sigmoid kernel were employed for the pretesting and comparison in the pretest phase.
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Based on empirical experiments, the RBF kernel was selected in SVM classification
models for the current research. The parameters, including the cost (C) and hyper-
parameter (gamma) with RBF kernel SVM classifier, should be optimized using the
training dataset to produce the best classification performance. However, using the default
parameters appeared to achieve a classification accuracy close to what was achieved
through the parameter optimization process after multiple verifications of empirical tests
using separate feature groups. Therefore, in order to increase the generalizability of the
classification model in front of multiple classification schemes, the default parameters (cost
set as 1 and gamma as the inverse of number of features) of the RBF kernel SVM classifier
were used for all the classification schemes in this study. Furthermore, the RBF kernel-
based SVM classifier computed the posterior class probabilities of each tree sample
belonging to the five tree species of interest as outputs instead of crisp class labels, which
were employed as the mass functions in the subsequent decision-level fusion approach.
Two parameters were set up for the RF classifier: the number of classification trees
(nree) and the number of features randomly sampled as candidates at each node (Muy).
Based on the experiment conducted by Maxwell et al. (2018), a large number of Niee Was
set to 500. myy was varied across a wide set of values from 6 to 12 for optimizing as
Breiman et al. (2018) suggested in the documentation of the randomForest package that
the default value of myy for classification was set to approximately the square root of the
number of features in the training dataset. The myry that delivered the minimum Out-of-Bag
error was chosen to build the classification model. Ten-fold cross-validation with three

repeats was performed to evaluate the Out-of-Bag error estimate using multiple myy on the
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training data. In RF, the final classification result was obtained by the tree species with the
majority vote. The proportion of votes predicting each sample as a specific tree species was
computed as the class-specific probabilities in the RF algorithm, enabling a soft decision
fusion. The class probabilities measuring the confidence of classification results were

output as the mass functions in the subsequent decision-level fusion approach.

4.4 Classification Using the Feature-level Fusion Approach

Feature-level fusion approach integrated spectral, textural, and structural features
for the classification using SVM and RF algorithms. The RFE algorithm was implemented
to select the most relevant features from the original features (shown in Tables 4-3, 4-4, 4-
5, and 4-6) for the classification. As detailed in Chapter 5 (Table 5-2), 60 features were
selected and contained 11 spectral, 20 textural, and 29 structural features. Based on the
selected features, all possible feature-level fusion schemes in terms of the types of features
used were investigated and compared to enhance the understanding of the relative
importance of these features and their classification performances using the feature fusion
approach. Table 4-8 summarizes all the designed feature fusion schemes. One might argue
that feature selection needs to be done for each combination of features to get the best
results. It is worth noting that it has been tried, and there was no significant difference from
the feature selection conducted for all features combined together in the results; thus, they

were not presented in this thesis.
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Table 4-8 Classification schemes using feature-level fusion approach.

Features Combination

No.

Spectral and textural features

Spectral and structural features

Textural and structural features

31

40
49

All features

60

4.5 Classification Using the Decision-level Fusion Approach

The decision-level fusion approach combined the preliminary classification results

from individual spectral, textural, and structural features derived from MSI, PAN, and

LiDAR data through the DST combination rule (Eg. (2-6)) to obtain the final classification

result. The workflow diagram in Figure 4-2 depicts the outline of the DST-based decision-

level fusion approach deployed with SVM to tree species classification.
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Figure 4-2 Workflow of the decision-level fusion approach deployed with SVM.
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Considering the independence of data sources, individual feature groups (Table 4-3,
4-4, 4-5, 4-6) without feature selection were directly utilized to build classification models
using SVM and RF algorithms, respectively, which were the same with classification
schemes in Table 4-7. The classification outputs of individual feature groups were
presented in the class probabilities instead of the predicted classes. The evidence or
confidence of preliminary classification results from individual feature groups was
quantified as numeric posterior probabilities using the improved Platt scaling method (Platt,
1999; Wu et al., 2003) in SVM and the voting of trees in RF (Breiman, 2001). For a
particular tree sample, the probability indicated the percentage supporting the belief that
the tree object belonged to a specific tree species. The posterior class probabilities from
individual classification schemes in Table (4-7) were employed as mass functions that were
further combined through the DST combination rule in Eq. (2-6) at decision-level fusion,
respectively. DST-based decision fusion combined probabilities for five tree species of
interest computed from multi-source features and arrived at a degree of confidence,
considering all the available evidence for the decision making. The most probable tree
species was ultimately assigned to a given sample based on the decision criterion of the
maximum probability.

It is worth noting that the decision fusion of probabilistic SVMs and RFs was also
performed in order to investigate the combination of evidence from different classification
algorithms. The classification result decreased slightly in comparison with the fusion using
SVMs alone. Therefore, classifications using the decision fusion approach deployed with

SVM and RF were implemented and described respectively in the current thesis.
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Chapter 5

Results and Discussion

5.1 Classification Using Spectral, Textural, and Structural Features

Individually

As mentioned in Chapter 4, classification was performed based on spectral, textural,
and structural features individually in two cases. For case A, all features were used, and
feature selection was carried out prior to the classification for case B. The classification
accuracies for both cases are shown in Table 5-1, and the selected features are presented in

Table 5-2.

Table 5-1 Classification results of individual feature groups using SVM and RF (bold

entries with the star (*) indicate the highest overall accuracy among all feature groups).

SVM RF
Feature Groups A?:XE:Z::Iy appa A?:ZE::::Iy Kappa
Spectral features 0.70 0.62 0.70 0.62
Case A [Textural features 0.76 0.70 0.75 0.68
Structural features 0.78 0.72 0.76 0.69
Selected spectral features 0.70 0.62 0.65 0.56
Case B (Selected textural features 0.74 0.68 0.72 0.64
Selected structural features 0.80* 0.74* 0.78* 0.72*

In general terms, SVM and RF algorithms resulted in similar classification

accuracies over all feature groups, although SVM outperformed RF slightly. The
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discussion in this section focuses on the results from SVM. The results showed that spectral,
textural, and structural features extracted in the current study adequately discriminated five
tree species with satisfactory classification accuracy (with an overall accuracy higher than
0.7) for both cases. In addition, there was not much difference (no more than 2%) in the
accuracies between using the original and selected features. Specifically, the overall
accuracy based on textural features decreased by 2% after feature selection, while the
selected structural features improved the overall accuracy by 2%. Nevertheless, feature
selection performed well with a significant reduction in the number of features used (Table
5-2) in this study, where 60 out of 149 features were selected. The detail of the
determination of the number of selected feature subsets and the importance of each selected
feature are discussed in section 5.2.

Table 5-2 shows that eleven spectral features from MSI were selected from the
original 21 features as informative features for tree species classification. According to the
whitepaper of WV-2, these selected spectral bands such as Red Edge, NIR1, and NIR2
bands are particularly beneficial in the discrimination between types of vegetation,
significantly aiding in tree classification. Not only the mean reflectance of individual tree
crowns in selected spectral bands were significant, but also the standard deviation and
vegetation indices were important in species classification, which were consistent with the
analysis of spectral features in the literature (Clark et al., 2005; Fassnacht et al., 2016;
Waser et al., 2014).

For the textural features, half of (11) 2D GLCM-based features were selected out

of the 22 original features. The commonly used GLCM features were significant, such as
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correlation, entropy, and information measure of correlation. However, the less employed
GLCM features, such as cluster shade, cluster prominence, and inverse difference
normalized, were also selected. Moreover, only nine Gabor filter-derived features were
selected since the original 60 Gabor filter-based textural features were extracted. It was
expected since such a large feature space was prone to the high redundancy.

For the structural features, 29 out of 44 features were selected from LiDAR point
cloud data. It made sense that these structural features were selected because they provided
the essential and complementary information of internal tree crowns for tree species
interested from the 3D perspective, of which optical images lack. However, it must be
noted that only 4 out of 12 3D GLCM-based textural features characterizing the
arrangement of foliage and branch inside individual tree crowns were selected. This was
probably related to the point density of the LIDAR used (10 points per m?). With this point
density, the number of LIDAR points within individual tree crowns was not significant,
especially for small trees. In comparison, all 10 features from LiDAR-derived CHM were
selected, which was consistent with the finding by Dalponte et al. (2012) that height-related
features derived from LiDAR data with low (0.48 points per m?) and high (8.6 points per
m?) point density performed similarly in improving the classification accuracy of

hyperspectral and multispectral imagery.
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Table 5-2 Selected features from MSI, PAN, and LIDAR data for tree species classification.

Feature

Dataset Group Selected features No. Representatives of a single tree crown’s characteristics
. Mean and standard deviation of the reflectance of tree crown at
MS| Spectral Reflectance_B4,6,7,8; SD_B2,6,7,8 11 band-2, band-4, band-6, band-7, band-8
Features EVI, GNDVI, RE_NDVI g&rgt{}rll?tlon of reflectance at different bands (EVI, GNDVI,
2D-Correlation, 2D-ClusterProminence, 2D-
ClusterShade, 2D-Entropy, 2D-
InverseDifferenceMoment, 2D-
SumVariance, 2D-MaximumProbability, 2D- ,, 2-D GLCM based texture analysis describes the variations in
| DifferenceEntropy, 2D- intensity of pixels belonging to tree crowns in PAN
PAN 'II:'exttura InformationMeasureofCorrelationl, 2D-
catures InformationMeasureofCorrelation2, 2D-
InverseDifferenceNormalized
GaborFilter-SquareEnergy Gabor filter based textural features provide robustness against
1,2,17,18,21,22,24 9 \F/’EXKIIng brightness and contrast of pixels within tree crown in

GaborFilter-MeanAmplitudel,21

Normalized number of points at horizontal layer-2,layer-3,
Density_Layer1,2,3,4,5,9 6 layer-4 using the total number of individual tree points, )
presenting the branch and foliage distribution at vertical profile

Crown area and the ratio of the crown areas to the maximum
Area, Vertical_cluster1,2,5,9,10 6 crown area at horizontal layer-1, layer-2, layer-6, layer-7, layer-
8, presenting the vertical foliage clusters at these layers

The proportion of first, second, and third returns subtracted

LIDAR Structural Gap_distributionl, Gap_distribution2, 3 from 1, presenting gap distribution within tree crown opposite

pOInt CIOUdS Features Gap_distributi0n3 to foliage covers
} ) } Measures of the 3D spatial relationship of neighboring voxels
3D-Contrast, 3D-SumMean, 3D 4 with different LIDAR point numbers in a tree crown,
ClusterShade, 3D-ClusterTendency characterizing the arrangement of foliage, twigs and branch

Max_H/Area, Max_H*Area, SD_H/Max_H,

Mean_H, (Max_H-Min_H)/Max_H, Max_H, 10 Absolute tree height statistics and the combinations with area
Mean_H, (Max_H-Mean_H)/Max_H, information

Max_H-Mean H, SD H

CHM




The contribution of the advanced textural features and structural features were
further demonstrated based on the classification accuracies shown in Table 5-3, where the
F1-score and overall accuracy of selected features in groups are detailed. F1-score was
involved in a comprehensive analysis of the classification contribution of feature groups
on each tree species. As discussed in 4.3, GLCM and Gabor filter-based textural features
and CHM and 3D LiDAR points-based features were analyzed, respectively, in Table 5-3.

Table 5-3 Classification results of case B (bold entries with the star (*) indicate the

highest F1-score for each species and feature group with the highest overall accuracy).

Norway Honey Aus_trian Blue White OA
Maple Locust Pine Spruce Spruce
SVM Classification
SF 0.87 0.71 0.69 0.58 0.49 0.70
TF_GLCM 0.91 0.67 0.65 0.68 0.54 0.71
TF_GABOR 0.80 0.38 0.69 0.40 0.60" 0.60
TF 0.89 0.70 0.74 0.72" 0.58 0.74
STF_CHM 0.90 0.70 0.74 0.54 0.49 0.71
STF_3D 0.85 0.67 0.86 0.62 0.56 0.74
STF 0.93" 0.80° 0.90" 0.67 0.53 0.80"
RF Classification

SF 0.88 0.69 0.65 0.46 0.35 0.65
TF_GLCM 0.88 0.67 0.62 0.60 0.46 0.67
TF_GABOR 0.82 0.33 0.63 0.42 0.59" 0.58
TF 0.90 0.67 0.71 0.65" 0.54 0.72
STF_CHM 0.91 0.73 0.72 0.57 0.48 0.72
STF_3D 0.88 0.70 0.82 0.61 0.53 0.74
STF 0.93" 0.77" 0.86" 0.63 0.51 0.78"

*SF: Spectral features.
TF_GLCM: Textural features based on the statistical 2D GLCM.
TF_GABOR: Textural features based on the Gabor filter method.
TF: The combination of GLCM and Gabor filter-based features.
STF_CHM: Structural features extracted from LiDAR-derived CHM.
STF_3D: Structural features extracted from 3D LiDAR point cloud data.
STF: Combined CHM and 3D structural features.
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For specific tree species classifications, each feature group exhibited different
discriminatory powers. With the highest F1-score for Norway maple, honey locust, and
Austrian pine, the structural feature group (STF) combining CHM and 3D point cloud-
based features (STF_CHM and STF_3D) was able to effectively distinguish these three
tree species in comparison with other feature groups. On the other hand, TF resulted in the
highest F1-score when separating blue spruce and white spruce. The main reason for this
is that the natural crown cross-sectional area and crown volume of these coniferous trees
affect the effective extraction of spectral features and structural features. It was worth
noting that among five tree species of interest, Norway maple showed the highest
classification accuracies using each feature group in Table 5-3. This mainly resulted from
its physical characteristics, such as wide-spreading crown and the dense foliage in
comparison with other tree species with narrow crowns or the sparse foliage. Nevertheless,
narrow crowns and needle leaves of blue spruce and white spruce limit the extraction of
expressive spectral and structural features, which resulted in a severe misclassification
between these two tree species under the spruce genus. In related studies, LIDAR-derived
structural features have also been reported to have a robust discriminatory capacity for the
identification of coniferous tree species with narrow crowns, for example, features
measuring the distributions of laser points along with the vertical profile (Li et al., 2013,
2015), statistical analysis of height information of laser points for individual tree crowns
(YYao et al., 2012), and point density of horizontal layers at particular tree heights (Lin &
Hyyppé, 2016). Nevertheless, the spectral feature group (SF) contributed moderately to the

classification of coniferous and broadleaf tree species, with the Fl-score and overall
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accuracy ranked in the middle.

For the contribution of advanced textural and structural features, according to the
overall accuracy of classification models considering all five tree species, it can be
concluded that STF_3D contributed more than STF_CHM with an increase of the overall
accuracy of 3%. The tree height-related features alone were not able to effectively separate
the tree species of interest in the study area. Caution should be made that for some cities,
different species might be planted at different times and thus the variations in height might
be resulted from the difference in age, even though this was not the case for the study area.
Except for the STF, STF_3D indicated the most significant discriminatory power in the
classifications. On the contrary, the Gabor filter feature group (TF_GABOR) contributed
the least to tree species classification. The statistical GLCM feature group (TF_GLCM)
slightly improved the classification using spectral features that consisted of commonly used
multispectral signatures and vegetation indices. Although the discrimination powers of
TF_GLCM and TF_GABOR varied greatly on classification accuracies, the textural
feature group (TF) combining them improved the overall accuracy to 0.74, which is higher
than SF by 4% and comparable to STF_3D. Besides, STF_CHM exhibited similar

discrimination power to statistical TF_GLCM with overall accuracies of 0.71.

5.2 Classification Using the Feature-level Fusion Approach

The results of the feature selection using the RFE algorithm are presented in Figure
5-1 and Figure 5-12. The RFE feature selection algorithm determined the number of
selected feature subsets according to the repeated cross-validation classification accuracies

using the training dataset. As shown in Figure 5-1, classification accuracy rises with
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increases in the number of selected features and reaches a plateau when the number of
features is 60. As a result, the optimal feature subset was selected with 60 features from

the original 149 features.

0.8

0.7 1

0.6

Accuracy (Repeated Cross-Validation)

0.5

0 50 100 150

Variables

Figure 5-1 Classification accuracies versus the number of selected features using RFE.
Figure 5-2 shows the importance ranking of selected features using the RFE
algorithm, ordering from the top to bottom as the most to least important features.
Structural features accounted for 48 percent of the selected feature subset (60 features were
selected in total). In comparison, spectral features account for 18 percent (11 features), and

the proportion of textural features is 34 percent (20 features).
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Max_H/Area 18.44
Vertical_clusterl 16.52
Reflectance_B7 15.80
EVI 15.80
SD_B7 15.17
Reflectance_B8 15.16
Reflectance_B6 15.01
Area 14.88
SD B8 14.41
RE_NDVI 1439
2DGLCM_Entropy 13.24
2DGLCM_InformationMeasureofCorrelation2 13.10
Max_H*Area 12.78
2DGLCM_ClusterShade 12.47
GNDVI 12.34
Mean_H 12.28
Density Layerl 11.95
Gap_distribution2 11.77
2DGLCM_InverseDifferenceMoment 11.65
SD_B6 11.58
Gap_distribution1 11.53
2DGLCM_InformationMeasureofCorrelationl 11.41
Density_Layer3 10.53
Density_Layer4 10.52
Max_H

SD_H/Max_H 10.33
GaborFilter_SquareEnergyl 10.29
2DGLCM_ClusterProminence 10.26
Reflectance_B4 10.12
GaborFiIter_SquareEnergyZl 9.96
2DGLCM_MaximumProbability 9.90
2DGLCM_DifferenceEntrop 9.86
2DGLCM_InverseDifferenceNormalized(INN 9.79
(Max_H-Mean_H)/Max_H 9.77
GaborFilter_SquareEnergy?2 9.51
GaborFilter_MeanAmplitude21 9.33
2DGLCM_Correlation2 9.23
Min_H 9.10
GaborfFilter_SquareEnergy22 9.03
GaborFilter_SquareEnergy18 8.84
Vertical_cluster9 8.78
(Max_H-Min_H)/Max_H 8
Gap_distribution3 8.
8
8

Selected Features

2DGLCM_SumVariance
3DClusterTendency
3DClusterShade 8
GaborfFilter_SquareEnergyl17 8.
8

GaborFilter_MeanAmplitudel O B Structural Features
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Figure 5-2 The importance ranking of selected features based on MDA in RF.
However, nine out of the top 20 most discriminative features were extracted from

MSI, although the top two most discriminative features were structural features derived
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from LIDAR data. The ratio of tree height and crown area placed the first in feature
importance ranking, followed by the vertical cluster of foliage and branch at the treetop
(the first vertical cluster). Structural features indicating crown shape, such as the ratio of
crown height to the crown area, have been demonstrated to help separate tree species since
they can capture inter-species variation in crown morphology (Lin & Hyyppd, 2016; Liu
etal., 2017; Shi et al., 2018). Seven structural features from LIDAR CHM and point clouds
data, including tree height-related statistics and 3D measures of tree elements within tree
crown, were selected among the top 20 most discriminative features. On the other hand,
only four textural features were ranked in the top 20 most discriminative features. They
were all GLCM-based statistical measures, namely inverse difference moment, cluster
shade, information measure of correlation, and entropy. Gabor filter-based features,
however, tended to contribute highly redundant information. Although spectral features
derived from MSI showed great importance for classification (Figure 5-2), they reached a
moderate classification accuracy of 0.7 in Table 5-1.

Generally, when analyzing each feature, most of the spectral features presented the
remarkable capacity to discriminate tree species, followed by structural features and
textural features. In addition, reflectance information at band7- NIR1(770-895 nm), band8-
NIR2 (860-1040 nm), and band6-Red Edge (705-745 nm) indicated greater discriminatory
power than vegetation indices except for EVI, which is consistent with related studies
(Clark et al., 2005; Fassnacht et al., 2016; Waser et al., 2014). It is worth noting that
advanced structural features held the potential for increasing the discriminatory power for

remote sensing-assisted tree species classification. They accounted for 48% of the final
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feature subset with a wide range of importance scores. Significantly, two representative
structural features with the highest importance value were placed at the top of the feature
importance ranking, as shown in Figure 5-2. Features characterizing vertical cluster and
density of foliage and branch at particular layers and gap distribution of tree canopies
discriminated tree species more effectively than 3D GLCM-based features (e.g., 3D sum
mean, 3D contrast, etc.). The importance scores of selected textural features varied widely
from top to bottom, but 2D statistical GLCM-based features had higher discriminatory
power than Gabor filter-based textural features according to the classification accuracies
in Table 5-3.

Overall, the results and discussion on the discriminatory power of multi-source
derived feature groups also demonstrated that the combination of multi-source data should
be an optimal approach to improving the tree species classification accuracy since the
classification accuracies using individual feature groups may not be adequate for many
applications in practice. This was also verified by the feature importance ranking, which
indicated that features with high importance scores for tree species classification were
extracted from different feature groups and complementary. Although the LiDAR-derived
structural feature group resulted in a promising overall accuracy of 0.8 using SVM, the
potential for investigating the effective and efficient way to integrate the multiple feature
groups confirmed the motivation of the current study of feature-level and decision-level

fusion approaches.
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Table 5-4 Confusion matrix for the feature-level fusion approach using SVM and RF.

User’s accuracy and producer’s accuracy are denoted as UA and PA, respectively.

Actual Tree Species

Tree Specie Norway  Honey Aus:trian Blue White UA
Maple  Locust Pine Spruce  Spruce (%)
SVM
Norway Maple 52 2 96.30
Honey Locust 4 48 1 1 2 85.71
Austrian Pine 2 45 2 1 90.00
Blue Spruce 1 1 26 8 72.22
White Spruce 1 1 6 19 70.37
§ PA (%) | 92.86 88.89 93.75 74.29 63.33
;’-). Overall Accuracy| 85.2%
@ | Kappa Coefficient 0.81
= RF
& Norway Maple 51 2 96.23
B Honey Locust 4 45 2 1 86.54
a Austrian Pine 1 5 43 1 2 82.69
Blue Spruce 1 26 8 74.29
White Spruce 2 2 7 20 64.52
PA (%) | 91.07 83.33 89.58 74.29 66.67
Overall Accuracy| 82.96%
Kappa Coefficient .78

The confusion matrix of the classification results using the feature-level fusion
approach is shown in Table 5-4. The overall accuracy and kappa coefficient were 0.85 and
0.81 for the SVM classification. These values were slightly lower in RF classifications
(0.83 and 0.78, respectively). In the following, the discussion is focused on SVM.
According to the producer’s and user’s accuracies in Table 5-4, the feature fusion
classification schemes led to varying performances among the five tree species. The highest

producer’s accuracy of 93.75% was achieved by Austrian pine, followed by Norway maple

(92.86%) and honey locust (88.89%). The user’s accuracies were consistent with the
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producer’s accuracies. The misclassification mainly occurred among blue spruce and white
spruce. Seven blue spruce trees were misclassified as white spruce, while eight white
spruce trees were identified as blue spruce. Tree species with wide-spreading crowns (i.e.,
Norway maple, honey locust, Austrian pine) were distinguished from those with narrow
crowns (i.e., blue spruce and white spruce) successfully with little confusion. This result
was consistent with the discriminatory power analysis on specific tree species discussed in
Chapter 5.1. The misclassification between blue spruce and white spruce was mainly due
to the fact that there were in the same genus and thus might exhibit similar properties in

the data used in this study.

Table 5-5 Comparison of classification results at the feature-level fusion using SVM and
RF (bold entries with the star (*) indicate the highest classification accuracy for

classification models).

Feature Combinations SVM RF
Accuracy Kappa Accuracy Kappa
Spectral + Textural 0.81 0.76 0.80 0.75
Spectral + Structural 0.83 0.78 0.81 0.76
Textural + Structural 0.82 0.77 0.81 0.76

Spectral + Textural

+ Structural 0.85 0.81 0.83 0.78

As mentioned in Chapter 4, classification using different combinations of features
(Table 4-8) was carried out to analyze the relative contribution of each type of features in
the species classification. The results are shown in Table 5-5. It was further verified that

SVM and RF delivered accordant classification results. The discussion in this section
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focuses on the results from SVM. Classification using the combination of spectral, textural,
and structural features exhibited the best classification performance with the highest overall
accuracy of 0.85 and kappa coefficient of 0.81, which outperformed the classification
accuracies by using individual feature groups (Table 5-1) and using any other combination
schemes in Table 5-5. Among the combinations of two types of features, classification
using the spectral and structural features achieved the best result, which increased the
overall accuracy of spectral features alone from 0.7 (Table 5-1) to 0.83. The most
significant increase in the classification accuracies indicated that structural features
significantly improved the performance of classification schemes more than other feature
groups. The results in Table 5-5 demonstrated that feature fusion approaches significantly
improved individual feature group-based classifications with various degrees of success.
Each feature group showed a complementary contribution to the classification results when

combined with different features.

5.3 Classification Using the Decision-level Fusion Approach

The confusion matrix for the classification using the spectral, textural, and
structural features based on decision-level fusion is presented in Table 5-6. The overall
accuracy and kappa coefficient were 85.65% and 0.82, respectively, using the SVM
algorithm. RF resulted in slightly lower classification accuracies (83.86% and 0.79,
respectively). Similarly, the classification results from SVM are discussed in detail.
Among five tree species, Austrian pine had the highest producer’s accuracy of 95.83%,
showing that the most number of Austrian pine were correctly classified. Norway

maple was classified with relatively high producer’s accuracy (94.64%) and user’s
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accuracy (92.98%). The miss-classification occurred between Norway maple and
honey locust. They are both deciduous and might show similar spectral, textural, or
structural features. The most miss-classification occurred between white spruce and
blue spruce. Nine out of 35 actual blue spruce trees were misclassified to white spruce
(five), honey locust (three), and Austrian pine (one), respectively. On the other hand,
ten out of 30 actual white spruce trees were misclassified to blue spruce (eight) and
Austrian pine (two). It was also noted that eight honey locust trees were misclassified
to Norway maple (four), Austrian pine (two), and white spruce (two), although its PA
and UA were both around 85%. This was mainly due to the confusion of physical
characteristics among these tree species, especially the wide-spreading crown of
Norway maple, honey locust, and Austrian pine; the sparse foliage for honey locust and
Austrian pine but dense one for Norway maple. Additional features, such as spectral
and textural features derived from Unmanned Aerial Vehicles (UAVSs) based data and
structural features derived from high-density LIDAR data, are needed to effectively
capture detailed tree elements, which contributes to distinguishing these easily-
confused tree species mainly based on the crown spread and canopy density in the

current study.
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Table 5-6 Confusion matrix for the decision-level fusion approach using SVM and RF.

User accuracy (UA) and producer accuracy (PA) were calculated as percentages.

Actual Tree Species

Norway

Honey  Austrian

Blue

White

Tree Specie Maple  Locust Pine Spruce  Spruce UA(%)
SVM_RBF
Norway Maple 53 4 92.98
Honey Locust 3 46 2 3 85.18
Austrian Pine 2 46 1 2 90.19
Blue Spruce 26 8 76.47
White Spruce 2 5 20 74.07
2 PA(%) | 9464 8519 9583 7429  66.67
(% Overall Accuracy| 85.65%
@ | Kappa Coefficient 0.82
= RF
& Norway Maple 50 3 94.34
3 Honey Locust 5 46 2 1 85.19
& | AustrianPine | 1 3 46 1 3 85.19
Blue Spruce 27 9 75.00
White Spruce 2 6 18 69.23
PA(%) | 89.29 85.19 95.83 77.14 60.00
Overall Accuracy| 83.86%
Kappa Coefficient .79

To clearly show the differences in classification accuracies of classification
schemes investigated in this study, overall accuracies and kappa coefficients obtained by
the classifications using spectral, textural, and structural features individually (Table 5-1)
and in combination at the feature-level (Table 5-4) and decision-level (Table 5-6) fusion

with SVM algorithm are compared in Figure 5-3.
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Figure 5-3 The comparison of decision fusion with other classification schemes.

Similar to feature fusion, the decision fusion approach significantly improved the
classification accuracies obtained by using individual groups of features. The overall
accuracies of classification schemes using spectral features, textural features, and structural
features respectively were increased by 8% to 15% using the decision fusion method.
Although the highest overall accuracy and kappa coefficient were achieved by the decision
fusion approach, feature fusion produced comparable results with a narrow margin. This
result is in accordance with recent studies on the decision fusion approach to tree species
classification conducted by Aval et al. (2019) and Stavrakoudis et al. (2014). On the other
hand, Hu et al. (2021) provided a mechanism to consider the uncertainties of multi-source
data in decision-level fusion and obtained better classification accuracies than feature-level
fusion using SVM. It is worth mentioning that the feature-level fusion decreased the

performance of Hyperspectral Visible Near-Infrared (VNIR) image-based classification
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(Aval et al., 2019), which might enhance the importance of the feature selection
implemented before feature-level fusion in the current thesis study.

Even though comparable classification accuracies were obtained by feature-level
and decision-level fusion, decision-level fusion showed advantages, as further discussed in
the following by analyzing the nature of the misclassifications observed in the current study.
Forty tree samples were misclassified in total, considering the classification results from
both the feature-level and decision-level fusion. Among them, 25 trees were misclassified
by both methods, eight by the feature fusion only and seven by the decision fusion only.
The misclassification mainly occurred among honey locust, white spruce, and blue spruce,
especially between blue and white spruce, as shown in the confusion matrices (Table 5-4

and Table 5-6).

Table 5-7 Classification analysis of a tree sample (white spruce) (entries highlighted in
bold are predicted tree species based on the maximum probabilities for different

classification schemes).

Tree ID: 705 SVM Based Posterior Probabilities

Classification Norway honey Aus_trlan blue white
maple locust pine spruce spruce

Spectral Feature 0.14 0.73 0.01 0.07 0.05
Textural Feature 0.00 0.01 0.00 0.64 0.35
Structural Feature 0.00 0.00 0.00 0.47 0.53
Feature-level fusion 0.00 0.00 0.00 0.47 0.52
Decision-level Fusion 0.00 0.00 0.00 0.68 0.32
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Table 5-8 Classification analysis of a tree sample (white spruce) (entries highlighted in
bold are predicted tree species based on the maximum probabilities for different

classification schemes).

Tree ID: 739 SVM Based Posterior Probabilities

Classification Norway honey Aus_trlan blue white
maple locust pine spruce spruce

Spectral Feature 0.00 0.04 0.15 0.72 0.10
Textural Feature 0.00 0.01 0.04 0.85 0.10
Structural Feature 0.00 0.02 0.03 0.12 0.83
Feature-level fusion 0.00 0.00 0.11 0.41 0.47
Decision-level Fusion 0.00 0.00 0.00 0.89 0.11

The margin of a tree sample is the probability of the actual class minus the
maximum value of the other classes, and the size of the margin is a measure of the degree
of confidence in classification results. Among 40 misclassified samples, many
misclassification results were caused by the narrow margins, indicating the uncertainties
and conflicts in the classification results. Here, two misclassified examples with tree IDs
of 705 and 739 were presented in Table 5-7 and Table 5-8. As shown in Table 5-7, a white
spruce tree with the ID of 705 was correctly classified as white spruce with a marginal
difference between the voting probabilities of only 0.05, compared with the probability of
the blue spruce. On the contrary, decision-level fusion gave rise to the evidence of
misclassification as blue spruce with a larger margin of 0.36, 0.68 vs. 0.32 for the
probabilities. Similarly, Table 5-8 presents the misclassification analysis of another tree

sample with the tree ID of 739, which was misclassified by the decision fusion but correctly
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classified using feature fusion with a small margin of 0.06. On the other hand, Table 5-9
shows a positive example of the decision fusion approach. The honey locust tree with the
ID of 311 was correctly classified using feature fusion and decision fusion. It is worth
noting that the feature-level fusion approach successfully classified it with an even
negligible margin of 0.01 between the voting probabilities of 0.49 vs. 0.48 (Austrian pine).
Decision fusion enhanced the evidence of the correct classification with a slightly large

margin of 0.04, 0.52 vs. 0.48 for the probabilities.

Table 5-9 Classification analysis of a tree sample (honey locust) (entries highlighted in
bold are predicted tree species based on the maximum probabilities for different

classification schemes).

Tree ID: 311 SVM based Posterior Probabilities
Chsifiaion | Yoy boney A bhe - uhite
Spectral Feature 0.06 0.51 0.08 0.27 0.08
Textural Feature 0.00 0.14 0.85 0.00 0.00
Structural Feature 0.06 0.47 0.46 0.00 0.00
Feature-level fusion 0.03 0.49 0.48 0.00 0.00
Decision-level Fusion 0.00 0.52 0.48 0.00 0.00

Even though feature fusion delivered successful classifications for these tree
samples, the confidence in classification accuracy is fairly weak, and the classification
might be unreliable. Predicted tree species was ultimately assigned to a given tree sample
based on the maximum probability for voting, even though the value might not be

significantly different between two different species, which made the classification method
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not robust, especially in the presence of noise added inherently by the sensors and image
processing techniques. As shown in Tables 5-7, 5-8, and 5-9, the information provided by
individual feature groups is often imprecise and uncertain due to the inherent conflicts
among remote sensing data sources. For example, the white spruce tree was misclassified
as honey locust with the probability of 0.73 and blue spruce with 0.64 using spectral
features and textural features, respectively. It was indisputable that multi-source features
are complementary as discussed in previous sections because sensors measure different
physical properties of individual tree canopies. DST-based decision fusion approach in this
study provided an effective method to combine the evidence measures from the
complementary multi-source data and produced satisfactory results. However, the current
method did not weigh the importance of different evidence pieces for identifying specific
tree species. Hence, advanced decision rules for the decision fusion approach should be
investigated in depth to adequately represent tree crowns while reducing imprecision and

uncertainty.
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Chapter 6 Conclusions and Future Work

In this thesis research, a DST based decision fusion approach was developed to
classify five tree species at the tree crown level, specifically Norway maple, honey locust,
Austrian pine, blue spruce, and white spruce, using spectral, textural, and structural features
derived from MSI, high-resolution PAN, and LIiDAR data, respectively. Mass functions
corresponding to each feature group were determined based on the posterior probability
calculated using SVM and RF algorithms, and they were combined using the Dempster
Rule of combination in the decision fusion approach. When tested on the independent
testing dataset, the overall classification accuracy was 86% and a kappa coefficient of 0.82
using SVM, which significantly improved the classification schemes using individual
feature groups by 8% to 16% (spectral features for 70% and 0.62, textural features for 76%
and 0.7, and structural features for 78% and 0.72), and slightly outperformed the commonly
used feature fusion approach. In-depth analyses were also carried out to systematically
explore various classification schemes combining multi-source features to identify tree
species.

Advanced textural and structural features were extracted from respective PAN and
LiDAR data, in addition to spectral features derived from MSI. The contribution of spectral,
textural, and structural features to individual tree species classification was
comprehensively analyzed based on the feature selection results and SVM and RF
classification accuracies. The components of top features selected by the RFE algorithm
demonstrated the complementarity of structural, textural, and spectral features in tree
species classification. Nevertheless, a higher percentage of spectral and structural features
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were at the top of the feature importance ranking than textural features. It is worth noting
that GLCM-based features such as cluster shade and inverse difference moment exhibited
significant importance in tree species classification even though they had been rarely
employed in the literature. The classification results from SVM and RF showed that
structural features were beneficial to the identification of tree species with widespread and
dense tree crowns, such as Norway maple and honey locust, while textural features
improved the classification of coniferous tree species with sparse needle leaves and small
crowns such as blue spruce and white spruce. Structural features as a whole showed the
most significant discriminatory power in the classification of five tree species, followed by
the textural feature group. Although spectral features indicated great importance in feature
importance ranking, they delivered the lowest overall classification accuracy. In particular,
GLCM-based textural features contributed more than Gabor filter-derived features,
whereas the 3D point distribution-related structural features were more important than the
CHM-derived features.

The SVM algorithm performed consistently with RF for feature-level and decision-
level approaches in the current study, although SVM showed a marginal improvement. A
detailed analysis of the classification results revealed the potential of decision-level fusion
in comparison to the feature-level fusion in tree species classification based on multi-
source remotely sensed data. The information provided by individual feature groups was
often imprecise and uncertain due to the inherent conflicts among multi-source data, which
caused the low confidence in the classification results using feature fusion. DST-based

decision fusion approach considered the uncertainties by quantifying the class probabilities
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from individual feature groups and provided an effective method to combine the measures
of evidence from the complementary multi-source data. Moreover, the decision fusion
strategy based on DST holds the potential to continually improve the performance of
individual tree species classification, along with comprehensive decision rules and
advanced features from developed remote sensing data in the future. Therefore, the
decision fusion strategy is recommended for multi-source remotely sensed data-assisted
tree species classification.

Although the proposed classification framework effectively improved tree species
classification using MSI, PAN, and LiDAR data, they can be further developed based on
the following future considerations.

(1)  The number of species types investigated was limited to five in the current
study. In Toronto or other neighboring cities, there are numerous other tree species, such
as bur oak (Quercus macrocarpa), sugar maple (Acer saccharum), white cedar (Thuja
occidentalis), and sand basswood (Tilia americana), which dominate or co-dominate urban
forests. It would be of interest to include a wide range of tree species over larger areas in
future research. Caution should be made that the developed method was data-driven, and
even though the framework/workflow established in this study can be used to other areas,
the selected features might not be directly applied. Moreover, the classification results of a
few trees are with high uncertainties reflected from the posterior probabilities generated by
feature and decision fusion approaches. Trees near roads and paths are usually subject to
salt, landscaping, and human interference more than those that are distant, which also

increases the uncertainty for tree species classification. Tree species classes including a
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two-species or a three-species compound class, and even an "unknown™ class may reduce
the confusion errors in other species classes, which contributes to the improvement of
classifications.

(2 Additionally, the complementary features from multi-source remote sensing
data have been proved to be beneficial for distinguishing tree species. However, the severe
misclassification among specific tree species such as blue spruce and white spruce in this
study also indicated that additional robust information is needed. Very high spatial
resolution imagery acquired by Unmanned Aerial Vehicles (UAVs) and very high-density
LiDAR data are capable of deriving detailed spatial and structural features to improve the
classification accuracy of confusing tree species under the same genus, such as the spruce.
Moreover, it is worth noting that the mismatch of the acquisition of multi-source remotely
sensed data is an important factor to take into consideration when extracting multi-source
features. LIDAR data used in the current study was under leaf-off condition, it would
benefit the classification performance if both leaf-off and leaf-on LiDAR data were
available.

(3) The DST-based decision fusion approach effectively combined the
measures of evidence (probability masses in this study) from multi-source remote sensing
data. Nevertheless, when significant conflicts and incompatibilities exist among the
evidence, the Dempster rule combining the available evidence may result in counter-
intuition decisions (Hu et al., 2021). The current method examined the uncertainties in
classification results caused by conflicts among feature groups through the

misclassification analysis; however, the contribution of different pieces of evidence from
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multi-source to specific tree species was not weighed. Based on the current study, the
decision fusion approach employing alternative combination rules or comprehensive
solutions can be further explored for future considerations to deal with classification
uncertainties due to the conflict information from multi-source remotely sensed data.

4 In the current study, tree samples were manually delineated to avoid the
impacts of the segmentation results on the feature extraction and thus classification
performance. In future study, automatic individual tree crown (ITC) delineation will be

added to the proposed workflow to make the tree species classification fully automatic.
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