Estimation of Biophysical Parameters of Tropical Forest Using
Optical and LiDAR Remote Sensing Techniques: A Case Study
from Western Ghats of India

Thesis Submitted to the
Cochin University of Science and Technology
in Partial Fulfilment of the Requirements for the Degree of
Doctor of Philosophy
in
Environmental Science

Under the Faculty of Environmental Studies

By

INDU.I
REG. NO. 5054

SCHOOL OF ENVIRONMENTAL STUDIES
COCHIN UNIVERSITY OF SCIENCE AND TECHNOLOGY,
KOCHI-682022, KERALA, INDIA

March 2019



“Estimation of Biophysical Parameters of Tropical Forest Using Optical and LIDAR,
Remote Sensing Techniques: A Case Study from Western Ghats of India”

Ph.D. thesis in the field of Environmental Science

Author:

InduI

Research scholar,

School of Environmental Studies,

Cochin University of Science and Technology,
Kochi-682 022, Kerala, India.

email: indupvm@gmail.com

Supervising Guide:

Dr M.V, Harindranathan Nair,

Associate Professor,

School of Environmental Studies,

Cochin University of Science and Technology,
Kochi-682 022, Kerala, India.

email: harinathses@gmail.com

Co Guide:

Or. R, Jaishanker,

Professor,

C V Raman Laboratory of Ecological Informatics,

Indian Institute of Information Technology <L Management — Kerala,
Technopark Campus, Kariavattom (PO),

Thiruvananthapuram-695 581, Kerala, India.

email: jrnair@gmail.com

March 2019



The fire of Knowledge burns all karmas into ashes - B/Jagavat Gita

DeJimteJ to my 'Y’especteJ teachers, beloved Fami|q and dear Fwiean






(Gerifcate

This is to certify that this thesis entitled “Estimation of Biophysical Parameters
of Tropical Forest Using Optical and LiDAR Remote Sensing Techniques: A Case Study
from Western Ghats of India” is a bona fide record of research carried out by
Mrs. Indu. I, Reg. No: 5054, under our guidance, in partial fulfilment of the requirement
of the degree of Doctor of Philosophy in Environmental Science under the Faculty of
Environmental Studies, Cochin University of Science and Technology and that no part of
this work, has previously formed the basis for the award of any degree, diploma,
associateship, fellowship or any other similar title or recognition. Al the relevant
corrections and modification suggested by the audience during the pre-synopsis seminar
and recommended by the Doctoral Committee of the candidate has been incorporated in

this thests.

Dr. M.V Harindranathan Nair, Dr. R, Jaishanker,

Associate Professor &l Supervising Guide, Professor & Co- Guide,

School of Environmental Studies, C V Raman Laboratory of Ecological
Cochin University of Science and Technology, Informatics, Indian Institute of
Kochi -22 Information Technology <

Management — Kerala,
Thiruvananthapuram 695 581

Place: Kochi
March 2019






Declaration

I hereby declare that the thesis entitled “Estimation of Biophysical
Parameters of Tropical Forest Using Optical and LIiDAR Remote Sensing
Techniques: A Case Study from Western Ghats of India” is based on the
original work done by me under the guidance of Dr. M.V Harindranathan Nair,
Associate Professor, School of Environmental Studies, CUSAT and under the
co-guidance of Dr. R. Jaishanker, Professor, Indian Institute of Information
Technology & Management -Kerala (I1ITM-K), Thiruvananthapuram in partial
fulfilment of the requirement of the degree of Doctor of Philosophy, under the
Faculty of Environmental Studies, Cochin University of Science and
Technology and that no part of this work has previously formed the basis for the
award of any degree, diploma, associateship, fellowship or any other similar title

or recognition.

Kochi-22, Indu |
March 2019






” Acknowledgement ||

Al acclamation and appreciation are for Bhagavan Narayana who is the creator of
the universe and bestowed the human with Rnowledge and wisdom to search for its secrets.
This thesis is the result of the support of some people and organizations whom I believed to be
different forms of Bhagavan. Their roles and contributions throughout my research are highly
appreciated. This column is dedicated to all of them.

I am expressing my utmost gratitude to my supervising guide Or. M V Harindranathan
Nair, Associate Professor, School of Environmental Studies, Cochin University of Science and
Technology (CUSAT) for guiding my work, giving critical and constructive comments and
corrections of the manuscripts within a short time. I am indebted to his immense guidance and
encouragement, and he is always optimistic about my work, which constantly boosts my
confidence. I am expressing my sincere thanks to sir, for always there to motivate, support and
guide me with great affection and positivity throughout my Ph.D.

My utmost gratitude is extended to my co-guide Dr. Jaishanker. R, Nair, Professor,
C V Raman Laboratory of Ecological informatics, Indian Institute of Information
Technology and Management-Kerala (IIITMXK) for his guidance, valuable suggestions,
motivation and a Reen interest in my work, I am deeply indebted to him for the positive
attitude, the prompt responses, critical comments on the manuscripts and continuous support.
I am expressing my sincere thanks to sir, for always there with his valuable guidance and
immense support throughout my Ph.D.

I am expressing my sincere gratitude for the guidance, support, encouragement,
patience, and blessings of Dr. Rama Rao Nidamanuri, Associate professor, Indian Institute of
Space Science and Technology (11ST), Thiruvananthapuram. I cannot thank him enough and
will always remember the incredible support all through by spending countless hours on my
research and revising my manuscript very patiently and carefully. I am also expressing my
gratitude to him, for providing the data sets (Terrestrial Laser Scanned LiDAR, data,
AVIRIS-NG imagery and the required ground measurements for the study site) for the

research.

Sincere thanks to the School of Environmental Studies, Cochin University of Science
and Technology, for providing me with facilities for carrying out the research. 1 am also
thankful to Dr. V. Sivanandan Achari, Director, School of Environmental Studies (SES) for
the academic support, encouragement and the facilities provided to carry out the research
work, at the Institute. I express my profound gratitude to Dr. Santhosh K, R., Associate



Professor, Department of Atmospheric Sciences, CUSAT, for his valuable suggestions as a
Doctoral Committee member as well as the subject expert. A special thanks to Or.Rajathy
Stvalingam, Associate Professor, for her generosity, Kindness, and support showered upon me
for the last three years when she was the director by motivating and giving me the insight to
finish the research in time. Sincere gratitude to, Dr. E.P. Yesodharan, Dr. Suguna
Yesodharan, Dr. M. Anand, Dr. Ammini Joseph and Dr. I § Bright Singh for their
encouragement and support during this Ph.D. I express my thanks to Professor V.P.N
Nampoori, School of Photonics CUSAT, for rendering the research methodology classes.
Sincere thanks to my colleagues Ms. Anjana N. S, Mr. Sajith, Dr. Chitra S V, Mr. Amarnath
and to my friends Samitha K A, Chandini P K, Vidhya, Ambily., Vijesh, Rajeswari, Gayatri
and Balamurali who are the research scholars at CUSAT. Sincere thanks to all staff members
of SES, Librarian of SES, administrative staffs and librarian of CUSAT.

I am expressing my acknowledgment and thanks to Kerala State Council for Science
Technology and Environment (KSCSTE) for funding and supporting the research in the form
of fellowship. Sincere thanks to Dr. Sarika A R, Scientist, KSCSTE, for all the support.

I acknowledge the facilities provided by Indian Institute of Information Technology
and Management Kerala (IIITMXK). I am expressing my deep sense of gratitude to Prof. Saji
Gopinath, Director, IIITMXK, Dr. Saroj Kumar V, Scientific Officer and my colleagues Mr.
Sooraj NP, Ms. Athira K, and Mr. Sajeev C Rajan of C V Raman Laboratory of Ecological
informatics. Sincere thanks to my friends Aiswarya, Anitha, Vidya Vinodini, Resmi and
Aparna, all staff members and librarian of IIITMXK, My sincere thanks to Mr.
Radhakrishnan I, Assistant Professor, III'TMK for the support.

I acknowledge the facilities provided by the Department of Earth and Space Sciences,
Indian Institute of Space Science and Technology (11ST), for providing me with facilities and
the data necessary for the research. Sincere thanks to Dr. V' K Dadhwal, Director, 11ST for
giving me all the support. I am deeply indebted to Dr. Ramiya A M, Assistant Professor for
her constant support, encouragement. Special thanks to Manohar Kumar, Divya and
Aswathy and all other staffs of Department of Earth and Space Sciences, I1I1ST. Special
thanks to Or. Sooraj R and Dr. Vineeth B S, Assistant Professors of Dept of Avionics, IIST
for all their support and encouragement.

Special thanks to the United States Geological Survey (USGS) and National Snow
and Ice Data Center (NSIDC) for providing the data sets (Landsat ETM+, Sentinel 2,
Landsat 8 OLI and GLAS data) for the research. Special thanks to Mr. Greg Deemer and Mr.
Sam O” Donnell from NSIDC user services, the University of Colorado for clarifying my
doubts regarding GLAS data and by sharing good literature. I am expressing my thanks to



Dr. J B Sharma, Professor, University of North Georgia and Dr. Sagar S Deshpande,
Assistant Professor, Ferris State University for their motivation and encouragements. Special
thanks to Mr. Ravichandran Kaushika and his wife Mrs. Vijayalakshmy for their friendship
and support. Sincere thanks to Dr. A. Sabu, Associate Professor, Kannur University, Dr.
Suresh George, Associate Professor, Coventry University, UK and Dr. G.Rajasekhar
Assistant Professor, the University of Madras for their support and encouragement. Special
thanks to my friends Ujjwal Singh and Irshad for their support.

Special and sincere thanks to two important persons, Mrs. Vijayalakshmy for her
warmth, friendship, encouragement, blessings, and hospitality during this Ph.D. and
Mrs. Mini ShanRar, for always welcoming, motivating, blessing and encouraging me to finish

my Ph.D. in time.

Special thanks to Syam lal and Binoop Kumar of Indu photos for the DTP and
binding of the thesis in time with perfection and sincerity.

I am expressing my deepest gratitude to my parents, brother, and parents in law for
their encouragement, blessings, and support. The utmost affection, prayers and immense
blessings of Sasikala, gives great strength to me. Special thanks to my friends Sudeesh M,
Madhanan Kumar and Sanish Kumar for their support. Deepest gratitude to my spiritual
motivator and dearest friend Suneesh M for his continuous encouragement and motivation.

Finally, I am much obliged to my beloved husband Pradeep V M, who is my dearest
friend and my loving son Siddharth @ for their great support throughout my life. I would also
like to express my heartfelt appreciation for their company, tolerance and a great help during
this learning experience. I thank him and my little son for sitting next to me and supporting
me, and they sacrificed the most so that I can complete my Ph.D.

Finally, but foremost to Bhagavan Narayana, who is always with me in the form of
all the above loving persons to complete the task assigned to me.

Indu I






" Abstract ||

Periodic estimation of biophysical parameters is important for
understanding the functioning and productivity status of forest ecosystems.
Remote sensing methods using both multispectral and hyperspectral imagery
has been traditionally applied for broad-scale characterization of the forest
ecosystem. Some of the successful applications of multispectral imagery include
identification of forest types, assessment of forest health status, landscape-level
biodiversity etc. Given the contemporary demands of governments to make the
forest inventory dynamic and at high resolution, reflecting the actual tree species
diversity and biomass as part of the carbon sequestration, it is necessary that
tforest ecosystem is characterized with emphasis on the vertical structure of
forest tree stands. Due to the spatial sampling and the operation of sensors in the
optical electromagnetic spectrum, multispectral remote sensing data is not a
reliable source for characterizing vertical structural attributes of the forest
ecosystem. However, multispectral remote sensing technology is very reliable
tor species discrimination and biophysical characterization of the forest
ecosystem. LIDAR (Light Detection and Ranging) is an evolving remote sensing
technology which has the capability to provide base data on the vertical
structural attributes of landscapes. The discrete LIDAR pulses which can
penetrate through the gaps between the canopy can also be helpful in addressing
the type and spatial distribution of forest undergrowth. By its virtue, LIDAR
remote sensing can reliably offer the ability for the structural characterisation of
forest ecosystem. However, discrete LIDAR remote sensing has serious
limitations in providing discriminating ability to forest species characterisation
and tracking the biophysical attributes which depend on the interaction between
optical electromagnetic radiation and various biophysical plant pigment at the
leaf level. A comprehensive biophysical and structural characterisation of forest
ecosystem, therefore, requires combined usage of optical and LiDAR remote

sensing data.

There have been a good number of studies on the combined use of optical
and LiDAR point cloud in a typical homogeneous forest ecosystem globally.
However, the potential of this combination of optical and LiDAR point cloud for

structural, biophysical characterization in a complete forest ecosystem such as



Western Ghats of India has not been addressed. Therefore, this study examines
the potential of optical imagery and spaceborne LiIDAR point cloud for
structural as well as biophysical characterization of two important forest

ecosystem in Western Ghats of India.

Common to many remote sensing applications of forest inventory
surveys, field measurements of various tree attributes are a time consuming and
exhausting work in forestry. Users often require operating multiple instruments
at each measurement site for the collection of different types of data. While these
exercises are manageable in the case of small scale forestry, it is proved to be
expensive and time-consuming for covering large sites of forestry. Terrestrial
Laser Scanner (TLS), a LIDAR instrument which is operating on ground-based
platform, which can provide 3D LiDAR point cloud, is emerging as a promising
tool for acquiring survey quality data on various stand and tree level attributes.
This data from TLS, in principle, can be an alternative source for the collection
of reference data simultaneously and graphically across large forest landscape.
However, there are no algorithm available for the direct interpretation or
processing of TLS data for the estimation of tree parameters such as Leaf Area
Index (LAI).

The specific objectives of this study are 1) estimation of biophysical
parameters across Mudumalai and Sholayar forest by the integration of
spaceborne LIDAR data and multispectral imagery 2) 8D tree reconstruction
and biophysical parameter estimation in Mudumalai forest using Terrestrial
Laser Scanner and development of an algorithm for the direct estimation of LAI
from TLS point cloud and 3) estimation of biophysical parameters from AVIRIS
hyperspectral data by integration with LiDAR point cloud.

The methodology used in the research includes pre-processing of the
optical imagery, both multispectral (Landsat ETM+, Landsat-8 OLI, Sentinel-2)
and hyperspectral (AVIRIS-NG), and retrieval of parameters from both
spaceborne (ICESat GLAS) and Terrestrial Laser Scanner LiDAR point cloud.
From the spaceborne GLAS point cloud, Digital Elevation Model and Digital
Surface Model for two regions are derived, thereby obtaining the Canopy Height
Model. Various spectral indices and biophysical parameters are obtained by

combining the optical multispectral and hyperspectral imagery at the feature



level. Classification and modeling of various structural and biophysical
parameters (biomass, canopy height, canopy density, Leaf Area Index, Diameter
at breast height) have been successfully done using the combined data. Based on
spatial variation and correlation of the geometric attributes from LiDAR point
cloud and optical imagery, understory vegetation height is also estimated. The
results obtained are validated using field measurements acquired simultaneously
and using various statistical metrics. A very strong correlation between
estimated and measured biophysical parameters has been observed. The results
indicate strong correlation (R?= 0.98, R2=0.97) for the canopy height, (R?= 0.97,
and R?=0.96) for the biomass with the ground measurements of Sholayar and

Mudumalai forest region respectively.

Similarly, using the combination of Sentinel-2 and LiDAR point cloud,
the strong correlation for biophysical parameters is obtained. Combining
hyperspectral imagery with LIDAR point cloud, a strong correlation is obtained
on validation with ground measurements. The height of understory vegetation
ranging from 1 m to 5 m which is estimated from LiDAR point cloud is
comparable with the field estimated height reported in these forests. The
proposed algorithm for the direct estimation of LAI seems to offer stable
performance when compared with the field measurements values. The key
teatures of the research include the potential to estimate understory vegetation
height using spaceborne LiIDAR point cloud and the direct estimation of LAI by
the newly developed algorithm from TLS LiDAR point cloud data which have
not yet been explored. Apart from these, the understory forest ecosystem can be
studied using the fused data sets, whereas the height of the understory can also
be estimated. The overall study offers prominent application of LIDAR and
optical remote sensing including hyperspectral data for effective retrieval of
biophysical and structural parameters of the forest ecosystem in Western Ghats

of India.
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1.1 Theme Introduction

Forests, the lungs of our planet and the green gold of a country are
essential to life on Earth. Forests play a vital role in the environment by releasing
oxygen, by locking up the vast amount of carbon, controlling the water cycle,
providing sustenance, fuelwood, medicines and maintenance of biodiversity. The
epics Yajurveda, Matsya Purana, and Varaha Purana, depicted the significance
of forests which composed of the sayings ‘one tree is equal to ten sons’, and in
Charaka Samhitha, it is stated that ‘destruction of forests is taken as the
destruction of the state.” The word forest has been derived from the Latin word
Floris, which means outside and the United Nation’s Food and Agricultural
Organisation (FAO) defined forest as all lands bearing vegetation dominated by
trees of any size, exploited or unexploited, capable of producing wood or other
forest products. Forests cover about one-third of the land area of the earth, and

nearly 50% is tropical forests. In India, the total forest and tree cover is 21.54 %
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of the geographical area of the country (India State of Forest Report 2017 -Forest
Survey of India). The forest cover has been classified based on the tree canopy
density into very dense, moderately dense and open forests. The density class
wise proportion of forest is depicted in Figure 1.1. The predominant forest types
of India mainly comprise of tropical dry deciduous and tropical moist deciduous
and the distribution of forest types across India are tropical moist, tropical dry,
subtropical, temperate and subalpine forests (Reddy et al., 2015).

Forest Cover of India

Non-forest 77.06%
@ Scrub 1.4%
@ Open forest 9.18%
[ Moderately dense forest 9.38%

m Very dense forest 2.99%

Figure 1.1: Forest cover of India (Source: State of Forest Report 2017 - Forest Survey of India)

Western Ghats of India is one of the unique biological hotspot regions
of the world and is an area of high level of biodiversity. The Western Ghats
are characterized by a highly complex and heterogeneous forest ecosystem
with rich biodiversity. The forest regions include a diversity of ecosystems
with a range of woody and nonwoody tree species, stand quality, structural
evolution and stand diversity as shown in Figure 1.2. The Western Ghats
comprise of tropical wet evergreen forest with tree species like Macaranga

peltata, Terminalia paniculata, Knema attenuata, Mesua ferrea, Artocarpus
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hirsutus, etc, (Reddy et al., 2015). Forest management practices include the
description of condition and dynamics of forests ecosystems described by a set
of general characteristics including structural and biophysical parameters
(Franklin et al., 1986). Given the well-defined roles of regional governments
for dealing with climate change, periodic monitoring of forests and
understanding the structural and biophysical parameters are crucial for
effective management of forest stocks. The government has been making a lot
of efforts and initiatives to mark the ecologically sensitive areas in the
Western Ghats (Kasturirangan et al., 2013). However, the actual ecological
regions to be labeled as ecologically sensitive depends upon the existence of
the functional forest stands and associated ecological system from horizontal
and vertical spatial perspectives. Assessment of this horizontal, as well as
vertical perspective of a range of forest ecosystem at the stand level, requires
spatially continuous data discriminating the stand and the biophysical
attributes of trees at medium to high spatial resolution.

Figure 1.2: Western Ghats’ forests with thick canopy and understory
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Biophysical parameters are direct indicators of the quality, composition
and are necessary for monitoring of the forest ecosystem. Widely studied
forest structural attributes are grouped under forest stand elements like foliage,
canopy cover, tree diameter, tree height, stand biomass, tree species, overstory
vegetation, foliage density, Diameter at Breast Height (DBH), height of
overstory, biomass, standing volume, shrub cover, total understory cover, etc,
(McElhinny et al., 2005). The structural features of the forest stand are useful
for describing the forest ecosystem complexity. The guantification, mapping,
monitoring and the estimation of forest parameters are now vital issues due to
the importance of forest conservation, and also because the biomass is a
renewable energy source in many countries of the world. The estimation of
forest parameters is a challenging task, especially in areas with complex stands
and varying environmental conditions and hence requires accurate and
consistent measurement methods. In order to conserve the forest resources and
for utilizing the resources effectively, it is essential to have detailed
knowledge of its distribution, abundance, and quality. Estimation of
biophysical parameters plays a significant role in forest management and
practices. Ecological function and carbon storage capacity of forests are
significantly related to biophysical parameters. Spatio-temporal assessment of
biophysical parameters gives the possibility of understanding the spatial,

temporal and climatological aspects of the forest ecosystem.
1.2 Need for Remote Sensing Methods

Estimation of biophysical parameters over large forest areas by
traditional methods is relatively tedious, expensive and is often marred by
inaccessibility in mountainous terrains. Various ground-based instruments
used for the estimation of parameters include calipers, diameter tapes,

biltimore sticks, hypsometer, etc. However, they are limited by spatial
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coverage, speed, time lag, and availability of skilled manpower for data
interpretation. Traditional methods lead to non-probabilistic surveys and yield
unrepresentative and biased samples. Therefore, it is necessary to have an
effective and accurate method for biophysical parameters’ estimation. Also, in
India, there is a lack of national spatial databases including variations of forest
cover and natural resources at regular intervals (Roy et al., 1996). With the
advent of improved measurement capabilities and technologies, particularly
remote sensing, there is potential to improve the forest parameter estimation,
which can overcome the limitations of traditional in situ and aerial
measurements. The use of remote sensing tools as an alternative to ground

surveys ensure the possibility of sustainable of forest management practices.

Aerial photography is the oldest form of remote sensing frequently
used for assessment of forests (Gillies and Leckie 1996), but is limited by film
properties, and also is expensive, time-consuming and inconsistent. Remote
sensing can overcome jurisdictional and physical impediments in the large
area monitoring from the ground and can provide a synoptic perspective over
large forest areas as well as frequent revisits can ensure the monitoring of
temporal and spatial changes (Peterson et al., 1999). Also, remote sensing
technology can offer a multi-layered data archive that can be utilized based on
the information needs of the users. Enhanced resolutions enable the users to
extract more spatial, spectral and temporal attributes of forests. Remote
sensing is a powerful tool for acquiring information related to logging, mining
and extracting the amount of degradation using specific algorithms by the
integration of various sensors (Pithon et al., 2013). The remote sensing has the
potential to provide cost-effective estimates of biomass compared to the labor-
intensive, costly and time-consuming traditional techniques (Timothy et al.,
2016).
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1.3 Applications of Multispectral and Hyperspectral Remote

Sensing Data

Remote sensing technology has a high potential for exploring the forest
details. Multispectral remote sensing has been explored extensively for
biophysical characterization of forests across various sites (Chen et al., 1996;
Wudler, 1998; Cohen and Goward, 2004) and has been extensively used for
measuring the horizontal structure, spatial distribution of forest canopies,
stress, forest community delineation and to a limited extent, biomass (Reese et
al., 2002; Lillesand et al., 2014; Roberts et al., 2007; Dube and Mutanga,
2015; Karlson et al., 2015; Gao et al.,, 2016). Examples of various

multispectral imagery (Landsat, Sentinel) over different regions of the

Western Ghats forests are given in Figure 1.3.

Figure 1.3: Multispectral imagery: Landsat-8 OLI, IRS LISS IlI,
Sentinel-2, Landsat ETM+ over different regions of the
Western Ghats forests, India.

Several studies show that multispectral remote sensing data can be used to
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obtain some biophysical attributes at local to global scales (Wang et al., 2005;
Dube and Mutanga 2015; Cohen et al., 2001). Most of these operational
products use data from coarse resolution satellite sensors such as MODIS,
AVHRR, SPOT-Vegetation, etc., which provide standard products available at

various scales on a daily, weekly or monthly basis.
1.4 Limitations of Multispectral Data

Global biophysical products from multispectral data, which are very
useful in understanding the forest ecosystem and climate parameters at
national to global scale, are very limited in explaining the forest composition,
spatial complexity, biophysical condition at a scale which enables operational
management of forest ecosystem. Owing to this, there has been a renewed
interest in the use of moderate resolution multispectral data for forest
biophysical characterization taking the benefit of the evolving complementary
active remote sensors. The forest biophysical parameters which are mainly
driven by the physical or chemical composition of forest species can be
retrieved relatively successfully from moderate resolution multispectral data.
However, the biophysical parameters which are influenced by the vertical
structure of the stands cannot be successfully retrieved from some
multispectral data. Saturation of multispectral vegetation indices for a higher
value of LAI is widely reported (Waring et al., 1995; Carlson and Ripley,
1997; Turner et al., 1999). Biophysical parameters such as biomass and

canopy density are highly influenced by the vertical structure of forests stands.

Multispectral data are sensitive to the composition of spatial
distribution and leaf level electromagnetic radiation of plants, and hence
estimation of biophysical parameters, which are indications of plants’ vertical
structure cannot be estimated directly with multispectral data at the required
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spatial scale (Lefsky et al., 1998; Foody et al., 2001; Hudak et al., 2012).
Understory vegetation forms an integral part of land covers in a complex
forest ecosystem such as the Western Ghats. A range of plant species valuable
to maintain forest soil ecology, and species which are detrimental to the forest
and soil ecology, constitute the forest undergrowth. On the one hand, several
plant species which include economically valuable medicinal plants and other
edible herbs are widely distributed across the Western Ghats’ forest regions.
On the other hand, a substantial portion of forest undergrowth is now occupied
by invasive plant species causing enormous environmental and ecological
damage in the Western Ghats forest regions. Information on the spatial
distribution and species composition of the forest undergrowth, despite
complementary for understanding the quality of forest ecosystem, has not been
addressed using multispectral remote sensing. This can be attributed to the
lack of penetration ability of optical signal through thick canopies. In general,
multispectral remote sensing over the forest ecosystem emphasizes only
overgrowth in the forest ecosystem as the optical signals cannot penetrate
through complex and thick canopies of trees. The spatial aggregation of
reflectance spectra in image pixels are weighted spatial aggregates of materials

present within the instant field of view of the sensor is also a drawback.
1.5 Potential of LIiDAR Point Cloud

The evolution of active remote sensing technology, LiDAR apart from
high-resolution microwave remote sensing, has paved the way for theoretical
possibility of direct estimation of the vertical structure of forests ecosystem.
LiDAR is the acronym for Light Detection and Ranging. LIDAR mainly
works under the principle similar to electronic distance measuring instruments,
working on the principle of laser ranging in which a continuous or discrete

laser pulse fired from a transmitter is reflected and is captured by a receiver.
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The distance between the transmitter and the reflector (natural objects) is taken
as the time taken for the laser pulse to travel (Bachman 1979, Young 1986). A
LiDAR instrument consists of the laser scanner (high energy and directional
optical pulses) coupled with a receiver and scanning system with specialized
Global Positioning System (GPS) receivers and an integrated system of
differential GPS and, inertial measurement units which generate position and
orientation. The scanning patterns of the LIDAR systems can be zigzag,
parallel or elliptical. The most important platforms for the LiDAR
measurements are terrestrial, aerial and satellites. The incident laser pulses
interact with the earth features and are reflected, which are received by the
receiver unit. The time of travel gives the distance of the object from the
instrument and thereby obtaining the coordinates of the object. Figure 1.4

shows the working principle of LiDAR.

GNSS Receiver

GNSS Reference Station

s
= &T Roll

Inertial Measurement unit
Pitch

Laser
Scanning

Power

Emission

\\ Echoes

Time

Reception
‘ Altitude

Figure 1.4: Working principle of LIDAR
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Multiple returns of LIDAR pulses are shown in Figure 1.5. When the
laser pulse hits the target trees, the first return is the most significant return,
and in this case, the coordinates of the top of the tree are considered. The
height of the tree can be calculated by capturing the first and last returns. In

the cases of the thick canopy, last return may not be from the ground.

Laser pulse Amplitude

First return

Second return

Time
Third return

Fourth return

Figure 1.5: Example of multiple returns from a tree

LIiDAR remote sensing is a very promising technology for direct
estimation of structural parameters of forests. Unlike optical remote sensing,
LiDAR can penetrate through the plant canopy and thus enable the study of
undergrowth vegetation of the forest ecosystem. Various forest structural
parameters - canopy height, canopy volume, diameter, and even stand level
measurements can be estimated using LIDAR remote sensing data. LiDAR
data is generally called discrete points, and the data is often termed as a point
cloud. Several studies have been reported on the estimation of the structural
parameters of forests using airborne and space-borne LiDAR point cloud.
Lefsky (2002a) has addressed the direct retrieval of forest structural

characteristics using airborne LiDAR point cloud. LIiDAR point cloud can be
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used for the identification of forest structural variables (Zimble et al., 2003;
Anderson et al., 2005) and crown diameter (Dean et al., 2002). Various forest
landscape parameters such as tree height (Eggleston 2001; Mc Combs et al.,
2003; Popescu and Wynne 2004), average stand height (Naesset 1997a; Young
et al., 2000; Andersen et al., 2005), canopy cover, timber volume estimates
(Naesset 1997b, Means et al., 2000; Parker and Evans 2004), forest inventory,
forest structural characteristics and forest visualisation (Fujisaki et al., 2003;
Mitchell 2004; Fujisaki 2005) have been successfully retrieved using LIiDAR

point cloud.

1.6 Need for the Integration of LIDAR Point Cloud and Optical

Imagery

Despite its promising results in estimating structural and stand level
parameters of forest species, LIDAR point cloud is devoid of spectral
information which is complementary and crucial for understanding the
biophysical spectral characteristics of plant species. Recent developments in
the approaches of remote sensing for forest ecosystem studies suggest
integrated analysis of multispectral and LiDAR data to effectively estimate the
structural and biophysical parameters at a spatial scale commensurate with the
spatial complexity of the forest ecosystem. These studies report successful
results, but they are found to be site specific and are not appropriate in a
complex forest ecosystem like that of Western Ghats. Despite very successful
in integrating LIiDAR point cloud and multispectral data for biophysical
characterization, most of the existing studies are done in the local forests
which are of pine, dry deciduous in nature and tropical in nature towards

higher latitudes.
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Several studies report the potential of integration of optical remote
sensing and LIDAR data for an improved level of accuracy (Ghassemian et al.,
2016; Hajj et al., 2017). By combining airborne LIiDAR and Landsat imagery,
aboveground biomass was accurately estimated in forest and woody ecosystem
(Wu et al.,, 2016). Small footprint LIiDAR point cloud combined with
multispectral data has also been used for estimating plot level volume and
biomass in deciduous and pine forests (Popescu et al., 2004). These studies
report accurate results, but they are found to be site specific and not
appropriate in complex forest ecosystems such as Mudumalai and Sholayar
forest regions of Western Ghats of India. Further, the studies which have fused
LiDAR point cloud and multispectral data for the estimation of biophysical

measurements have been done for forests which are of pine, dry deciduous.

The forest composition and the structural characteristics of a highly
productive yet a global biodiversity hotspot, Western Ghats of India are
complex by species composition, terrain nature, and human interaction and
influence. The nature of forest ecosystem in the Mudumalai and Sholayar
regions of the Western Ghats of India is characterized by a large number of
woody species, nonwoody species, shrubs, and plantations. Stand-level
estimation of the structural and biophysical parameters is obligatory in the
case of such forest regions. Estimation of the structural and biophysical
parameters at a stand level for Western Ghats regions of India has not been
reported yet. The potential of integrating multispectral data with space-borne
LiDAR point cloud for estimating biophysical parameters in the Western
Ghats regions of India has not been explored yet. Further, there are no studies
which report on the possibility of height estimation of understory vegetation

using LiDAR point cloud remote sensing data.
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The presence and impact of many exotic plants like Lantana Camera,
elephant browse plants and other grass species on understory vegetation is
evident in the Western Ghats region of India. The exotic plants have a
significant impact on the growth of the different species of flora and fauna
which may even stop the tree regeneration. Lantana is found to be abundant in
areas with higher light availability at ground levels. These plants may
significantly affect the plant species assemblage as well as tree community.
Understory herbaceous plants thus prove to play an important part in the
biodiversity of Western Ghats. By estimating the growth of the plants such as
Lantana, forest managers can identify high-risk zones that should be

monitored intensively.

This study explores the potential of LIDAR point cloud in estimating
the height of understory vegetation, which will help to understand the nature

of the species growing in these forests.

1.7 Role of Ground Truth Measurements for Forest-Traditional

Ways

Generally, a lot of extensive field measurements are required for
monitoring the forest ecosystem and estimating the multiple forest parameters
including height, DBH, basal area, Leaf Area Index (LAI), and canopy cover.
Usually, large scale monitoring of forests requires extensive time and spatial
extent. In the case of a large tropical forest area, each sample is characterized
by a variety of tall, medium and small tree species along with thick understory
vegetation. Depending upon the parameters of measurements, several
instruments must be operated simultaneously to capture different parameters at
the sites (Figure 1.6).
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Instruments with
different  resolutions,
accuracy , scales to be
operated simultaneously
across various sites for
multiple parameter
estimation

Figure 1.6: Requirement of multiple instruments for ground truth
measurements (Source: Google)

In addition to time, logistical complexity and accessibilities, the
operation of multiple field equipment is a complicated job for acquiring in situ
forest canopy properties. For example, measurement of LAI using non-
harvesting litter traps and destructive sampling is time-consuming and labor-
intensive when the study area is large. Leaf area measurement tools such as
hemispherical photography, plant canopy analyzer, LAI -2000 plant canopy
analyzer, Accupar Ceptometer, can measure leaf properties with high speed
and ease but are limited by factors such as woody -to -total area ratio, leaf
clumping and illumination conditions. Remote sensing technologies have
attempted measurements of the spatial distribution of LAI using the spectral
responses from both aerial and satellite sensors. Landsat-8 OLI and Landsat-7
ETM + are compared for estimating LAI by Radiative Transfer Models (RTM)
and spectral indices based models in which the RTM proved to have higher
accuracy (Masemola et al., 2016; Quan et al., 2017). Fine resolution

hyperspectral imagery has also been used to retrieve LAI (Richter et al., 2008;
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Darvishzadeh et al., 2011). However, these methods are limited by factors
such as sensor characteristics, atmospheric constraints, overlapping and
clumping of leaves related to inclination and azimuth. In addition, most of the
existing methods are based on empirical relations between vegetation indices
such as NDVI and parameters of interest. However, the vegetation indices
values saturate after the accumulation of a certain amount of biomass in the
case of the dense canopy environments (Huete et al., 1997; Mutanga &
Skidmore, 2004). Other cases which use allometric relations, where the LAl is
estimated based on DBH and height, are also limited by the saturation effects
of indices. As a result, biomass estimates based on the spectral indices and
estimation of LAI is often erroneous (Weiss et al., 2004; Lu, 2006)

1.8 Potential of using Terrestrial Laser Scanner for acquiring
Ground Truth Data

An instrument or approach which can provide high-quality field data
estimates on multiple forest sites and tree stands is highly useful for acquiring
a vast amount of field measurements across length and breadth of tropical
forests. Here comes the role of the high-resolution terrestrial laser scanner,
which has the potential to acquire a response from individual tree components
to plot level, capturing the spatial and geometrical distributions of leaves,
branches, and trees over several hundreds of square meters of forest area.
Therefore, an approach which can model tree and plot parameters which form
part of field measurements will have the potential to replace the use of
traditional equipment for in situ measurements and enhance the speed of
acquiring in situ measurements. Terrestrial Laser Scanner (TLS) is an active
remote sensing technology that offers a potential solution for estimating

various tree parameters by rapidly extracting extremely dense three-
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dimensional structural data of forests. TLS scans an object by emitting laser
pulses and recording the subsequent intensity of the return signals which is
reflected (Figure 1.7).

Terrestrial Laser Laser pulses

Scanner

Figure 1.7: Working principle of Terrestrial Laser Scanner

The dense leaf point cloud from TLS extracts the tree properties even at
leaf level. The structural properties of leaves are obtained from the multi-
viewpoint cloud of leaves. TLS provides point cloud which contains almost all
returns recorded from leaves enabling the retrieval of leaf-spatial properties.
High-resolution TLS point cloud has the potential to acquire responses from
individual leaf to plot level, thereby capturing the spatial and geometrical
distribution of leaves, branches, and trees over several hundreds of square
meters area. TLS can model tree and plot parameters, which form part of field
measurements and have the potential to replace the use of traditional
equipment for acquiring in situ measurements and enable rapid acquisition of
in situ measurements. For long term sustainable forest management and in
understanding multifunctional forest dynamics, accurate estimates of forest
structural parameters are critical. In the case of dense and complex forest
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ecosystems, the variability, and diversity in the distribution of trees are
predominant. Discrimination and delineation of individual trees is a challenge
in the heterogeneous forests since multi-layered canopies have the crowns
connected and immensely clumped. Detailed structural information such as
height, Diameter at Breast Height(DBH), crown measurements of individual
trees and crown width play critical roles in obtaining and validating biomass,
carbon budget, and biogeochemical cycles, which are essential for sustainable

forest management and practices.

Three-dimensional reconstruction of trees is significant in forest
management for representing the complexity of the physical structure of trees,
tree architecture, topological relationship between tree entities, geometry, and
spatial display. The automatic 3D modeling of tree structures and branches is
an indispensable technology for effective forest structural measurements
including height, diameter, width, area, biomass, volume and to visualize the
trees in virtual 3D space (Omasa et al., 2008; Bournez et al., 2017). Capturing
real world trees for 3D reconstruction is an interesting and challenging task
due to the geometrical complexity of the leaves and branches. In forestry, tree
geometry is crucial for taking harvesting decisions and yield estimations.
Instead of taking direct measurements of the trees, the 3D model of a tree can
give geometric measurements accurately, quickly and automatically (Rosell et
al., 2009; Huang et al., 2011; Cote et al., 2011).

In this study, an attempt has been made to develop an approach using
TLS point cloud for three-dimensional modeling and reconstruction of trees
and proposes an algorithm for direct estimation of LAI, intended to use as a
substitute for manual field data measurements in the modeling of forest stand
parameters. The thesis presents a method for direct estimation of the LAI from

the reconstructed individual trees in the chosen tropical forest. The algorithm
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introduced provides an approach for estimating LAI using point spacing, the
height of the tree and the point density. The estimated LAI, when compared
with the ground measurements offers a good correlation validating the
applicability of the proposed algorithmic approach for LAI estimation in
tropical forests which are characterized by thick understory and a complex
heterogeneous environment. The novelty of this approach is the introduction
of point spatial density algorithm for the estimation of LAI from reconstructed
individual trees. Individual trees are reconstructed based on segmentation
algorithms implemented from point cloud library so that three-dimensional
modeling of the trees with high precision can be successfully achieved. The
individual tree crown points along with the trunk points can be extracted by
implementing segmentation approaches which explicitly model each tree in

the forest.
1.9 Significance of the Study

The integration of satellite multispectral remote sensing data with
LiDAR point cloud provides opportunities to capitalize upon the unique
characteristics of both passive and active remote sensing systems. To reduce
the cost limitations currently associated with large-area acquisitions of LiDAR
point cloud, recent studies have suggested on the integration of LIDAR point
cloud with optical remotely sensed data for estimating canopy structure
(Hudak et al., 2002; Hu et al., 2016). Limited research has been conducted to
combine LiDAR point cloud with other optical remote sensing data to estimate
LiDAR-derived forest structure using non-parametric machine learning
algorithms. Support Vector Machine (SVM) models can achieve better
performance than multiple regression for estimating canopy height and above-

ground biomass. This study aims at addressing this important methodology
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aspect for estimation of forest parameters using the medium to coarse

resolution space-borne LiDAR and multispectral data.

For acquiring extensive in situ forest canopy properties in the large area
forest ecosystem, several instruments need to be operated at the same time,
which is a strenuous job. An instrument or approach which can provide field
data quality estimates on multiple forests site and tree measurements
simultaneously is highly helpful in acquiring a vast amount of field
measurement data across the length and breadth of the study area. High-
resolution TLS point cloud has the potential to acquire a response from
individual leaf to plot level thereby capturing the spatial, and geometrical
distribution of leaves, branches, and trees over several hundreds of square
meters area in a single scan. TLS can model, tree and plot parameters which
form part of field measurements and have the potential to replace the use of
traditional equipment for in situ measurements and speed of the in situ
measurements. In this study, an attempt has been made to develop an approach
using TLS data for three-dimensional modeling and reconstruction of trees and
an algorithm for direct estimation of LAI intended to use as a substitute for

field data measurements in the modeling of forest stand parameters.

The estimation of the biophysical parameters by integration of LIDAR
point cloud with high resolution airborne hyperspectral imagery AVIRIS-NG
narrow band features can offer enhanced spectral information on integration
with LIiDAR point cloud.
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1.10 Objectives of the Work

The work attempts to estimate biophysical parameters using optical and
LiDAR point cloud in Mudumalai and Sholayar reserve forests of Western

Ghats of India. The main objectives of the research are summarized below

I. Estimation of biophysical parameters by the integration of spaceborne
LiDAR point cloud and multispectral imagery.

The work relevant to this objective is organized as being composed of

the activities involving: -
a) pre-processing of spaceborne LIiDAR data and multispectral data,

b) development of the canopy height models from the spaceborne
LiDAR point cloud,

c) delineation of structural parameters from LIiDAR point cloud,
d) integration of the data sets from active and passive sensors, and
e) extraction of biophysical parameters from the integrated data sets.

Il. 3D tree reconstruction and biophysical parameter estimation in

Mudumalai forest using Terrestrial Laser Scanner (TLS).

The work relevant to this objective is organized as being composed of

the activities involving: -
a) pre-processing of the TLS point cloud,
b) segmentation based three-dimensional reconstruction of trees,
c) extraction of structural metrics from the reconstructed trees,

d) estimation of LAI by multivariate regression of structural metrics,
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e) estimation of LAI by proposing a new algorithm called Point
Spatial Density (PSD) algorithm.

I1l. Estimation of biophysical parameters from AVIRIS-NG hyperspectral
data by integration with LIDAR point cloud.The work relevant to this

objective is organized as being composed of the activities involving: -
a) pre-processing of the AVIRIS-NG imagery,
b) integration with LIDAR data sets,

c) extraction of biophysical parameters from the integrated data sets,
1.11 Salient Features of the Work

e Attempted estimation of the height of understory vegetation with

LiDAR point cloud in heterogeneous forests.

e The integration of spaceborne LiDAR with multispectral imagery
which enhances the accuracy of forest structural and biophysical

characterizations.

e Proposed a new algorithm named Point Spatial Density algorithm
(PSD) for the direct estimation of LAI from TLS point cloud.

e Three-dimensional reconstruction of individual trees using terrestrial

laser scanned data.

e Biophysical characterization using hyperspectral imagery in the
tropical forests and integration with LIDAR for parts of Western
Ghats.
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1.12 Organisation of the Thesis
The thesis is organized into six chapters
Chapter 1  General Introduction
Chapter 2  Literature Review
Chapter 3  Study Area and the Materials Used
Chapter 4 Methodology

4.1 Estimation of biophysical parameters by the integration
of spaceborne LIiDAR point cloud and multispectral
imagery.

4.2 The biophysical parameter estimation in Mudumalai
forest region using Terrestrial Laser Scanner. (TLS).

421 Three-dimensional reconstruction of trees and
the estimation of LAI from structural metrics
using segmentation of Terrestrial Laser scanner

point cloud.

4.2.2 Direct estimation of LAl of tropical forests
using Terrestrial Laser Scanner LIDAR point
cloud.

4.3 Estimation of biophysical parameters from AVIRIS-NG
hyperspectral data by integration with GLAS LIiDAR

point cloud.
Chapter 5 Results and Discussion

Chapter 6 Summary and Conclusion

% %k %k %k %

22 Estimation of Biophysical Parameters of Tropical Forest Using Opfical and LiDAR Remote Sensing Techniques: A Case Study from Western Ghats of India -—



|_ Chapter 2

LITERATURE REVIEW

2.1 Introduction

2.2 Traditional Methods for Biophysical Parameters’ Estimation

2.3 Remote Sensing Technology for the Biophysical Carameters’ Estimation
2.4 Role of LEDAR Point (loud for Understanding Vegetation Height

2.5 Need for the Integration Approach

2.6 Need for Terrestrial LEDAR Potnt Cloud for Biophysical Parameter Estimation

——lonlents——

2.7 Chapter Conclusion

Estimation of forest structural attributes is important in planning
regional to national level forest management practices and is useful in
providing a baseline database for modeling global climate change and
ecosystem dynamics. Numerous approaches and data sources have been used
to estimate biophysical parameters. In this chapter, earlier studies related to the
estimation of biophysical parameters by the traditional methods, multispectral
and hyperspectral remote sensing, and their limitations are described. Use of
spaceborne and terrestrial LIDAR in forestry, as well as applications of
multispectral and hyperspectral imagery, are also detailed. This chapter
elucidates different methods of conventional forest mensuration along with the
advantages and limitations of conventional techniques. The limitations of the
conventional techniques lead to the development of most advanced
technologies including photogrammetry, remote sensing, LIDAR, etc. The
integration of the advanced technologies along with conventional field
measurements can be used for the accurate and effective measurement of the
forest parameters. The limitations of optical remote sensing in the estimation

of forest structural parameters lead to the application of LIiDAR in forest
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mensuration. The need for the active remote sensing along with the integration

of LIDAR with remote sensing imagery is well demonstrated in this review.
2.1Introduction

Biophysical parameters play an important role in determining
characteristics, classification as well as the condition of the forest resources,
which can lead to effective forest management based on forest ecology.
Acquisition of accurate biophysical parameters is crucial for forest inventory
studies, habitat analysis and biophysical modeling in the forest research. The
quantification, mapping, monitoring, and estimation of forest parameters are
central issues in forest conservation. Biomass is a renewable energy source in
many countries. The estimation of forest parameters is a challenging task,
especially in areas with complex stands and varying environmental conditions
which require accurate and consistent measurement methods. For conserving
forest resources and utilizing them effectively, it is vital to have detailed

knowledge of its spatial distribution, abundance, and quality.

A description of the application of optical remote sensing and its
limitations for extracting structural attributes is included in the following
sections. The application of LIiDAR point cloud compared with optical
imagery for biophysical-structural attributes as well as the need for integration
of optical and LiDAR point cloud is also described. The literature also focuses
on the need for the terrestrial laser scanner in the case of ground measurements
and its application for estimating biophysical parameters in heterogeneous

forests such as the Western Ghats.
2.2 Traditional Methods for Biophysical Parameters’ Estimation

The measurements of trees and forests coverage, in general, are

essential for the effective utilization of forest resources as well in
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understanding the development and growth of the forests. Several traditional
methods are used for estimating forest parameters such as canopy height,
diameter, biomass and canopy cover. For measuring canopy heights, laser
range finder, clinometer, measuring tape, pole, simple distance prism, etc. are
usually used (Clark & Clark, 2001; Chave, 2005; Larjavaara and Muller-
Landau, 2013). These methods require skilled, motivated and experienced
human resource for measurements (Goodwin, 2004). Traditional methods of
forest parameter estimation are effective in case of limited forest area, but
cannot be applied in large scale forest inventory which requires a periodic
update of forest data. They are too expensive, time-consuming and cannot

cover the entire and remote forests.

For measuring the diameter, instruments like dendrometer (Yoda et al.,
2000), tree calipers, tape, biltmore stick, and relaskop are usually used in the
field but the main concerns are based on the accuracy, economy, and
efficiency (Rhody, 1975). However, when the results are validated, it is
indicated that there are statistically significant variations in other related
parameters including tree volume (Binot et al., 1995; Parker and Matney
1999). Forest characteristics and measurement distance play a key role in
remote diameter measurement accuracy (Weaver et al., 2015). By using cross-
sectional photogrammetric and densitometric methods, canopy profiles can be
estimated (Maclean and Martin, 1984). The limitations of conventional
methods of forest mensuration and the need for proper integration of
traditional measurement methods with current technologies are well reviewed
by Van Laar & Akca, 2007. In some studies, field methods for sampling tree
heights for tropical forest biomass by testing different strategies of sampling
trees’ top produce locally derived models (Sullivan et al., 2018). Growing

stock variation in pure coniferous forest types of Garhwal Himalaya of
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Uttarakhand using growing stock estimation method provides valuable
information about stand biomass and carbon flux (Dimri et al., 2014). Biomass
can be estimated by means of direct methods which involve harvesting of all
the tree components and measurements of the weight of trees (Singh et al.,
1975, Bonham, 1989; Brummer et al., 1994; Nelson et al., 1999; Hashimotio
et al., 2000; Lodhiyal and Lodhiyal, 2003; Ravindranath and Ostwald, 2008;
Devi and Yadava, 2009; Vashum and Jayakumar, 2012). But this method is
time-consuming, destructive and costly. Biomass estimation can also be done
by non-destructive methods using allometric equations (Brown et al., 1997;
Hughes et al., 1999; Aboal et al., 2005). This method is species specific and is

not generalizable.

2.3 Remote Sensing Technology for the Biophysical Parameters’

Estimation

Estimation of large area biophysical parameters by traditional methods
including ground-based methods is relatively tedious. Field-based inventory is
limited by the inassessibility in large remote areas and the extreme demand of
time as well as cost. In the case of forestry, strategic and operational planning
is required for obtaining information on forest resources and management
practices. Traditional forest inventories which can extend only to some limited
spatial coverage are designed to obtain information associated with timber
harvesting and restricted only to few locations (White et al., 2016). However,
the accuracy and consistency of the measurements and interpretations along
with the high cost of the traditional field inventories are a common challenge
(Tomppo et al., 2010). In order to characterise the quality and quantity of
forests including stand structure, productivity, and composition of the forest
ecosystem, consistent and enhanced information is vital for developing and

Estimation of Biophysical Parameters of Tropical Forest Using Opfical and LiDAR Remote Sensing Techniques: A Cose Study from Western Ghats of India -_



Literature Review

improving the management strategies related to biodiversity, forest health and
biophysical parameter estimations (Listopad et al., 2015; Alam et al., 2014;
White et al., 2016). The role of remote sensing technologies is significantly
increasing in the case of forest inventories and practices since they can provide
enhanced information directly or indirectly as well as collecting forest
resource information with high spatial accuracy which can enable tactical,
strategic and operational forest planning and management (Brosofske et al.,
2014; White et al., 2016). Figure 2.1 illustrates multispectral and hyperspectral

sensors along with the imagery of each sensor.

Multispectral Hyperspectral

Landsat ETM+ Landsat 80LI AVIRIS

Figure 2.1: Multispectral and Hyperspectral Remote Sensing (Images of
sensors credit: NASA)

Role of optical remote sensing including both multispectral as well as
hyperspectral imagery in various studies for the estimation of biophysical

parameters is elucidated in the following sections.

- Esti of Biophysical P of Tropical Forest Using Opticol and LiDAR Remotz Sensing Technigues: A Case Study from Western Ghats of Indio




Chapter 2

2.3.1 Role of Multispectral Imagery

Multispectral remote sensing has been explored extensively for
biophysical characterization of forests across various sites (Chen et al., 1996;
Wulder 1998; Cohen and Goward, 2004). Moderate-resolution multispectral
remote sensing data such as Landsat ETM+, Landsat-8 OLI has been widely
used for measuring the horizontal structure and distribution of forest canopies,
stress, forest community delineation and to a limited extent biomass (Reese et
al., 2002; Roberts et al., 2007; Lillesand et al., 2014; Dube and Mutanga 2015;
Karlson et al., 2015; Gao et al., 2016). Several studies show that multispectral
remote sensing data can be used to obtain some biophysical attributes at local
to global scales. Landsat imagery has been widely used in assessing forest
health, forest phenology, estimating Net Primary Productivity (NPP), timber
volume, etc. (Cohen et al., 2001; Dymond et al., 2002; Hansen et al., 2002).
High-resolution multispectral sensors like Quickbird, lkonos, and SPOT-5
allow detailed spatial-geometrical analysis of forest parameters (Wang et al.,
2004; Kosaka et al., 2005). For example, forest health assessment using
spectral and textural information extracted from SPOT-5 satellite images
(Meng et al., 2016) has been well reported. Most of the operational products
use data from coarse resolution satellite sensors such as MODIS, AVHRR,
SPOT- Vegetation which provide standard products available at various scales
on a daily, weekly or monthly basis. For example, MODIS/ Terra
MCD15A2H version 6 MODIS provides Leaf Area Index, MYD13Al
MODIS provides vegetation indices on a pixel basis. Even though these global
biophysical products are very useful in understanding forest ecosystem and
climate influences, they are very limited in explaining the forest composition,
spatial complexity, biophysical condition at a scale which corresponds to local
to sub-regional level management of forest ecosystem, especially when the
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landscape complexity is very heterogeneous. Owing to this, there has been a
renewed interest in the use of moderate to high-resolution multispectral data
for forest biophysical characterization and taking the benefit of the evolving

complementary active remote sensors.
2.3.2 Role of Hyperspectral Imagery

Hyperspectral data has the potential to improve the applicability of
optical remote sensing in complex forest ecosystems and identification of
individual tree species along with fine spectral and spatial details (Goetz and
Landauer, 1979; Tong et al., 2014). Several studies have reported the
application of hyperspectral imagery in forestry (Martin et al., 1998; Zarco et
al., 1999; Townsend et al., 2003; Clark et al., 2005; Anderson et al., 2008;
Belgiu and Dragut, 2016). Narrow-band spectral indices which are sensitive to
both chlorophyll content and canopy structure are useful in understanding
whether the forests are healthy or stressed, forest decline, and for modelling
forest nitrogen content, and leaf development (Rock et al., 1988; Miller et al.,
1991; Sampson et al., 2003; Zhang et al., 2008; Wang et al., 2018).
Hyperspectral remote sensing sensors record spectral reflectance in very
narrow spectral bands typically 200 or more bands at a bandwidth better than
10 nm thus obtaining contiguous reflectance bands for every pixel in the scene
(Govender et al., 2007).

Hyperspectral remote sensing successfully generates species level maps
with high spatial heterogeneity and species diversity with tree species
identification. However, their application in heterogeneous forests such as the
Western Ghats is limited since they fail to discriminate structural parameters
of different tree species. The forest region is characterized by a large number

of trees with different species, age and a high degree of structural
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heterogeneity. In the Western Ghats region, more comprehensive information
regarding the structural discrimination of species as well as spectral
parameters is needed for identifying tree species. Ability to discriminate
understory vegetation species from overstory clumped groups with varying
tree heights, crown widths, multiple treetops and different degrees of canopy
overlaps are difficult using hyperspectral imagery in these types of the forest
ecosystem. Vertical canopy profile of trees is very important for assessing the

structural characteristics of individual trees of the forest ecosystem.

2.4 Role of LIDAR Point Cloud for Understanding Vegetation
Height

Understory vegetation forms an important part of land covers in a
complex forest ecosystem such as the Western Ghats. A range of plant
communities — grasses, bushes, shrubs, scrubs forms the forest undergrowth.
On the one hand, several plant species which form the undergrowth include
economically valuable medicinal plants, and other edible herbs are widely
distributed across the Western Ghats’ forest regions. On the other hand, a
substantial portion of forest undergrowth is now occupied by invasive plant
species causing substantial environmental and ecological damage in these
forest regions. Information on the spatial distribution and species composition
of the forest undergrowth, despite complementary for understanding the
quality of forest ecosystem, has not been addressed using multispectral remote
sensing. This can be attributed to the lack of penetration ability of optical
signal through thick canopies. In general, multispectral and hyperspectral
remote sensing over forest ecosystem emphasize only the overgrowth, as the
optical signals cannot penetrate through elaborate and thick canopies of trees

and also because multispectral image pixels are weighted spatial aggregates of
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materials present within the instant field of view of the sensor. Thanks to the
inherent canopy penetration ability of LIDAR remote sensing, it is in principle
possible to study the spatial distribution and structural attributes of forest
undergrowth. This, in turn, estimates the presence and impact of many
invasive understory vegetation species. In the case of the highly complex
biodiverse heterogeneous forests of Western Ghats, GLAS data is yet to be
utilized. The novelty of this study is the application of the large footprint
spaceborne waveform LiDAR data in the complex environment of Western
Ghats’ forest ecosystem. Availability of GLAS ICESat data without any cost

increases the future applicability of this approach.

While the forest biophysical parameters, which are mainly driven by
the physical or chemical composition of forest species can be relatively
successfully retrieved from moderate resolution multispectral data, the
biophysical parameters influenced by the vertical structure of the stands,
cannot be retrieved from some multispectral data, particularly parameters such
as biomass, canopy density, etc. Multispectral data is sensitive to the
composition of spatial distribution and leaf level electromagnetic radiation of
plants, estimation of biophysical parameters which are an indication of plants’
vertical structure cannot be estimated with multispectral data at the required

spatial scale and accuracy.

The evolution of active remote sensing technology LIiDAR has paved
the way for estimation of the vertical structure of forests ecosystem, which is
very promising in the direct estimation of structural parameters with the three-
dimensional structure of forests. Unlike optical remote sensing systems,
LiDAR pulses have the ability to penetrate through gaps in tree canopy and
interact with soil, and under tree surface covers thus enabling the study of

undergrowth vegetation of the forest ecosystem.
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Direct estimation of forest structural parameters including canopy
heights, canopy volume, diameter, and even stand level measurements can be
estimated using LIDAR remote sensing data. Several studies have been done
based on the estimation of the structural parameters of forests using LiDAR
point cloud. LIiDAR point cloud can be used for the identification of forest
structural variable by the direct retrieval of LIDAR structural characteristics
including crown diameter, canopy height, DBH, etc (Zimble et al., 2003;
Andersen et al., 2005; Dean et al., 2002). LiDAR point cloud can also help to
develop three-dimensional structure of forest and estimation of tree height,
canopy cover, crown width, canopy density, etc (Eggleston, 2001; McCombs
et al., 2003; Andersen et al., 2005, Means et al. 2000; Fujisaki et al., 2003) can

be accurately done.
2.4.1 Types of LIiDAR

For forestry applications, based on the type of information collected
from laser returns, LIDAR sensors can be categorized into the discrete return
and continuous, or waveform LiDAR. LIDAR sensors again can also be
categorized based on the size of the footprint of pulses or the sampling
patterns (Dubayah and Drake, 2000; Lefsky et al., 2002a; Lim et al., 2003).
The sampling method of a three-dimensional structure of forests by laser
systems are of two types, vertical sampling which depends on the number of
range samples recorded and horizontal sampling which depends on the number

and area of footprints.

Discrete return LIiDAR with small footprints (10-30 cm) which
represents the surface objects as discrete points, have various applications in
forestry (Lim et al., 2003; Naesset et al., 2004; Wulder et al., 2008; Evans et
al., 2009; Latifi et al., 2012; Maltoma and Packalen, 2014). In the case of
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discrete return LIDAR, most commonly 3-5 returns are possible and record the
pulses as separate returns with dense distribution (Flood and Gutelis, 1997,
Wehr and Lohr, 1999; Baltsavias, 1999; Lefsky et al., 2002a). Most of the
discrete return LIDAR systems are capable of estimating biophysical
parameters with high accuracy (Naesset et al., 2004; Goodwin et al., 2006;
Hopkinson and Chasmer, 2007; Magnusson et al., 2007; Orka, 2011). The
discrete return LIiDAR does not provide full details of trees’ vertical
distribution. However, the full waveform system records the entire return
signal as a continuous waveform, thereby giving complete information on
canopy structure. Common waveform LiDAR systems are Scanning LIiDAR
Image or Canopies by Echo Recovery (SLICER), Laser Vegetation Imaging
Sensor (LVIS) (Blair et al., 1999), and Geoscience Laser Altimetry System
(GLAS) (Shcutz et al., 2005). Full waveform LIiDAR system records the entire
backscattered optical intensity at regular intervals (Pirotti et al., 2014). Due to
large footprint (varying from 8 m to 70 m), the point cloud covers large areas
and thus canopy structure modeling is more efficient (Harding et al., 1994;
Means et al., 2000; Lefsky et al., 1999; Dubayah et al., 2000; Harding et al.,
2001; Parker et al., 2001).

2.4.2 Airborne LiDAR and Spaceborne LiDAR

Airborne discrete return LIDAR systems are found to be capable of
predicting the forest canopy height and structural parameters with high
accuracy (Harding and Carabajal, 2005; Popescu and Zhao, 2008). Airborne
and spaceborne LIiDAR systems are illustrated in Figure 2.2.

' Estimation of Biophysical Parameters of Tropical Forest Using Opfical and LiDAR Remote Sensing Techniques: A Case Study from Western Ghats of India



Chapter 2

Space Borne Instrument

Airborne Instrunrnt

Time

Returned Energy

Figure 2.2: Airborne LIDAR and Spaceborne LiDAR systems

Despite being very successful in forests’ three-dimensional structural
measurements, applications of airborne LIiDAR systems are limited to some
extent because of the high cost of acquisition, limited spatial coverage and lack
of processing expertise (Renslow et al., 2000; Wulder et al., 2003; 2008;
Mclnerney et al., 2010). Airborne discrete LIDAR is found to segment overstory
trees with 87% accuracy and understory trees with 67% (Hamraz and Contreras,
2017). The processing time of the voluminous data is also found to be very high
and is suitable only for a small and localized area (Duncason et al., 2010).

In many cases, airborne LIiDAR systems are discrete and are not
capable of providing a better vertical representation of canopies. Several
studies have addressed these limitations (Harding et al., 2001; Lovell et al.,
2003). It is found from earlier studies that most of the LIDAR systems can
retrieve only the local and regional scale of vegetation height measurements.
To overcome the limitations of cost as well as spatial coverage of the discrete
return data, freely available satellite-based LiDAR point cloud with global
coverage can contribute a significant role. The large footprint full waveform
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LiDAR system is capable of recording canopy and subcanopy. Whereas in the
case of discrete returns LIDAR systems, only a portion of the canopy is
recorded. Full waveform LiDAR systems with large footprint can provide
subcanopy details including height with good accuracy and reduced bias
(Naesset, 1997a). In some cases, airborne full waveform LiDAR has been used
for three-dimensional segmentation and classification of single trees with an
overall classification accuracy of about 95% (Reitberger et al., 2009).
Airborne full waveform LiDAR gives better representations of the forestry
compared to discrete return LIDAR, but systematic errors occurs based on the
accuracy of IMU/GPS systems, wind strength, etc. (Park et al., 2014).

Geoscience Laser Altimeter System (GLAS) is the first spaceborne
LiDAR on board the Ice Cloud and Land Elevation Satellite (ICESat) mission,
launched on January 13, 2003. It can digitize the backscattered waveform.
GLAS is the first polar orbiting sensor which combines high precision surface
LiDAR with a sensitive dual wavelength cloud and aerosol LiDAR (Wang &
Dessler, 2006). The operation of the ICESat GLAS is shown in Figure 2.3.

Figure 2.3: ICESat in orbit sending down its laser pulse earthward
(Image credit: NASA)
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GLAS offers global coverage by carrying three lasers orbiting at 600
km and transmits short pulses of infrared (1064 nm) and visible green (532
nm) light at a rate of 40 Hz (Zwally et al., 2002). The diameter of the GLAS
footprint is 70 m with 172 m spacing. GLAS point cloud is found to have
horizontal and vertical accuracies of 3.7 m and 10 cm respectively (Bae &
Schutz, 2002; Abshire et al., 2005). ICESat provides 15 GLAS datasets
intended for different applications. Even though GLAS was originally
designed to measure the changes in polar ice, it can be used to measure forest
canopy heights and biomass (Schutz et al., 2005). Several studies have
addressed the applications of GLAS point cloud (Chauve et al., 2008;
Reitberger et al., 2008; Rowe, 2013).

ICESat/GLAS is capable of measuring the 3D information of forest at a
global scale (Sun et al., 2004; Chen, 2010; Lefsky, 2010; Mahoney et al.,
2016). GLAS can provide an accurate estimation of forest height and biomass
as well as quantify the forest growth rate (Lefsky et al., 2002b; Rosette et al.,
2008; Sun et al., 2008; Chi et al., 2017; Hajj et al., 2017; Liu et al., 2017). The
study of global forest height using satellite laser altimetry data and the
combined use of other remote sensing data has received increased attention
nowadays (Yu et al., 2015; Wang et al., 2016). GLAS point cloud has been
used successfully for estimating the surface elevation with high accuracy and
that also helps to generate vegetation height models and biomass estimates
(Lefsky et al., 2005; Schutz et al., 2005; Wang et al., 2011; Luo et al., 2013;
Baghdadi et al., 2014). GLAS point cloud can accurately estimate canopy
height as well as the forest structural properties (Lefsky et al., 2007;
Bourdreau et al., 2008; Chen 2010; Saatchi et al., 2011; Hayashi et al., 2013;
Tao et al., 2016). Hayashi et al., 2013, developed an approach for measuring
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the forest canopy height using GLAS point cloud integrated with other LIDAR
point cloud. GLAS LiDAR point cloud is freely assessable and globally
available. GLAS point cloud can provide good prediction even for high
biomass values and can be used to produce global canopy height maps (Lefsky
2010, Simrad et al., 2011; Peterson and Nelson 2014).

However, it is clear from the literature that most of the applications of
GLAS data in forests regions have been made where the nature of forests is
pine, deciduous or plantation types and was found to be site specific. The
nature of forests in the Western Ghats is highly heterogeneous, characterized
by a large number of woody, nonwoody species, shrubs, small plantations

along with significant understory vegetation and is depicted in Figure 2.4.

‘ Heterogeneous
forests

’ Homogeneous forests

Figure 2.4: Difference between the heterogeneous forests of the
Western Ghats and other homogenous (Source: Google)
forests
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2.5 Need for the Integration Approach

Despite its promising results in estimating structural and stand level
parameters of forest species, LIDAR point cloud is devoid of spectral
information which is crucial for discriminating and assessing the spectral
biophysical characteristics of plant species. Recent developments in the
approaches of remote sensing of forest ecosystem studies suggest integrated
analysis of multispectral and LiDAR point cloud so as to effectively estimate
structural and biophysical parameters at a spatial scale commensurate with the
spatial complexity of forest ecosystem. Several studies indicate the potential of
the integration of optical remote sensing and LiDAR point cloud for improved
accuracy in tree species discrimination (Ghassemian, 2016). By combining
airborne LiDAR point cloud and Landsat imagery, aboveground biomass has
been accurately estimated in woody forest ecosystem (Wu et al., 2016). The
application of LIiDAR point cloud can be combined with optical imagery to
produce data products which can further be used for deriving various
parameters in forest ecosystem (Liu et al., 2016). Small footprint LiIDAR point
cloud combined with multispectral data has been used for estimating the plot
level volume and biomass in deciduous and pine forests (Popescu et al., 2004).
These studies report successful results, but they are found to be site specific
and are not appropriate in complex mixed forest ecosystems such as
Mudumalai and Sholayar forest regions of Western Ghats of India. Moreover,
many of the existing studies have been done in forest ecosystems which are

mainly of pine, dry deciduous in nature.

The forest composition and structural characteristics of highly
productive and biologically diverse ecological systems of Western Ghats of

India are entirely different. The nature of the forest ecosystem in the
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Mudumalai and Sholayar forest regions of Western Ghats of India is often
characterized by a large number of woody species, non-woody species, shrubs,
plantations, etc. Stand-level estimation of structural and biophysical
parameters has often been demanded for climate and carbon monitoring
activities of governments. There has been no study performed on the
integrated analysis of multispectral data with spaceborne LiDAR for
estimating the biophysical parameters and structural parameters in the Western

Ghats regions of India.

Extensive spatial distribution of many exotic plants like Lantana
Camera, elephant browse plants and other grass species as understory
vegetation in the Western Ghats region of India has been reported
(Ramaswami and Sukumar, 2011; Prasad, 2010; Hiremath and Sundaram,
2013). There are no earlier studies which have mapped the distribution or
estimating the height profile of understory vegetation. Exotic plants have a
significant impact on the growth of different species of flora and fauna which
may stop tree regeneration. Lantana is found to be abundant in areas with
higher light availability at ground levels. These plants may significantly affect
the changes in the plant species assemblage as well as tree community.
Understory herbaceous plants thus prove to play an important part in the
biodiversity of Western Ghats. Understanding the growth of the plants such as
Lantana, forest managers can identify high-risk zones that should be
monitored intensively. This thesis has explored the potential of LIDAR point
cloud for estimating the height of understory vegetation thereby indicating the

nature of the species growing in these forests.
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2.6 Need for Terrestrial LIDAR Point Cloud for Biophysical

Parameter Estimation

Usually, national/regional level monitoring of forest requires in situ
measurements, often called forest mensuration with extensive spatial coverage
at multiple time intervals. In the case of large tropical forests, each forest
sampling site is characterized by a variety of medium, tall and small tree
species along with thick understory vegetation. Generally, a lot of field
measurements are required for monitoring the forest ecosystem and estimating
multiple forest parameters such as height, DBH, basal area, LAI, canopy
cover, etc. Depending upon the parameters of interest, several instruments
must be operated simultaneously at each measurement sites. In addition to
time, logistical complexity and accessibilities, the operation of various field
equipment is a complicating job for acquiring in situ forest canopy properties.
An instrument or approach which can provide high quality field data on
multiple forest sites and tree measurements are highly useful in the case of
tropical forests (Figure 2.5). Here comes the role of high-resolution Terrestrial
Laser Scanner (TLS), which has the potential to acquire a response from
individual leaf to plot level capturing the spatial and geometrical distributions
of leaves, branches, and trees over several hundreds of square meter area.
Therefore, an approach which can model tree and plot parameters which form
part of field measurements will have the potential to replace the use of
traditional equipment for in-situ measurements and speed of the in-situ
measurements. In this study, an attempt has been made to develop an approach
for 3D modeling and reconstruction of trees as well as proposing an algorithm
for direct estimation of LAI intended to use as a substitute for measured field

data in the modeling of forest stand parameters.
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TLS can acquire
multiple forest
parameters
simultaneously which
can minimise the

. limitations of various
traditional equipments

Figure 2.5: Application of TLS compared to the usage of other
equipment (Equipment Images Source: Google)

Leaf Area Index (LAI) is one of the most important structural
parameters to model many physical processes such as canopy photosynthesis,
transpiration, carbon cycle, and nutrient cycle. It is defined as the total one-
sided area of photosynthetic tissue per unit ground surface area (Watson,
1947; Lang, 1991; Chen and Black, 1992). LAI greatly varies with species and
canopy structure and, the change in the LAI affects the stand productivity. It is
a crucial parameter which characterizes the canopy-atmosphere interface and
process-based ecosystem simulation models. Thus, periodic, accurate and
effective measurement of LAI is crucial for forest managers, ecologists and

global forest carbon modelers (Boegh et al., 2002; Luo et al., 2013).

The traditional method of LAI estimation by regression of tree height
and DBH often leads to substantial overestimation or underestimation. Several
studies have attempted retrieving LAl using TLS point cloud (Leblanc, 2002;
Danson et al., 2014; Jupp et al., 2009). In some cases, LAl is estimated based
on a 3D approach which needs direct manipulation of large point cloud
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(Hosoi et al., 2006; Takeda et al., 2008; Antonarakis et al., 2010). The 3D
point cloud is transformed into 2D raster for the estimation of LAI in several
other cases (Danson et al., 2007; Zheng et al., 2013). There are specific
approaches in which LAI estimates are based on voxel size in which accuracy
may be affected (Clawges et al., 2007; Zheng and Moskal, 2012; Cifuentes et
al., 2014; Liu et al., 2016), whereas in some instances, the sampling resolution
is assumed to be constant for mitigating the accuracy problem (Hosoi and
Osama, 2006; Seidel et al., 2012). The sampling resolution changes with the
scanning distance. Other methods for estimating LAI include point quadrant
analysis and algorithmic approaches like morphological transforms, local
surface fitting algorithm and 3D convex hull algorithms (Wilson, 1965;
Dornbusch et al., 2007; Raumouan et al., 2013; Olsoy et al., 2014). However,
these approaches cannot reconstruct the trees and isolate them in detail along
with branches and also the removal of noise effects including the occlusion

effects is a challenge.

Terrestrial Laser Scanner, an active remote sensing technology offers a
potential solution for estimating LAI by rapidly extracting extremely dense
three- dimensional structural data of trees in a forest environment. The dense
leaf level point cloud from TLS extracts the tree properties and leaves thereby
providing leaf structural properties. The structural properties of leaves are
obtained from the multi-viewpoint cloud of leaves. TLS provides point cloud
which contains returns recorded from leaves enabling the retrieval of their leaf

spatial -geometrical properties.
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2.7 Chapter Conclusion

Past studies led to the perception that there is an urgent need for
incorporating state de art technologies and techniques in forest studies like the
integration of LIiDAR and optical imagery, particularly in the case of
heterogeneous forests as seen in the Western Ghats. The applications and the
limitations of LiDAR and optical remote sensing data mentioned in the review
indicate that the integrated approach can enhance information content for
structural, biophysical characterization. The importance of terrestrial LiDAR
point cloud as an alternative for field instruments for forest mensuration in the

heterogeneous forest is also detailed in the review.
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STUDY AREA AND MATERIALS USED

! 3.1 Study Area

§ 3.2 Data Sets

§ 3.3 Software Tools used for the Analysis of Data
T 3.4 Chapter Conclusion

In order to fulfill the identified research objectives, two different
protected reserved tropical forest regions of Western Ghats are considered as
the study sites. This chapter gives a detailed description of the study sites-
Mudumalai and Sholayar in the protected tropical forests in the Western Ghats
of India. The data sets used for the study for each objective are also described.

The software used for processing is also briefly explained.

3.1 Study Area

3.1.1 Western Ghats of India

The predominant forest types in India are tropical forests, of these,
tropical dry deciduous and tropical moist deciduous are the most common
types. The area selected for this study are the tropical forests in the Western
Ghats. The Western Ghats extends from Tapti valley in north India to
Kanyakumari in South India, and extends to a width of 210 km in Tamilnadu
and narrows 48 km in Maharashtra. Western Ghats (Figure 3.1) lies between
8° 19 8 — 21° 16' 14” N and 72°56’24” — 78°19’40” E and is
approximately 1,440 km long (WGEEP, 2011) and covers an area of 129037
square km. The average elevation is around 900 m, and the highest mountain

peak is Anamudi (2695 m).
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Figure 3.1: Location of Western Ghats

The Western Ghats are well known for the rich and unique assemblage
of flora and fauna. Western Ghats region is one of the 25 global hotspots of
biodiversity and one of the three mega centers of endemism in India. Western
Ghats are known as Sahyadri in northern Maharashtra and Sahyaparvatam in
Kerala. The Western Ghats include a diversity of ecosystems, biologically

rich and biogeographically unique. The major forest types range from tropical
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wet evergreen to montane grasslands and include numerous medicinal plants,
important genetic resources such as wild varieties of fruits, grains, and spices.
The Western Ghats also include unique shola ecosystem and savannas
including peat bogs and Myristica swamps. The Ghats are home to about four
thousand species of flowering plants, exotic varieties of plants. The climate in
the Western Ghats is humid and tropical with an average annual temperature
of 15 °C (59 °F). Annual rainfall ranges from 3000-4000 mm (Chandran et al.,
2001).

The Western Ghats consist of four tropical and subtropical moist
broadleaf forest ecoregions. Northern Western Ghats are dry at lower
elevations and includes deciduous forests mainly Teak, at higher elevations,
the northern Western Ghats are colder and wetter. Southern Western Ghats
extend through the states of Kerala and Tamilnadu and comprise of wide
varieties of flora and fauna, high level of endemism and about 15 percent is
under protected area network. In higher elevation region, unique habitat types
including wet evergreen forests and sholas are found. The Western Ghats are

home to thousands of animal species including a variety of threatened species.

Understory vegetation forms an integral part of land covers in Western
Ghats. A range of plant species valuable to maintain forest soil ecology, and
some species which are detrimental to the forest and soil ecology, form the
forest undergrowth. On the one hand, several plant species which include
economically valuable medicinal plants and other edible herbs are widely
distributed across the Western Ghats forest regions. On the other hand, a
substantial portion of forest undergrowth is now occupied by invasive plant
species causing substantial environmental and ecological damage in the
Western Ghats forest regions. In order to encompass the range of diversity in

the Western Ghats landscape, coverage of overstory and understory, two
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different sites are selected which represents typical gradients in the terrain and
general composition of overstory and understory of the forest ecosystem. The
study site location consists of two different protected forest regions of the
Western Ghats, namely Sholayar (368 km?), and Mudumalai (411 km?).

3.1.2 Mudumalai Reserve Forest

One of the study areas selected is Mudumalai forest in Tamilnadu state.
Tamilnadu, the southernmost state of India, with an area 1,30,058 sg.km,
shares the Western Ghats with the states of Kerala, Karnataka, Goa,
Maharashtra, and Gujarat. Out of the 16 forest types in India (Champion and
Seth,1968), Tamilnadu contains a maximum of 9 types ranging from wet
evergreen forests to moist deciduous, dry deciduous, sholas, grasslands and
scrub forest. Mudumalai forests located in between 11°43'37.17"N,
76°27'44.19"E and 11°22'56.03"N, 76°33'38.01"E covering an area of 411
square km is selected as one of the study areas, which lies in Niligiri district of
Tamilnadu, about 150 km north west of Coimbatore city in Tamilnadu (Figure
3.2). The study area shares the boundary with Karnataka and Kerala states.
The tropical semi-evergreen forest is seen in Mudumalai forest as per the
forest report of Tamilnadu state, and the top canopy consists of Artocarpus,
Dalbergia latifolia, Hopea parviflora, etc. The understorey vegetation consists
of species of Actinoldaphne, Aglaia, Bischofia javanica, Drypetes, Symplocos,
and the shrub species are mainly Glycosmis, Ixora, Lasianthus, Leea indica,
Memecylon, Pavetta, Butea parviflora, Cynanchum tunicatum, Entada
pursaetha, and other common species are Calycopteris floribunda, Dioscorea,
Strychnos, Bambusa arundinacea and Ochlandra travancorica, etc. (Sukumar
et al., 1992). Riparian vegetation is also found along the banks of rivers and
streams in plains, where alluvial soil is deposited. The trees may be evergreen

or deciduous depending on the region, and the characteristic species include
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Azadirachta indica, Tamaridus indica, Albizia amara, Albizia lebbeck, Acacia
ferruginia, Terminalia chebula, Gyrocarpus americanus, Morinda tinctoria,
Ficus benghalensis, Semecarpus anacardium, Terminalia arjuna, Typha
angustata, and Vitex leucoxylon. Tropical moist deciduous forests are also
reported in Mudumalai region and the trees reach a height which ranges from
3 to 30 m. The most common trees are Bombax ceiba, Dillenia pentagyna,
Mitragyna parviflora, Tectona grandis, Terminalia., Vitex, and Ziziphus
xylopyrus. Cycas circinalis is occasional. Helicteres isora, Lantana camara,
Aculeata, and Ziziphus oenoplia are common shrubs. The common climber is
Ipomea, and the natural grass is Imperata cylindrica (Sukumar et al., 2004; Suresh
etal., 1996; 2010). The annual rainfall varies from 700 mm to 1700 mm.

India

B rawitnadu
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Figure 3.2: Location map of Mudumalai Reserve forest

3.1.3 Sholayar Reserve Forest

The study site, Sholayar reserved forests in Kerala state is located in
between 10°30'14.97"N, 76°47'47.33"E and 10° 9'39.45"N, 76°40'51.24"E

(Figure 3.3) with an area 368 square km. Sholayar forest is of tropical
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deciduous and evergreen type, spreading across districts Thrissur and
Ernakulam districts of Kerala with two major waterfalls - Athirapally and
Vazachal. Upper Sholayar dam and lower Sholayar dam is located here which
is 60 km away from Chalakkudy and 20 km from Valparai in Tamilnadu. The
dominant tree species include Pallaquium ellipticum, Cullenia exarillata,
Musea nagassarium, Vateria indica, etc. The climate of the region is typically

warm humid with a mean annual rainfall of 3780 mm.
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Figure 3.3: Location map of Sholayar Reserve Forest.
3.2 Data Sets

Based on the objectives and methodology of the research, optical
remote sensing data and LiDAR point cloud were used for the estimation of
biophysical parameters. The optical remote sensing data utilized are
multispectral data and hyperspectral data. LiDAR point cloud used in the
study include spaceborne LIiDAR point cloud, and terrestrial laser scanned
LiDAR point cloud. For the validation of the results, in situ measurements

were also acquired. The data set used are described in Table 3.1.
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Table 3.1: Data sets used for the study

Data Type

Name of the data

Period of acquisition

Purpose

Multispectral

Sholayar: 8th December 2007

Landsat ETM+
Mudumalai:17t November 2008
Sholayar: 30" October 2016
Landsat-8 OLI
Mudumalai: 315" December 2015
Sholayar: 5 December 2016
Sentinel -2

Mudumalai: 11" October 2016

For the estimation
of spectral
parameters

LiDAR Point Cloud

Spaceborne (ICESat GLAS 14 data)

2003-2009 for both study sites

Terrestrial laser scanned data

28t March 2018

For estimating
structural
parameters

For estimating

Hyperspectral Data spectral parameters

AVIRIS-NG (Airborne) January — February 2016

2001-2006, 2006-2009

Height January -October 2016,
Ground truth March 2018
reference ) 2001-2009 For validation
measurements Biomass January -October 2016
2016 January- December,
LAl

2018 March

3.2.1 Optical Remote Sensing Data
3.2.1.1 Multispectral Data

Multispectral data sets used in the study for obtaining the spectral
characteristics of the two study area are imagery from Landsat ETM+,
Landsat-8 OLI, and Sentinel-2.

3.2.1.1.1 Landsat Enhanced Thematic Mapper Plus (Landsat ETM+)

Landsat Enhanced Thematic Mapper Plus (ETM+) sensor onboard the
Landsat 7 satellite has 16 days repeated cycle. The data was collected which
covers both the study areas and are referenced to world reference system-2. The
product consists of eight spectral bands with a spatial resolution of 30 m for
bands 1 to 7. The band 8 (panchromatic band) has a resolution of 15 m. The
bands of ETM+ data and the corresponding resolutions are shown in Table 3.2.
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Table 3.2: Landsat ETM+ bands and their resolution

Bands Resolution (m)
Band 1-Blue 30
Band 2- Green 30
Band 3- Red 30
Band 4- Near Infrared 30
Band 5- Short wave infrared SWIR-1 30
Band 6- Thermal 60
Band 7- Short wave infrared SWIR-2 30
Band 8- Panchromatic 15

The data sets of the two study areas were downloaded from USGS
earth explorer (https://earthexplorer.usgs.gov/). For the Mudumalai forest
region, the date of acquisition of Landsat ETM+ is 8" December 2007. The
acquisition date for Landsat ETM+ for Sholayar is 17" November 2008.

T6°38'0"E  76°40'30"E

10°22'0"

Figure 3.4: FCC of Landsat ETM+ imagery for Sholayar Reserve Forest
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Figure 3.5: FCC of Landsat ETM+ imagery for Mudumalai Reserve Forest

Figure 3.4 and Figure 3.5 depict Landsat ETM+ data sets acquired for
Sholayar forest and Mudumalai forest respectively.

3.2.1.1.2 Operational Landsat Imager (Landsat-8 OLI)

Landsat-8 OLI imagery for the two study areas are obtained from the
USGS earth explorer which contains additional two new spectral bands 1
(deep blue channel for water resource and coastal zone navigation and band 9
(new infrared channel for the detection of cirrus clouds) compared to Landsat
ETM+. Due to Landsat-8’s near-polar orbit, the entire Earth will fall within
view once every 16 days. The bands and the corresponding resolutions are

shown in Table 3.3.
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Table 3.3: Bands and the corresponding resolution of Landsat-8 OLI

Bands Resolution (m)
Band 1 - Coastal / Aerosol 30m
Band 2 — Blue 30m
Band 3 — Green 30m
Band 4 —Red 30m
Band 5 - Near Infrared 30m
Band 6 - Short Wavelength Infrared (1.560 — 1.660 Jum) 30m
Band 7 - Short Wavelength Infrared (2.100 — 2.300 jum) 30m
Band 8 — Panchromatic 15m
Band 9 — Cirrus 30m

The date of acquisition for Landsat-8 OLI is 31* December 2015 for
Mudumalai forest, and for Sholayar forest, date of acquisition is on 30"
October 2016. The False Color Composite (FCC) of Landsat-8 OLI for the
two study area: Sholayar forest and Mudumalai forest, are shown in Figures

3.6 and 3.7 respectively.

76°38'0"E  76°40'30"E
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Figure 3.6: FCC of Landsat-8 OLI for Sholayar Reserve Forest
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Figure 3.7: FCC of Landsat-8 OLI for Mudumalai Reserve Forest
3.2.1.1.3 Sentinel-2 Data

Sentinel-2 mission, launched by European Space Agency in 2015 is a
multispectral satellite (MSI) that provides high fidelity image and have a high
temporal resolution. Sentinel-2 acquires imagery which can be used primarily
for forest monitoring, natural disaster management, and land cover change
detection by revisiting every ten days. Sentinel-2 acquires imagery in 13
spectral bands with a spatial resolution of 10 m, 20 m, and 60 m, and is highly
complementary to Landsat-8 OLI and Landsat ETM+. Sentinel-2 bands and

the corresponding resolution are shown in Table 3.4.
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Table 3.4: Sentinel-2 bands and the corresponding resolution

Sentinel-2 bands Resolution (m)
Band 1- Coastal aerosol 60
Band 2- blue 10
Band 3- Green 10
Band 4- Red 10
Band 5- Vegetation Red Edge 20
Band 6- Vegetation Red Edge 20
Band 7- Vegetation Red Edge 20
Band 8- NIR 10
Band 8a- Vegetation Red Edge 20
Band 9- Water Vapour 60
Band 10- SWIR-Cirrus 60
Band 11-SWIR 20
Band 12-SWIR 20

The Sentinel-2 data was downloaded from USGS earth explorer, and
the date of acquisition is October 11, 2016, for Mudumalai forest and
December 5", 2016 for Sholayar forest. The FCC of sentinel-2 imagery is
shown in Figure 3.8 for Sholayar forest and Figure 3.9 for Mudumalai forest

respectively.
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3.2.1.2 High-Resolution Hyperspectral Data

3.2.1.2.1 AVIRIS-NG imagery

As part of ISRO-NASA cooperation in space research, Airborne

Visible and Infrared Imaging Spectrometer-Next Generation (AVIRIS-NG) of

JPL (Jet Propulsion Laboratory), NASA, has been acquired across several sites

in India during 2016. The AVIRIS-NG has 430 narrow continuous spectral
bands in VNIR and SWIR regions in the range of 380 —2510 nm at a 5nm
interval with high SNR (>2000 @ 600 nm and >1000 @ 2200 nm) with an
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accuracy of 95%. Ground Sampling Distance (GSD), vis-a-vis pixel
resolution, varies from 4 —8 m for flight altitude of 4 —8 km for a swath of 4-6

km. The data used in this thesis were acquired at 4 m spatial resolution.

The FCC of data sets acquired over Sholayar forest and Mudumalai

forest are shown in Figures 3.10 and 3.11 respectively.
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AVIRIS-NG for Sholayar forest and Mudumalai forest collected during
January - 2016 was provided by Indian Institute of Space science and
Technology (11ST), Thiruvananthapuram. For Sholayar region the imagery is a
Level 1 (L1) product, calibrated and ortho-rectified top-of-radiance (TOA)
counts. For Mudumalai forest, both Levell and Level 2 (surface reflectance

products in all the bands after atmospheric correction) are used.
3.2.2 LiDAR Point Cloud

The LiDAR point cloud used in the study includes both spaceborne and
terrestrial LIDAR point cloud.

3.2.2.1 Spaceborne LiDAR Point Cloud

The spaceborne LiDAR point cloud used has been acquired by
Geoscience Laser Altimeter System (GLAS) onboard ICESat. The full
waveform LiDAR point cloud used were acquired from ICESat/GLAS
between 2003 and 2009 in which laser footprint has a circular shape with 70 m
diameter with a spacing of 170 m along the track. GLAS was originally
designed for ice elevation monitoring. Its primary objective is to measure long
term polar ice changes. Additional scientific objectives of GLAS were
obtaining global measurements of the sea, ice, land, vegetation, oceans, forest
canopy heights, land terrain changes and distribution of clouds and aerosols
(Zwally et al., 2002, 2010). It can be used for vegetation analysis since it can
offer global estimates of canopy height. GLAS provided 15 data products
including level L1A, L1B, and L2 laser altimetry and atmospheric LIDAR

measurements.

The data products range from GLAOLl, GLAO02, GLAO3 to GLAIS.
Level 1A altimetry data (GLAO1) containing transmitted and received

waveforms from the altimeter. GLAO2 Level 1A atmospheric data contain the
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normalized relative backscatter for the 532 nm and 1064 nm channels, and
low-level instruments corrections such as laser energy, photon coincidence,
and detector gain corrections. GLAO4 Level 1A global laser pointing data
contain 20 orbits of attitude data from the spacecraft star tracker instrument
and laser reference system, and other spacecraft attitude data required to
calculate precise laser pointing. GLA 05 level 1B waveform data include
output parameters from the waveform characterization procedure and other
parameters required to calculate surface slope and relief characteristics.
GLAO06 Level 1B Global elevation product contains elevation corrected for
tides, atmospheric delays and surface characteristics within the footprints.
GLAO7 levellB global backscattering data are provided at full instrument
resolution. The product includes full 532 nm and 1064 nm calibrated
attenuated backscattering profiles at five times per second and from 10 to 1 km
at 40 times per second for both channels. GLA 08 level 2 planetary boundary
layer (PBL) heights contain ground detection heights, top and bottom heights
of elevated aerosols from -1.5 km to 20.5 km and 20.5 km to 41km.

GLAO09 level 2 cloud height for multilayer clouds contain cloud layer
top and bottom height data at sampling rates of 4 sec, 1sec, 5 Hz, 40 Hz.
GLA10 level 2 aerosol vertical structure data contains the attenuation-
corrected cloud and aerosol backscatter and extinction profiles at a 4 sec
sampling rate for aerosols and a 1 sec rate for clouds. Table 3.5 depicts the
ICESat/GLAS standard data products.
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Table 3.5: Standard data products of ICESat/GLAS distributed by NSIDC

ID GLAS data

GLAO1 Altimetry data

GLAO2 Atmospheric data

GLAO3 Engineering data

GLAO4 LPA-LRS data

GLAOS Waveform-based elevations corrections
GLAOG Elevation

GLAO7 Backscatter

GLAOS Boundary layer and Elevated Aerosol layer heights
GLAOY Cloud heights for multiple layers
GLAT0 Aerosol vertical structure

GLATI Thin cloud/Aerosol optical depth

GLA12 Elevations ice sheet

GLA13 Elevations sea ice

GLAT4 Elevations land

GLATS Elevations oceans

GLA 11 level 2 thin cloud or aerosol optical depths data contain thin
cloud and aerosol optical depths. A thin cloud is one that does not completely
attenuate the LiDAR signal return which generally corresponds to clouds with
depths less than about 2.0. GLAO6 is used in conjunction with GLAOQ5 to
create level 2 altimetry products. Level 2 altimetry data provide surface
elevation for ice sheets GLA12, sea ice GLA13, land GLA14, and oceans
GLA15. ICESat data are distributed by the National Snow and Ice Data Centre
(NSIDC). Among the 15 products from GLA1 to GLA 15, the GLA 14
product of release 34 was used in this study which was procured through the
ICESat/GLAS data subsetter. GLA 14 comprises the global land surface
altimetry data. The subsetter provided GLAS footprints for both the study
area. The data comprise of 39 passes for the Sholayar forest and 15 passes for

the Mudumalai forest.

' Estimation of Biophysical Parameters of Tropical Forest Using Opfical and LiDAR Remote Sensing Techniques: A Case Study from Western Ghats of India



Chapter 3

The GLAS data sets for the period of March 2003 to March 2009 were
filtered, and these shots were used for the analysis. GLAS data passage
through both the study area overlaid satellite imagery are shown in Figures

3.12 and 3.13 for Sholayar forest and Mudumalai forest respectively.

10°30'0"N.

Sholayar
GLA M
Data percentage: 100
LAS point elevation (meters)
o 1532.844-4041.35
« 1313.797-1532.844
« 109475 -1313.797

"-
f &

10°200"N 875.702 -1094.75
} X 656.655 - 875,702

x 437.608 - 656.655

: r;" iz 218.561 - 437.608

= 0.487-218.561
« 19534 -0487

Figure 3.12: GLAS data pass through Sholayar Reserve Forest
overlaid on Landsat ETM+ imagery
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Figure 3.13: GLAS data pass through Mudumalai Reserve Forest
overlaid on Landsat ETM+ imagery

3.2.2.2 Terrestrial LIiDAR Point Cloud

Terrestrial Laser Scanner (TLS) point cloud used here was acquired by

a terrestrial laser scanner (FARO Focus® 350) over a small part of Mudumalai

reserved forest on March 25, 2018, by IIST, Thiruvananthapuram and is

thankfully shared with me for research purpose.

The terrestrial Laser scanner is a ground-based LiDAR, which rapidly

acquires accurate and photo-realistic three-dimensional dense point clouds of

real-world objects with millimeter-level detail. This remote sensing system
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allows for extremely rapid acquisition of large amounts of three-dimensional
coordinates with an unprecedented level of precision of areas that are complex
or inaccessible to the traditional survey.

This instrument can acquire millions of 3D points (1 million points per
second) with a very high point density with mm level accuracy (Wang et al.,
2014). TLS points are often collected by fixing it on a tripod within the target
area which records the x, y, z (position) and intensity which is the reflected
pulses or returns from the target. The sensor continuously emits the laser beam
towards the target. Sensors are designed to be easily deployed and portable.
The main components of TLS include laser beam, a polygonal mirror, optical
head, camera, laptop, and operating software. Distance measurement is based
on two major technologies: time of flight and phase shift measurements. In the
case of time of flight based scanners, the distance is calculated by measuring
the travelling time of an emitted laser pulse whereas in the case of phase shift
measurement, the distance is calculated by measuring the phase shift between
the emitted and the received pulses (Liang et al., 2016 Lindberg et al., 2012).
The measurement accuracy of phase shift based TLS is slightly higher. Point
density depends on the distance from the scanner, and the angular resolution of
the device. Most of the scanners usually rotate 180 degrees horizontal and 310
degrees vertical (average point density 25000 points/m?). The data pre-

processing of TLS includes preparation, scanning, registration, and filtering.

In forestry, TLS has used for detailed structural modeling of individual
trees retrieval of tree attributes such as DBH, height, stem curve, branch
details directly from the point cloud (Kretschmer et al., 2013; Liang &
Hyyppa, 2013). TLS can provide millimeter level spatio-structural information

of individual trees.
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Figure 3.14 shows the picture of TLS equipment used and the raw point

cloud acquired.

Figure 3.14: TLS Equipment and the Data Collected

This equipment is specially designed for outdoor applications because
of its small size, extra lightweight, and extended scanning range. It can
acquire point cloud in challenging environments, dusty or humid areas, and the
integrated GLONASS/GPS receiver does the easy positioning. HDR imaging

and HD photo resolution ensure detail scan results with high data quality.
« Range Focus® 350: 0.6 —350 m
« High Dynamic Range (HDR) photo recording 2x/3x/5x
e Measurement speed: 976000 points/second
e« Rangingerror: £1mm
o Sealed design — Ingress Protection (IP) Rating Class 54

e On-site compensation
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e On-Site registration (with FARO SCENE)

e Scan Group Feature (rescanning of distant targets in higher resolution)
o Accessory Bay

e Angular Accuracy: 19 arc sec for vertical/horizontal angles

e Integrated Colour camera: Up to 165 megapixel

o Laser class: Laser class 1

e Weight: 4.2 kg

e Multi-Sensor: GPS, Compass, Height Sensor, Dual Axis Compensator
e Size: 230 x 183 x 103 mm

« Scanner control: touch screen display and WLAN

General specification of the laser scanner along with the specific

configurations is given in Table 3.6.

Table 3.6: TLS general configuration

General Scanner Configurations
Range 0.6 m-350 m
Ranging error +1mm
Laser wavelength 1550 nm
Beam divergence 0.3 mrad
Beam diameter at the exit 2.12 mm, circular
Colour unit Resolution: Up to 165 megapixels
Point spacing 6 mm

The TLS point cloud acquired for the Mudumalai forest study site is
shown in Figure 3.15.
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Figure 3.15: TLS point cloud for Mudumalai Reserve Forest

3.2.3 Ground Truth Measurements for Calibration and Validation

of Optical Imagery and LiDAR Point Cloud Based Analysis.

Ground truth data acquired during multiple field data acquisition
campaigns held as part of national level tropical biodiversity assessment at
stand level programme undertaken during 2001-2006 and 2007-2009, were
shared by Indian Institute of Space Science and Technology (IIST),
Thiruvananthapuram. Biomass values were estimated by allometry method.
Understory vegetation height and canopy heights were estimated by the actual
measurement using pole and tape. Measurements of tree height, canopy cover,
diameter at breast height, woody tree density, LAI, chlorophyll concentration,
aerosol optical density were acquired using various instruments namely Laser
Distance meter, plant canopy analyzer, chlorophyll meter, sunphotometer, and
GPS. As part of the AVIRIS -NG hyperspectral imaging campaign across
several sites in India, ground truth measurements were acquired by IIST for
multiple sites during January 5-15, March 5-11, October 15-23, 2016. The
ground truth data acquired during the acquisition of AVIRIS-NG data (January
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5 -7, 2016) were used in this study for the calibration and validation of results

from AVIRIS-NG imagery. Also, tree height and LAI were measured at the

same time where TLS point cloud was acquired during 5- 8 March 2018.

3.3 Software Tools used for the Analysis of Data

For the analysis of optical imagery and LIDAR point cloud, a host of

software was used including both the image processing as well as visualization

tools and are listed below.

a) For the processing of optical imagery, the set of software used include-

1.

2.

3.

4.

ENVI — pre-processing of Landsat imagery and Sentinel-2
imagery including radiometric calibration and atmospheric
correction, estimation of vegetation indices and biomass, pre-
processing of AVIRIS NG imagery, analysis of optical imagery
including integration and linear stretching.

ArcMap- estimation of canopy density, vegetation indices,

preparing maps
SNAP tools for the pre-processing of Sentinel 2 imagery

Landsat Gap fill tool for pre-processing of Landsat imagery.

b) For the processing of spaceborne LIiDAR point cloud, the software

used include-

1.

2.

NGAT tool: for converting the GLAS data to text format.

GLAS read: for extracting the required parameters including

latitude-longitude values, elevation, etc

GLAS visualizer: for the visualization of GLAS 14 data.
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The above tools were used for extraction of the GLAS data
parameters from the ICESat GLA 14 data product.

c) For the processing LIDAR point cloud, software used include

1.

2.

GLOBAL MAPPER: for filtering point cloud, developing DEM,
DSM, CHM.

LAStools: data conversion and filtering of the point cloud.

d) For the processing of the terrestrial LIDAR data, the tools used are-

1.

2.

6.

PCL library: segmentation of TLS point cloud.
Visual Studio C++: segmentation, filtering of TLS point cloud.
C Make: for the installation of PCL.

3D Forest: for the estimation of structural parameters and tree

reconstruction by processing TLS data.

Cloud Compare: for the visualization, clipping, filtering of TLS

point cloud.

Fugro viewer: for visualization of TLS point cloud.

3.4 Chapter Conclusion

This chapter described in detail the study site, data tools and

experimental set up of this research. The relevance of each of the data set for

the overall area of the study was also presented.
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METHODOLOGY

4.1 Estimation of Biophysical Parameters by the Integration of Spaceborne
LiDAR Data and Multispectral Imagery
4.2 Biophysical Parameter Estimation in Mudumalai Region using
Terrestrial Laser Scanner (ILS)
4.3 Estimation of Biophysical Parameters from AVIRIS-NG
Hyperspectral Data by Integration with LiDAR Point Cloud
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4.4 Chapter Conclusion

This chapter presents the overall workflow of the research. There are

three main tasks in this research work:

e estimation of forest biophysical parameters with fused data
generated by integrating GLAS point cloud and multispectral
imagery,

e cstimating height, DBH, and LAI using terrestrial LIDAR point
cloud, and the development of a new algorithm for direct
estimation of LAIL

e further, the possibility of the synergic integration of AVIRIS-
NG airborne hyperspectral imagery and GLAS point cloud has

also been explored for estimating LAI and biomass.
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Figure 4.1: Overall Workflow

Overall workflow is depicted in Figure 4.1. Details of algorithms and

sequence of steps followed in the methodology are described in the following

sections.
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4.1 Estimation of Biophysical Parameters by the Integration of

Spaceborne LiDAR Data and Multispectral Imagery

4.1.1 Methodology

The methodology followed in the study is shown in Figure 4.2. GLAS
point cloud data after the pre-processing to readable form were analyzed, and

the useful parameters were separated from the filtered data.

| LDAR Point Cloud Data [ YT T— ]
P
e - - Multispectral
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Waveform Correction Generation
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Structural Parameters
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Figure 4.2: Process flow diagram depicting the typical steps in the
methodology
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4.1.2 Pre-Processing of LIDAR Point Cloud

The GLAS point cloud was converted from binary to text format using
NGAT tools and was further processed to extract the required parameters. The
NGAT lets a user extract information from an ICESat/GLAS binary altimetry
file. The output obtained included: -

Record Number - 1 record (40 samples)

Date - MM/DD/YYYY

Time - HH:MM: SS.sss

Latitude - ‘1 lat' converted to degrees

Longitude - 'i lon' converted to degrees

Elevation - the'i elev' field for the chosen product number, converted to
meters

Geoid - the 'i_gdHt' values, interpolated for each shot also converted

to meters.

The information is presented in an easy to use column output format.

The output data of one of the passes is shown in Table 4.1.
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Table 4.1: Sample GLAS data after conversion from binary to text

Date Latitude Longitude Elevation(m)
02/20/2008 10.463544 76.692438 741.849
02/20/2008 10.465098 76.692216 738.031
02/20/2008 10.466651 76.691984 718.504
02/20/2008 10.468203 76.691762 723.117
02/20/2008 10.469757 76.691544 742.707
02/20/2008 10.471311 76.691324 754.184
02/20/2008 10.472867 76.691081 733.408
02/20/2008 10.474423 76.690862 757.661
02/20/2008 10.475981 76.690654 803.711
02/20/2008 10.477541 76.690445 846.108
02/20/2008 10.479102 76.690225 861.898
02/20/2008 10.480662 76.690004 872.511
02/20/2008 10.482217 76.689811 941.268
02/20/2008 10.483769 76.689639 1051.352
02/20/2008 10.485321 76.689452 1127.907
02/20/2008 10.486875 76.689244 1152.883
02/20/2008 10.438433 76.688984 1063.683
02/20/2008 10.489993 76.688726 974.745
02/20/2008 10.491552 76.688493 938.762
02/20/2008 10.493112 76.688281 944.487
02/20/2008 10.494675 76.688062 933.268
02/20/2008 10.496239 76.687858 949.723
02/20/2008 10.497804 76.687634 920.112
02/20/2008 10.499368 76.687412 890.899
02/20/2008 10.500929 76.687199 876.742
02/20/2008 10.502488 76.686985 860.106
02/20/2008 10.504045 76.686796 895.352
02/20/2008 10.505602 76.686588 891.534
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Figure 4.3: Visualization of GLAS 14 data

Visualization of the multiple returns of target was done using the IDL
visualizer (ICESat visualizer) tool provided by NSIDC. An example of full

waveform data visualized is shown in Figure 4.3.

The noise or invalid point cloud was filtered out using the quality flags
provided in the GLA 14. The point clouds were verified for saturation, the
presence of cloud and validity of elevation. GLAS data sets which correspond
to the year 2003-2009, were filtered for integration. The spatial distribution of
GLAS point cloud and the corresponding altitude of the terrain of the study

area are shown in Figure 4.4.
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Figure 4.4:  Spatial distribution of GLAS LiDAR point cloud over
Mudumalai forest and Sholayar forest

4.1.3 Pre-Processing of Multispectral Imagery

Multispectral satellite imagery from Landsat ETM+, Landsat-8 OLI,
and Sentinel-2 were used for the spectral information extraction of the
corresponding study site. All the multispectral imagery were calibrated for

atmospheric correction resulting in surface reflectance.
4.1.3.1 Landsat ETM +

The Landsat ETM+ imagery acquired for the study area has systematic
data gaps. Based on the gap flags available, data gaps were filled using multiple
linear transformations (Landsat gap fill tool). The discrete integer counts were
calibrated to surface reflectance using radiative transfer modeling based Fast

Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH)
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atmospheric correction modules. FCC of the Landsat ETM + imagery for

Sholayar and Mudumalai forests after pre-processing is shown in Figure 4.5.
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Figure 4.5: FCC of Landsat ETM+ imagery data after pre-processing
for (a) Mudumalai Reserve Forest and (b) Sholayar
Reserve Forest

4.1.3.2 Landsat-8 OLI

Atmospheric corrections including dark subtraction and radiometric
calibration were done as part of pre-processing. FCC of the data sets after pre-

processing for both the study sites are shown in Figure 4.6.
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Figure 4.6: FCC of Landsat-8 OLI imagery after pre-processing for
Mudumalai and Sholayar forest regions

4.1.3.3 Sentinel-2

The data were pre-processed using the SNAP toolbox which is a
common platform for processing of Sentinel-2 data sets developed by the
European Space Agency. The Sentinel-2 imageries were resampled and
spatially subset. Cloud removal was also done by SNAP. Atmospheric
corrections and radiometric calibrations were done for both the data sets. FCC
of Sentinel-2 imagery for Mudumalai and Sholayar forests after the pre-

processing are shown in Figure 4.7.

' Estimation of Biophysical Parameters of Tropical Forest Using Optical and LiDAR Remote Sensing Techniques: A Case Study from Western Ghats of India



Chapter 4

TE31'0"E  TEAI0E 76°37'30"E  76°40'0"E
11°42°Y"N

11°37°Y"N

152200 N 10°18'0"N ¢

192720\ 10°13'0"N
1 2 0 4 Kilometer: 4 2 0 ' 4 Kilometers
I [ N
Mudumalai Sholayar

Figure 4.7: Sentinel-2 imagery (a) Mudumalai forest and (b) Sholayar
forest after pre-processing

4.1.4 Canopy Height Model (CHM)

The GLAS parameters extracted from the data include i _lat (latitude),
1_lon (longitude), i_elev (waveform reference ellipsoid), i gdHt (geoid Height
interpolated for each shot), i DEM elev (DEM elevation), 1 sigBegOff
(signal begin range increment), i_IdRangeOff (land range offset), i_sigEndOff
(signal and end range offset), i_gpCntRangeOff (centroid range up to six
peaks), i_maxSmAmplitude (peak amplitude of the smoothed received echo),
1 numPk (number of peaks found in the return), i Gamp (amplitude of up to

six Gaussian peaks), i satElevCorr (saturation elevation correction), and
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i_SatCorrFlg (saturation correction flag). Other waveform metrics obtained is
1_deltaEllipsoid, whose value is the surface elevation (T/P ellipsoid) minus the
surface elevation (WGS ellipsoid), i_SatElev_Corr (saturation gain corrections)
and i_GmC whose value is the difference in transmit pulse Gaussian fit and
the centroid of the transmit pulse. The waveform parameters included the
leading edge and trailing edge which is the range between the ground return

and the signal extent were taken for the height derived models.

The signal beginning (represents the highest intercepted surface of
forest canopy) and signal end were extracted, and the differences were taken.
The invalid LiDAR points were removed by selecting cloud-free and
saturation free waveform parameters. The waveform data were then converted
into the discrete format and filtered into the ground and non-ground returns
(Meng et al., 2009; Mongus et al., 2012). From the LiDAR returns, DSM and
DEM were developed by creating an elevation grid. Canopy heights are

obtained using the following equation.

CHM (Canopy Height Model) = Digital Surface Model (non-ground
returns) - Digital Elevation Model (ground returns). (D)

CHM of Sholayar forest and Mudumalai forest are obtained by
comparing the elevation grids. CHMs’ are found to be useful in estimating
biophysical attributes of single tree and at stand level (Popescu et al., 2004;
Erfanifard et al., 2018) in forestry. Canopy heights were obtained for the forest

regions where GLAS shots were procured.
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4.1.5 Estimation of Canopy Density and Understory Vegetation Height

Canopy density is one of the useful parameters in forest management
for the ecologists. The LiDAR points from the normalized GLAS waveform
were filtered out for certain heights-cut off (for height >3 m). The canopy
density was estimated from the ratio of the points with cut off heights with
respect to the total returns. The height of the understory vegetation was
estimated based on the canopy height model and the spatial variation of

discrete returns from the trees, which generally have heights above a

threshold.
4.1.6 Integration of Point Cloud and Multispectral Imagery

The LiDAR point cloud derived elevation and canopy models were
linearly stretched in order to avoid the inconsistencies in the geometrical
arrangement of data from different sensors. This point cloud-based models
were further integrated with multispectral imagery as pixel level fusion
strategy incorporating for each pixel canopy height, surface height, spectral
vegetation index and spectral reflectance values of all the visible and near-
infrared bands of Landsat ETM+ and Landsat-8 OLI multispectral imagery. In
addition, spectral reflectance values, several different vegetation indices -
Difference Vegetation Index (DVI), Enhanced Vegetation Index (EVI), Ratio
Vegetation Index (RVI), Green Difference Vegetation Index(GDVI), Green
Normalized Vegetation Index (GNDVI), Green Ratio Vegetation Index
(GRVI), Soil Adjusted Vegetation Index (SAVI), Normalized Difference
Vegetation Index (NDVI), Moisture Stress Index (MSI), Normalized
Difference Water Index (NDWI) were computed and appended to the feature

vector formed by the integration of point cloud based structural attributes and

Estimation of Biophysical Parameters of Tropical Forest Using Opfical and LiDAR Remote Sensing Techniques: A Case Study from Western Ghats of India t



Methodology

imagery based spectral attributes of forest canopies. Similarly, Sentinel-2

imagery for both the regions was integrated with the LIDAR point cloud.

The following vegetation indices were extracted from the integrated

data set.
4.1.6.1 Normalized Difference Vegetation Index (NDVI)

Normalized Difference Vegetation Index (NDVI) (Rouse et al., 1974)

was calculated as

NDvI = MR —RED @)
NIR + RED

The values of NDVI range from 0 to 1 and sensitive even for low
vegetation and NDVT is related to canopy structure and canopy photosynthesis
but is sensitive to the effects of soil brightness, soil color, canopy shadow.

NDVl is calculated for the integrated data sets.
4.1.6.2 Difference Vegetation Index (DVI)

Difference Vegetation Index (DVI), has been applied to vegetation
ecological monitoring (Tucker, 1979). The DVI is calculated using

DVI=NIR - RED. 3)

Using both the Landsat imagery, DVI was obtained. The DVI accounts

for the background difference between soil and vegetation.
4.1.6.3 Enhanced Vegetation Index (EVI)

Enhanced Vegetation Index (EVI) corrects the soil and atmospheric
effects and is useful in high leaf area where NDVI may saturate (Huete et al.,

2002). Blue reflectance region is used in order to correct for soil background
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regions and reducing atmospheric influences. The EVI for the study site was

calculated using

NIR - RED

EVI=2.5 .
NIR + 6 *RED —7.5* BLUE +1

4)

4.1.6.4 Green Difference Vegetation Index (GDVI)

Green Difference Vegetation Index (GDVI) was calculated for the
study areas, and it is related to nitrogen content (Sripada, 2005). The GDVI for

the given study was computed using
GDVI = NIR — GREEN. (5)
4.1.6.5 Green Ratio Vegetation Index (GRVI)

Green Ratio Vegetation Index (GRVI) is simple to interpret and less
sensitive to variations with high vegetation cover areas (Sripada et al., 2006).
It is very sensitive to photosynthetic rates in forest canopies. The GRVI for the
study area was calculated using

NIR
GREEN (6)

GRVI=

4.1.6.6 Leaf Area Index (LAI)

Leaf Area Index (LAI) is defined as the total one-sided green leaf per
area. It is considered as a climate variable as well as an essential canopy
characteristic. All vegetation indices have different levels of correlation with
LAI (Boegh et al., 2002). LAI is used to calculate the foliage cover and is an
indication of vegetation dynamics, water, and carbon cycling. For the results

given, the LAI was calculated using an empirical relationship described as

LAI=3.618 xEVI-0.118. (7)
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4.1.6.7 Green Normalized Difference Vegetation Index (GNDVI)

Green Normalized Difference Vegetation Index (GNDVI), is sensitive
to chlorophyll concentration measuring green spectrum from 540 m to 570 m
(Gitelson et al., 1998). GNDVI is calculated using

NIR - GREEN
NIR + GREEN ®)

GNDVI =

4.1.6.8 Moisture Stress Index (MSI)

Moisture stress is found to be very sensitive to increasing canopy water
content and can be used in canopy stress analysis, productivity prediction and
modeling ecosystem physiology (Ceccato et al., 2001). The higher MSI values
indicate great water stress and less water content. MSI was calculated using

_ SWIR

MSI .
NIR 9)

4.1.6.9 Normalized Difference Water Index (NDWI)

Normalized Difference Water Index can distinguish water and
vegetation, and is a ratio combining NIR and green which can enhance water
spectral signals. It has wide applications in forest canopy stress analysis, leaf
area studies, fire hazard studies, and plant productivity analysis (Gao, 1995).
This can be calculated using

_ NIR —-SWIR
NIR + SWIR (10)

NDWI

4.1.6.10 Ratio Vegetation (RVI)

Ratio Vegetation (RVI) is used for green biomass estimation and
monitoring at high-density vegetation cover because it has a high correlation

with biomass (Jackson et al., 1991). RVI is given by
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rRvi= NR

RED (11)
4.1.6.11 Soil Adjusted Vegetation (SAVI)

Soil Adjusted Vegetation (SAVI) suppresses the effect of soil
background pixels, and contain a canopy background adjustment factor which
is a function of vegetation density and can be used in areas with relatively
sparse vegetation (Huete, 1988). SAVI is given by

1.5x (NIR —RED)
NIR + RED +0.5 . (12)

SAVI =

Vegetation Indices extracted from Sentinel-2 data (Adan, 2017) are

given below.
4.1.6.12 NDVI for Sentinel Data

NDVI for Sentinel-2 was calculated using Equation 2 in which NIR is
the 8" spectral band and RED is the 4th spectral band.

4.1.6.13 EVI for Sentinel Data
For Sentinel-2 imagery data, EVI was calculated using

NIR - RED
EVIi=2.5 NIR +24 *RED +1 ] (13)

4.1.6.14 Red Edge Ratio Vegetation Index (RERVI)

It is a ratio between NIR and red edge spectral band as given below
(Cao et al., 2016). Red edge spectral band is the 6™ band, and NIR is the 8"

band of Sentinel-2 imagery.

NIR
RERVI= RED (14)
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4.1.6.15 Red Edge Normalized Difference Vegetation Index (RENDVI)

A modification of NDVI (Chen et al., 2007) and uses red edge spectral
band the (6th band 740 nm) instead of Red.

4.1.6.16 Red Edge Enhanced Vegetation Index (RE EVI)

A modification of EVI (Abdel-Rahman et al., 2017) in which instead of

red, red edge spectral band is used.
4.1.6.17 Normalized Difference Infrared Index (NDII)

It is used for studying water content in the canopy, and its value
increases with an increase in the water content (Wang et al., 2013). NDII is
calculated using

_ NIR - SWIR

NDIl= ——MF ——
NIR + SWIR (15)

NIR is the 8" spectral band, and SWIR (2190 nm) is the 13th spectral

band of Sentinel-2 imagery.
4.1.7 Estimation of Biomass

As described in section 4.1.4, from the waveform analysis, digital
surface and elevation models were developed, followed by the generation of
forest canopy height model (CHM). However, forest biomass is a predictive
parameter and is not estimated from the LiDAR point cloud or multispectral
data directly per se. In general, forest biomass has been retrieved from remote
sensing data by employing various statistical regression models between
samples of field measurements of biomass and various spectral vegetation
indices. However, the inherent non-linearity existing in the spectral reflectance
values, number of spectral bands, and their weak relation to the spatial

diversity of forest tree canopies and biomass make the statistical regression

' Estimation of Biophysical Parameters of Tropical Forest Using Optical and LiDAR Remote Sensing Techniques: A Case Study from Western Ghats of India



Chapter 4

analysis a very site-specific and tedious when the relationships are non-linear.
Non-parametric and learning based algorithms have been gaining wider usage
and acceptability as the standard methods for remote sensing data based
classification and regression. The support vector machine (SVM) algorithm, a
robust statistical supervised learning (Cortes & Vapnik, 1995) has promising
application in the estimation of biophysical parameters. In this work, the SVM
algorithm was used as a predictive algorithm deploying it as a classification
and regression method for estimation of biomass from the integrated LiDAR
point cloud and multispectral data. For handling the non-linearity amongst the
input features, we used the Radial Basis Function (RBF) as the kernel function
and Laplacian function as the loss function for handling the maximum allowed
deviation of the predicted biomass from the measured values. In the thesis,
input parameters extracted for SVM regression included LAI and CHM for the
estimation of biomass. The predicted biomass values were validated with

reference measurements of biomass.
4.2 Biophysical Parameter Estimation in Mudumalai Region
using Terrestrial Laser Scanner (TLS)
Two methods were used here for estimating the selected biophysical
parameters using TLS point cloud which are described in sections 4.2.1 and

4.2.2. The data sets acquired for the study area (Mudumalai forest) are shown
below in Figures 4.8 and 4.9 respectively.
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Figure 4.9: TLS point cloud visualized in cloud compare

4.2.1 Three-Dimensional Reconstruction of Trees and the Estimation
of Leaf Area Index from Structural Metrics using Terrestrial

Laser Scanner

Three-dimensional point clouds were collected by FARO Focus® 350
terrestrial laser scanner which performs a leveling of each scan with an
accuracy of 19 arcsec valid within +2° for a small part of Mudumalai reserve

forest. The point cloud covering the study site is shown in Figure 4.10.
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Figure 4.10: TLS point cloud for the Mudumalai forest

As part of pre-processing, the point cloud representing the forest was
filtered into a terrain point cloud and vegetation point cloud. The proposed
technical workflow for the processing of the TLS point cloud is depicted in
Figure 4.11. It contains the main steps such as 1) pre-processing, the filtering
of the point cloud, 2) segmentation: hierarchical min cut segmentation and
super voxel segmentation, 3) extraction of structural metrics including height,

DBH and 4) estimation of LAI by multivariate regression.
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Figure 4.11: Flowchart depicting the methodology of TLS point cloud

processing
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4.2.1.1 Pre-Processing

As a general pre-processing step, the raw TLS point cloud was filtered
to separate ground points and vegetation points. Then an octree search
(Bassier et al., 2017; Trotcha et al., 2017) dividing the 3D space of the point
cloud into cubes was built to remove outliers. The point cloud was thus
divided into terrain cloud and vegetation cloud. Figures 4.12 and 4.13 depicts
the terrain point cloud and vegetation point cloud after filtering. Vegetation
point cloud in 3D form after filtering when visualized through cloud compare

software is depicted in Figure 4.14.

Figure 4.13: TLS vegetation point cloud
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Figure 4.14: Vegetation point cloud in 3D form

4.2.1.2 Segmentation

Two different segmentation methods were implemented for individual

tree detection in the TLS point cloud.
4.2.1.2.1 Hierarchical min cut segmentation

Min-cut based segmentation algorithm was implemented from the point
cloud library which makes a binary segmentation of the TLS point cloud.
Considering the object radius and the center, the min-cut algorithm enabled to
divide the point cloud into two groups namely foreground and background.

The main steps are depicted in Figure 4.15.
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Figure 4.15: Hierarchical min-cut segmentation

For implementing the min-cut algorithm, the point cloud needs to be
divided into two major groups, foreground points and background points
(Golovinskiy & Funkhouser,2009; Yang et al.,2016; http://pointclouds.org/
documentation/tutorials/ min-cut-segmentation). From the vegetation point
cloud comprising the tree trunk points, crown points, and the base, the location
of each tree was identified where the trunk meets with its base. Euclidean
cluster segmentation was implemented on the point cloud. The points were
segmented based on the geometrical characteristics in which the tree trunk
points are having a pole like characteristics were fitted with a cylinder and the
remaining points as the tree crown points. The TLS point cloud corresponding
vegetation comprises of tree trunks, crown points, and base points. Based on
the geometric shape characteristics tree trunks were detected. Tree locations
were identified as the intersection between the tree trunks and the base. The

point cloud was divided into horizontal slices, and clusters with a user-defined
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number of points and maximum distance between the nearest neighbors were
computed using Euclidean cluster extraction (www.pointclouds.org). The base
of the tree was located and merged into segments. Hierarchical min-cut
algorithm was implemented for isolating the tree crown points which are often
overlapped and connected. The minimum cut operator extracted the tree crown
points corresponding to each tree trunk under minimum cost function thereby
achieving globally optimal segmentation results. The points which are
neighbors to each tree trunk were identified by a cylindrical buffering zone.
These points were used to calculate the cost function and were segmented as
tree crown points. The hierarchical min-cut approach was implemented by
taking the individual tree trunk points as foreground points and the remaining

other trunk points as background points.
4.2.1.2.2 Super Voxel Segmentation

Vegetation point cloud was segmented into super voxels based on the
Voxel Cloud Connectivity Segmentation (VCCS) super pixel method (Aijazi
et al.,, 2013; Xu et al., 2017; http://pointclouds.org/documentation/tutorials).
For this task, the super voxel segmentation algorithm was applied on 3D TLS
point cloud. The algorithm group pixels in images into perceptually
meaningful regions which correspond to tree trunks and crowns. The pixels
were grouped as superpixels as the base level for nodes. Voxel Cloud
Connectivity Segmentation (VCCS) super pixel method was used which
generates volumetric over-segmentation of 3D point cloud data, known as
super voxels. VCCS uses a region growing variant of k-means clustering for
generating its labeling of points directly within a voxel octree structure. Super
voxels have two important properties; they are evenly distributed across the
3D space, and they cannot cross boundaries unless the underlying voxels are

spatial connected. Segmentation is shown in Figure 4.16.
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Figure 4.16: Super voxel method based segmentation of TLS point cloud

The vegetation point cloud was segmented into super voxels based on the
voxel cloud connectivity. Treetop locations and the trunk points were extracted
based on the classification of super voxels. If the number of points in the trunk
is less than a user-defined value or the height is less than a user-defined value,
the trunk points were not considered. The points near the trunk were also filtered
out. Then the individual trees were reconstructed. The reconstructed tree point

clouds by voxel segmentation are depicted in Chapter 5.

After the segmentation process, tree reconstruction was done by using

the automatic segmentation of the results obtained.
4.2.1.3. Estimation of Tree Parameters from the Segmented Point Clouds

The reconstructed trees, resulting from the point cloud library
segmentation algorithms offers the potential to compute several structural
metrics. Tree height and DBH are the structural metrics estimated from the

potential tree candidates. In order to calculate both the metrics, tree position or
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base of the tree is to be identified. The height and DBH of each tree were

calculated by selecting each tree as the computing unit.
4.2.1.3.1 Estimation of the Height of Individual Trees

Tree height is estimated as the difference in Z coordinates between the

highest point of the tree cloud to the tree location at ground level using
Tree height =Z highest point — Z tree base. (16)

Z highest point 18 the highest elevation of the tree point, and Z e pase 1S the

location of the base of the tree.
4.2.1.3.2 Estimation of DBH of Individual Trees

To calculate DBH, least square regression method was used, which
uses a subset of tree point cloud including horizontal slice from 1.25 m to 1.4
m above the located tree position. Figure 4.17 depicts the height calculation

and DBH of the individual trees.

(Height)

Figure 4.17: Height and DBH estimation of individual trees
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4.2.1.3.3 Estimation of LAI from DBH and Height of the Individual Tree

For estimating LAI for individual trees, multivariate regression approach was
applied to predict the value based on two dependent metrics, DBH, and height.
After extracting the heights and DBH of all the reconstructed trees,
multivariate regression analysis was done to estimate LAI The results
obtained were validated with the ground measurements and are detailed in the

next chapter.

4.2.2 Direct Estimation of Leaf Area Index of Tropical Forests using

Terrestrial Laser Scanner LiDAR Point Cloud
4.2.2.1 Methodology

The proposed methodology involves two significant steps for direct
estimation of LAI The first part consists of individual tree reconstruction by
implementation of hierarchical minimum cut segmentation and super voxel
clustering segmentation algorithm as described in the previous sections. The
second part implements the proposed Point Spatial Density algorithm from the
estimation of LAI to the reconstructed trees. The overall workflow of the study

is depicted in Figure 4.18.
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Figure 4.18: Flowchart depicting the overall workflow of LAI estimation

4.2.2.2 Pre-Processing of the TLS Point Cloud: Filtering

Before the implementation of the segmentation algorithm, the raw point
cloud must be pre-processed. The point cloud was filtered into vegetation
point cloud and terrain point cloud (Figures 4.12 and 4.13) using a

thresholding based filtering algorithm (Zhang et al., 2003; Zhang et al., 2016).
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4.2.2.3 Three-Dimensional Reconstruction by Segmentation Methods

The TLS point cloud was segmented by using a hierarchical minimum
cut segmentation and super voxel clustering segmentation. The segmented tree
crown points and the tree trunk points which result in individual tree
reconstruction were extracted as described in Section 4.2.1.2.1. The tree crown
points and trunk points were extracted, and the individual trees along with the

segmented super voxels were obtained as explained in Section 4.2.1.2.2.
4.2.2.4 Estimation of LAI by Point Spatial Density Algorithm

The reconstructed trees from both the segmentation methods were
further processed to estimate LAI by developing a new algorithmic approach
named as Point Spatial Density (PSD) algorithm. The number of points inside
a box can be noted accurately. The following section describes the proposed

PSD algorithm
4.2.2.4.1 Point Spatial Density Algorithm (PSD)

The algorithm is based on establishing a relationship between the
number of points within a given area (n,), point spacing (d). The proposed

PSD estimates LAI as

ny d(x¢+ye) (l)

Leaf Area Index, LAI =
XtYt

(17)

Z

where n, is the number of points within a box dimension of height z;, length
X¢, and breadth y;, d is the point spacing of the TLS point cloud. For the
present study, the individual trees within a box dimension were segmented,
and the PSD algorithm was implemented based on the point density of trees.

The point spacing of the TLS point cloud is 6 mm. The LAI was calculated for

m Estimation of Biophysical Parameters of Tropical Forest Using Opfical and LiDAR Remote Sensing Techniques: A Case Study from Western Ghats of India t



Methodology

all the reconstructed trees in the study area. The performance of the PSD
algorithm was validated by comparing the estimated LAI values with in-situ

LAI measurements.

4.3 Estimation of Biophysical Parameters from AVIRIS-NG
Hyperspectral Data by Integration with LiDAR Point
Cloud

4.3.1 Methodology

The workflow of the methodology used in the study is depicted in
Figure 4.19

AVIRIS data LiDAR point cloud

< ¥

Pre-processing

Pre-processing

Atmospheric correction (FLAASH) Saturation correction and noise
Radiometric calibration removal
Extraction of vegetation parameters (NDVT) Extraction of structural parameters

¥ 1

Integration of extracted structural and vegetation parameters

J

Extraction of biophysical parameters

. 4

Biomass, Leaf Area Index

Figure 4.19: Flowchart depicting the methodology

- Estimation of Biophysical Parameters of Tropical Forest Using Optical and LiDAR Remote Sensing Techniques: A Case Study from Western Ghats of India m



Chapter 4

4.3.2 Pre-Processing of AVIRIS - NG imagery

The AVIRIS-NG hyperspectral imagery was converted for radiometric
and atmospheric distortion using FLAASH atmospheric correction (Adler-

Golden et al.,1998; Matthew et al., 2000). The FCC of AVIRIS-NG after the

correction is shown in Figure 4.20.

10°17°30"N.

10°17'0"N,

10°16'30"N

03015 0 0.3 Kilometers

()

Figure 4.20: FCC of AVIRIS imagery after pre-processing for (a)
Mudumalai forest and (b) Sholayar forest (Bands: R:83,
G:65, B:55)

4.3.3 Integration of LIDAR Point Cloud and Hyperspectral Imagery

The point cloud-based raster canopy height models were integrated

with hyperspectral imagery based spectral index on a pixel level fusion
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strategy after linearly stretching the imagery and forming a new imagery with

pixel vectors formed by applying spectral and canopy height values.
4.3.4 Estimation of Biophysical Parameters

4.3.4.1 Canopy Height Models

Canopy height was directly estimated from the LiDAR point cloud by
the analysis of the waveform LiDAR point cloud. Canopy height models of
both Sholayar forest and Mudumalai forests were linearly stretched to 5% and

were then co-registered with the corresponding AVIRIS-NG imagery.

4.3.4.2 Estimation of Leaf Area Index

Leaf Area Index is obtained for both the study areas using
LAI=0.57*exp(2.33 NDVI) (18)
4.3.4.3 Estimation of Biomass

Forest biomass was estimated by support vector machine regression
with radial basis function as the kernel function and Laplacian function as the
loss function for handling the non-linearity among the input features. The
biomass was obtained based on the non-parametric regression relationship

between LAI and canopy height for both the study areas.
4.4 Chapter Conclusion

This chapter presented detailed methodologies used for the
implementation of the objectives of the work. Results of the work are

presented in the next Chapter.
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RESULTS AND DISCUSSION

5.1 ELstimation of Biophysical Parameters by the Integration of Spaceborne
LiDAR Point Cloud and Multispectral Imagery

5.2 3D Reconstruction of Trees and the Estimation of £LAI using
Terrestrial Laser Scanner

5.3 Direct Estimation of LAI using Terrestrial Laser Scanner

5.4 Estimation of Biophysical Parameters using Hyperspectral and LIDAR,
®oint Cloud

5.5 Chapter Conclusion

—(ountentsé——

This chapter presents the comprehensive results obtained from various
cases of experiments. A comparative statistical analysis was made for all the
methods with the corresponding reference field measurements. This chapter
further elaborates the analysis of estimated biophysical parameters retrieved
from the integration of multispectral imagery, hyperspectral imagery with
spaceborne LIiDAR point cloud. The results of LAI, height, and DBH of the
trees sampling in Mudumalai forest from the terrestrial laser scanner point
cloud are also described. The results are analyzed specifying the significance
of each result and the relevance of the findings. The results are presented in
the same order followed in the Chapter 4 methodology and experiments.

5.1 Estimation of Biophysical Parameters by the Integration of
Spaceborne LIiDAR Point Cloud and Multispectral Imagery
5.1.1 Estimation of Canopy Height

The Digital Elevation Model (DEM), Digital Surface Model (DSM) and
the Canopy Height Model (CHM) generated from the GLAS point cloud
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captured over Mudumalai forest are depicted in the Figures 5.1, 5.2 and 5.5. The
DEM, DSM, and CHM for the Sholayar forest are shown in Figures 5.3, 5.4 and
5.6. The CHM of Sholayar forest indicates the tree heights ranging from 1m to
66 m. Most of the trees are within the height of 20.52 m, the mean height of the

area. For the Mudumalai forest, the range of the tree height is 1m to 60 m.
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Figure 5.1 DEM of Mudumalai forest Figure 5.2 DSM of Mudumalai forest

The elevation values of the Mudumalai forest vary between 1 m to
1000 m (Figure 5.1). From the DEM and DSM, canopy height models were
obtained by normalizing DEM and DSM. The elevation values of Sholayar
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forest are also varying up to 1000 m as given in DEM and DSM. From Figures

5.1 and 5.2, there are regions with lower elevation values (0 to 250 m) and

higher elevation values (750 m- 1000 m).
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Figure 5.3 DEM of Sholayar forest

Figure 5.4 DSM of Sholayar forest

The DEM of Sholayar forest shows the highest elevation of 400 m at

the middle left portion of the image (Figure 5.3). Lower elevation regions are

also there of range 1 m to 40 m. DSM of Sholayar forest indicates a maximum

elevation value of 1000 m as in Figure 5.4.

As evident from Figure 5.6 most of the trees are in the height of range 1

to 66 m in the Sholayar forest. The canopy height model indicates the

possibility to model the canopy height of the dense forest of Mudumalai and

Sholayar forest from the GLAS full waveform datasets. The CHM of Sholayar
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region indicted the canopy height values of forest area. From the CHM model
(Figure 5.6), the bottom portion and the middle portion of the image in the
Sholayar forest indicate lower canopy height in the range 1 mto 15 m
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Figure 5.5 CHM for Mudumalai Forest Figure 5.6 CHM for Sholayar Forest

In the region with height values 1 to 5 m, the presence of undergrowth
is predominant. In some regions of Sholayar forest, the height of the canopy is
in the range 20 m to 30 m which indicates taller tree species. From the CHM
model, it is also evident that there are regions with taller tree species with

height in the range 40 m to 66 m.

From the CHM of Mudumalai forest, trees of height 1m to 5 m
indicates the predominance of undergrowth and most of the trees are of height
values between 1 m to 15 m. In some regions of Mudumalai forest, the tree
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height varies from 15 m to 30 m as in Figure 5.6. There are also regions with
taller trees of height 40 m — 60 m range indicating the presence of old preserve

woody forest species, specific to the Western Ghats.

5.1.1.1 Validation of Canopy Height of Mudumalai Forest and Sholayar

Forest

The canopy height obtained from CHM of both the forest region is
compared with field measurements in the corresponding sites. Figure 5.7(a)
shows the comparison of estimated canopy height and the measured canopy
height. A strong correlation of about R? =0.98 exists between the estimated

canopy height and the measured canopy height for Mudumalai forest.
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Figure 5.7: a) Variation of estimated tree height with respect to the measured
tree height of Mudumalai region, and b) Deviation of the
estimated tree height with respect to the measured height for
Mudumalai forest

Deviation of the estimated height from the CHM with respect to the
measured canopy height is shown in Figure 5.7(b). The deviation of the estimated
canopy height is about + 15% of the measured tree height. Contrary to some of
the studies, which have used airborne LIDAR point cloud and indicate a
consistent underestimation of the canopy height, the results indicate both the
possibilities of underestimation and overestimation of the canopy height. The
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presence of substantial understory and the generally rugged nature of the terrain of
the study site may be responsible for the change of sign of the deviation of
estimated canopy height in comparison with the measured canopy height. From
Figure 5.7(a) it is clear that most of the study area is covered with trees of lower
and medium height, indicating vertical degradation of the forest, the loss of tall and

woody tree species for which this study site (Mudumalai forest) is known generally.

The scatter diagram plotted for comparing the image estimated height
and the measured tree height of Sholayar region indicated a strong correlation

of about R % =0.97, and as shown in Figure 5.8.
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Figure 5.8: a) Estimated canopy height versus measured tree height and b)
Deviation of the estimated canopy height from the measured
height for Sholayar forest

Figure 5.8(a) shows the comparison of estimated canopy height and the
corresponding measured canopy height. A strong correlation of about R ?=0.97
exists between the estimated and the measured canopy heights for Sholayar
forest. Deviation of the estimated height with respect to the measured canopy
height is shown in Figure 5.8(b). The deviation of the estimated canopy height

is about + 15% of the measured tree height.

Similar to the observed deviation for canopy heights of Mudumalai, the

deviation indicates both the possibilities of underestimation and overestimation

110 Estimation of Biophysical Parameters of Tropical Forest Using Opfical and LiDAR Remote Sensing Techniques: A Case Study from Western Ghats of India -—



Results and Discussion

of the canopy height. As the tree height increases, the LIiDAR point cloud based
canopy height is substantially underestimated. From Figure 5.8(a), most of the
study area is covered with trees of lower and medium height, indicating vertical

degradation of the forest, as also observed in Mudumalai forest region.
5.1.2 Estimation of Canopy Density and Understory Vegetation Height

The canopy density for both the Mudumalai forest and Sholayar forest

was obtained and are presented in Figures 5.9 and 5.10 respectively.
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Figure 5.9 Canopy density of Mudumalai forest
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Figure 5.10: Canopy density of Sholayar forest

The canopy density of Mudumalai forest shows great variation from
0.547 to 0.958. The regions with higher canopy density are correlated with the
location of thick forest coverage with some extent of understory vegetation. A
variety of tree species with clumped branches are seen with some thick
understory vegetation of different shrub species. Similar to Mudumalai forest,
the canopy density of Sholayar region exhibits a great variation in the density
ranging from 0.22 to 0.912. Dense forests can be seen at forest regions where
the canopy density is higher. The spatial variation indicates the degradation of

forest patterns.
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The estimated undergrowth vegetation with height up to 5 m is
represented in Figure 5.11 for Mudumalai forest. The height of undergrowth of
Sholayar forest (Figure 5.12) is found to be slightly lower (up to 4 m).
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Figure 5.11: Understory vegetation height of Mudumalai forest
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Figure 5.12: Understory vegetation height of Sholayar forest.

The spatial variation of understory vegetation height of the Mudumalai
forest indicates the presence of thick undergrowth, mainly perennial
weed/shrub species height cut off up to 5 m. Various studies have reported the
presence of a range of invasive species such as Lantana Camera in these
forests. A large number of shrubs, moss cover, grassy species and also a
variety of species with medicinal significance are estimated to be covering

most of the undergrowth of these forest regions. Similarly, for Sholayar
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forest, the understory indicates the presence of a variety of shrubs, moss
covers with medicinal properties as undergrowth. For regions with taller trees,

thick understory vegetation is found.

From the canopy density estimates, for the regions having higher
canopy density, the understory vegetation growth is found to be less. Canopy
density for Mudumalai forest has an average value of 95% and the region
having lower canopy density indicates the presence of thick undergrowth
vegetation. For the Sholayar forest, the canopy density has an average value of
91%. Thick understory vegetation growth is seen in the region with lower

canopy density.

5.1.2.1 Statistical Validation of Understory Vegetation Height of

Mudumalai and Sholayar Forests

The height of understory vegetation of Mudumalai forest and Sholayar
forest were compared with the measured height. As the trend of over-story
vegetation, there is a strong correlation (R?=0.91) between the estimated and
measured understory vegetation heights. The minimum and maximum
deviation from the measured tree height is also indicated as a scatter diagram.
Figure 5.13 (a) shows the scatter plot of estimated understory vegetation
height versus measured understory vegetation heights in the case of

Mudumalai forest.
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Figure 5.13: a) The variation of estimated understory height from measured
values and b) Relationship of understory vegetation height with
the canopy height for Mudumalai forest

Comparison of the understory vegetation height of Mudumalai forest
with respect to canopy height indicates that for the canopy height of lower to
medium height, there is substantial understory vegetation with height varying
between 1 and 5 m. However, in the case of taller trees, relatively less
proportion of understory growth is evident with height less than 2 m. Scatter
plot showing the variation of understory vegetation height with respect to the
canopy height of Mudumalai forest is also shown in Figure 5.13 (b). As
evident from the results of canopy height modeling, most of the areas with
lower to medium level canopy heights have thick understory. Based on the
literature available, the dominant vegetation species which form part of the
understory vegetation are invasive species which include Lantana Camera,
Crotalaria Laevigata, Nilgirianthus Barbatus, Mimosa Pudica etc
(Muthuramkumar et al., 2006; Latifi et al., 2017) and shrubs with medicinal
values like Mimosa pudica, Leucas indica, Tectonia grandis etc. As the trees
become much taller, the presence of undergrowth is low. The undergrowth
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species typically found when trees are taller are grass species and other small
herbs which are less than 1m tall which indicates the healthy status of

vegetation in these regions.

Similarly, the height of understory vegetation was compared with the
measured height for Sholayar forest. As the trend of overstory vegetation,
there is a correlation (R 2 =0.73) between the estimated and measured
understory vegetation heights. The minimum and maximum deviation from
the measured tree height is plotted as a scatter diagram. Figure 5.14(a) shows
the scatter plot comparing estimated understory vegetation height with

measured understory vegetation height of Sholayar forest.
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Figure 5.14: a) Scatter plot showing the variation of understory vegetation
height with the measured understory height and b) the variation
of estimated understory vegetation height and the canopy height
estimated for Sholayar forest

Scatter plot showing the variation of understory vegetation height with
respect to the canopy height for the Sholayar forest is also shown in Figure
5.14(b). Comparison of the understory vegetation height with respect to

canopy height indicates that for the canopy height of lower to medium height,
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there is a substantial understory vegetation growth with height varying
between 1 and 4 m. However, in the case of taller trees, relatively less

proportion of understory growth is evident with height less than 2.5 m.

As evident from the results of canopy height modeling, most of the
area with lower to medium level canopy height have thick understory, as also
observed for Mudumalai forest. The vegetation species which form part of the
understory vegetation are invasive species which include Lantana Camera,
Hydrocotyle javanica and moss covers (Muthuramkumar et al., 2006). There
are several shrubs which have medicinal values like Anona squamosa,
Dioscoeia bulbifera, Momordica dioica, Ficus racemosa, etc. are found to be
abundant in these regions. The medicinal values of these shrubs include
treatment of tumors, cancer, diabetes, etc. As the tree heights become much
taller, the presence of undergrowth is low. In the case of the taller trees, the
common undergrowth species are grass or herbs with a height of
approximately 1 m to 2 m. The undergrowth species typically found when
trees are taller are grass species, and other small herbs which are less than 1 m

tall indicates the healthy status of vegetation in these regions.

The estimated canopy height and understory vegetation height values
indicate consistent correlation with the measured values. A strong correlation
is obtained between canopy density and understory vegetation height. The
variation in canopy density is due to several factors like fire, landslides or
ecological successions, etc. which severely disturb forest (Vandermeer, 1995).
Also, anthropogenic activities like population pressure, fuel and fodder
collection, fire, grazing, timber extraction affect the forest canopy and reduce
the canopy density considerably (Hussin and Sha,1996; Geist &
Lambin,2001). The variation in canopy density is also due to the

microenvironmental factors like light availability, nutrients, and soil moisture.
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The observed lower canopy density indicates the human intervention as well
as forest microenvironmental conditions. LiDAR point cloud is found to be
leading overestimation at lower level tree canopy height and understory
invasive species of minimum height 1 m can also be estimated by LiDAR
point cloud. Underestimation is less compared to overestimation. In the case of
taller trees, the deviation is less when comparing the canopy height estimated
with the in-situ measurements. Similar kind of observations of overestimations
and moderate underestimation are reported in the literature (Lim et al.,2003;
Woulder et al., 2007).

The canopy height is an important significant source of information for
biomass prediction and carbon accounting. Also, estimation of the height of
the undergrowth provides potential information about soil condition, canopy

gaps and the possible existence of invasive species in the understory.

5.1.3 Estimation of Vegetation Indices by Integrating Landsat
Imagery and LiDAR Point Cloud

Vegetation indices were extracted for Mudumalai and Sholayar forest
regions. NDVI, DVI is shown in Figure 5.15 and EVI, GDVI for Mudumalai
are represented in Figure 5.16. GRVI and LAI are shown in Figure 5.17, MSI
and NDW!I for Mudumalai are shown in Figure 5.18. GNDVI and RVI of
Mudumalai are given in Figure 5.19, and SAVI for Mudumalai is given in
Figure 5.20.
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Figure 5.15: NDVI and DVI of Mudumalai Forest

NDVI values indicates a maximum of 0.947 and the values predict the
structure of the canopies in the forest. The lower portion of Figure 5.15
indicates a higher value of NDVI which shows the predominance of woody
and nonwoody tree species and less level of disturbance of forests. Here the
trees with height range 10-30 m are predominant as evident from the CHM
model. The presence of understory species is also dominant in these regions
with height ranging from 0.5 m to 4 m. In the upper portion and middle
portion, there are some regions with lower value of NDVI which indicates the
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disturbed forest area, settlement area, and waterbody. DVI of Mudumalai
forest varies with a maximum value of 0.943. The DVI is found to be higher
for the bottom portion of the study area which indicates the presence of
diverse forests with woody and nonwoody tree species with a height range 10 -
35 m with marginal disturbance. In the top portion of the image (Figure 5.15),

the lower DV indicates the degradation of forest and the presence of the built-

up area.
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Figure 5.16: EVI and GDVI of Mudumalai Forest
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EVI of Mudumalai forest varies with a maximum value of 0.913
indicates the regions with higher LAI values. Only a few portions of the image
(Figure 5.16) indicate lower values of EVI, at the bottom portions higher value
of EVI indicates the presence of thick canopy and understory vegetation as
clear from the CHM model. GDVI indicates a maximum value of 0.83,
showing the presence of moderate to higher nitrogen in the trees. In the bottom
left portion of the image (Figure 5.16), the higher value of GDVI can be

observed. In the upper portion of the image, the lower value of GDVI is

dominant.
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Figure 5.17: GRVI and LAI of Mudumalai
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GRVI of Mudumalai forest indicates a maximum value of 0.97. The
regions of the bottom portion of the image (Figure 5.17) indicates higher
values of GRVI in which the canopy height of the region range from 15- 30 m
as per CHM model. This shows the diversity of the forest in these portions,
with a large number of tree species and a thick understory. The LAI value of
Mudumalai forests has a maximum value of 3.005.

LAI is found to be higher at the bottom portion of the image (Figure
5.17). In these regions, a large number of tree species along with thick
understory are seen, and height of the trees in these regions varies from 10 m -
30 m with thick understory vegetation with 1m to 5 m height as shown in the
CHM model. The region with lower value of LAI indicates the degradation of
forests, or the presence of built up lands, shrubs or water body.
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Figure 5.18: MSI and NDVI of Mudumalai Forest
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Moisture stress index of Mudumalai forest indicates a maximum value
of 0.445 and the regions with the high values indicated a water stress region
with less water content. The bottom portion of the image (Figure 5.18)
indicates lower values of MSI. The top right portion has a higher value of MSI
which indicates water content is high in this region. The NDWI of Mudumalai
forest indicates a maximum value of 0.994, which indicates higher forest water
content and forest cover. NDWI can indicate the moisture content and is a
drought indicator which gives quicker response to drought. GNDVI is found to
be higher at the bottom portion of the image (Figure 5.19) in which the tree
species having height 10 m-30 m are found to be dominant as per the CHM
model. In the image, yellowish portions indicate lower GNDV1 values.
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Figure 5.19: GNDVI and RVI of Mudumalai forest
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GNDVI value of Mudumalai forest calculated has a maximum value of 1.
The maximum value of RV1 is 1 and can be used to infer about forest biomass
condition. RVI is found to be less at the upper right portion of the image (Figure
5.19) wherein these regions tree species are found to be less, and the degradation
of the forests is high. At the bottom portion of the image, RVI is high which
shows the presence of thick canopy and understory tree species.

SAVI of Mudumalai forest indicates a maximum value of 1.32 which is
also related to forest biomass. At the bottom portion of the image (Figure 5.20),
SAVI value is higher which indicates the presence of thick canopy. The height
of the tree species is in the range 10 m- 30 m as in the CHM model. In some
upper left regions of the image, SAVI is found to be lower, and in these regions,

the degradation of forests can be high or there is less proportion of forest.
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Figure 5.20: SAVI of Mudumalai Forest
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For the Sholayar forest, the vegetation indices extracted for the Landsat
imagery are shown in the following figures. Figure 5.21 indicates the DVI and
EVI of Sholayar forest

W40 N

Figure 5.21: DVI and EVI of Sholayar forest

DVI of Sholayar forest varies with a maximum value of 0.786. The red
portions of the image (Figure 5.21) indicates lower values of the DVI, which
shows the absence of vegetation. EVI of Sholayar varies up to a maximum
value of 0.891 and indicates the regions with higher LAI values. Some of the
bottom right portions of the image (Figure 5.21) indicates lower values of
EVI, mainly in the regions without vegetation area or the waterbody.
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Figure 5.22: GRVI and LAI of Sholayar forest

Figure 5.22 depicts the GRVI and LAI of Sholayar forest. GRVI
indicated a maximum value of 0.98 and is less sensitive to regions with high
vegetation cover. The regions with red color in the image (Figure 5.22) indicate
a lower value of GRVI in which forest is degraded or absent. LAI value of
Sholayar forest has a maximum value of 2.38. The bottom left portion of the
image (Figure 5.22) indicates lower LAI values indicating severe degradation of
forest. The portions with a higher value of LAI is found because of the thick
canopy with height ranging from 5 m-25 m as also evident in the CHM with a
large number of tree species with a thick understory.
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Figure 5.23: GNDVI and GDVI1 of Sholayar forest

The GDVI and GNDVI of Sholayar forest area are shown in Figure
5.23. The upper portions and some regions of the middle and lower portion of
the image (Figure 5.23) with lower values of GNDVI are indications of
degradation of the forest. GDVI indicates a maximum value of 0.46, indicating
the substantial portion of the Sholayar forest degraded. The portions with a
higher value of GDVI have a thick canopy with height ranging from 5 m to 25
m, as shown in the CHM model of Sholayar forest. The Moisture Stress Index
and NDWI of Sholayar forest are shown in Figure 5.24. Moisture stress index
of Sholayar forest indicates a maximum value of 2.07 and the regions with the
high value indicates water stress. The NDWI of Sholayar forest indicated a
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maximum value of 1 which indicates higher forest water content and forest
cover. NDWI can indicate the moisture content and is a drought indicator
which gives quicker response to drought. The upper portion of the image
(Figure 5.24) and in some parts of the lower portion indicates lower values of
NDW!I, which shows the degradation of the forest.

%6°35'30"E 7%6°40'30"E XISI'E W3R

R

10°24'0"N 4" _- _‘,r_‘ 3 <. ey & 10°24'0" N

10°18'0"N

10°18'0"N

10°12'0"N

Figure 5.24: Moisture Stress Index (MSI) and NDWI of Sholayar

The RVI, SAVI, and NDVI of Sholayar forest are presented in Figures
5.25 and 5.26 respectively.
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SAVI of Sholayar forest indicated a maximum value of 0.794. The
portion of the image (Figure 5.25) with lower RV are indicated by yellow and
orange colors. In the upper portion of the image (Figure 5.25) and some

middle portion of the image SAVI is found to be less.
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Figure 5.25: RVI and SAVI of Sholayar forest

NDVI values indicate a maximum of 0.849 indicating the presence of

healthy and dense woody trees in some regions.
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Figure 5.26 NDVI of Sholayar forest

NDVI value is found to be higher in the regions with a thick canopy
and understory vegetation. The height of tree species in these regions varies
from 5 m- 45 m which is evident from the CHM of Sholayar forest. The
portion of the image (Figure 5.26) in red color shows the lower values of
NDVI, indicating the absence of thick vegetation due to the human

intervention, or due to the degradation of forest.
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5.1.4 Estimation of Biomass

The predicted biomass from the integrated multispectral Landsat
imagery and GLAS point cloud of the Mudumalai forest have values range
from 130.5 Ton/Ha to 385.4 Ton/Ha as in Figure 5.27 and for the Sholayar
forest, estimated values range from 65.7 Ton/Ha to 389.5 Ton /Ha as shown in
Figure 5.28.
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Figure 5.27: Estimated biomass of Figure 5.28: Estimated biomass for
Mudumalai forest Sholayar forest

The upper portion of the image (Figure 5.27) in orange shows lower
biomass values. These regions indicate degradation of forest due to shifting
cultivation, forest fire or logging. The other regions indicate good amounts of

Estimation of Biophysical Parameters of Tropical Forest Using Opfical and LiDAR Remote Sensing Techniques: A Case Study from Western Ghats of India -



Results and Discussion

biomass which indicates the healthy status of those regions in the forest. These
regions consist of a large variety of woody and nonwoody tree species with
height range 5 m to 50 m as shown in CHM of Mudumalai forest. Thick
understory vegetation is also identified with height range 1 m to 4 m from the
estimates of CHM.

In Figure 5.28, the region which appears as white indicates very low
biomass are areas of non-forest lands, intensely populated or water bodies.
Degradation of forests is also indicated. Variety of tree species having a height
varying from 5 m to 55 m is found as also indicated by the CHM of Sholayar
forest.

5.1.4.1 Statistical Analysis of Biomass of Mudumalai and Sholayar Forests

Results of comparison of estimated biomass of Mudumalai forest and
the reference biomass values are shown in Figure 5.29(a) Results shows a
strong correlation (R >=0.97) between the reference biomass values and the

estimated biomass.
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Figure 5.29: a) Variation of estimated biomass values with reference
biomass and b) the variation of estimated biomass with
canopy height of Mudumalai forest
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The deviation of biomass is noted by plotting biomass as a function of
tree height for Mudumalai forest as shown in Figure 5.29(b). It is noted that

biomass values are higher for taller trees species for the study area.

Further, the estimated biomass compared with the NDVI generated,
indicate a strong correlation for the Mudumalai forest. Biomass is higher for
regions with higher NDVI values. For the NDV1 values varying between 0.784
to 0.947, the biomass values are found to be higher with values from 250
Ton/Ha to 385.4 Ton/Ha.

Results of the comparison of estimated biomass and the reference
biomass values of Sholayar forest are shown in Figure 5.30(a) There is a
moderate correlation between estimated and measured biomass (R?=0.96), as

against the observed strong correlation for the same for Mudumalai forest.
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Figure 5.30: a) Scatter plot showing a comparison of estimated biomass
of Sholayar region with reference biomass and b) the
scatter plot showing biomass as a function of canopy height
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The variation of biomass as a function of canopy height as shown in
Figure 5.30(b) indicates a consistent correlation. The direction of the
difference between estimated and reference biomass is almost independent of

the magnitude of canopy height.

Further, the estimated biomass compared with the NDVI indicate a
strong correlation for the Sholayar forest. It is clear that biomass is higher for
regions with higher NDVI values. For the NDVI values varying between 0.484
to 0.849, the biomass values are found to be higher with values from 280

Ton/Ha to 389 Ton/Ha.

5.1.5 Estimation of Vegetation Indices and Biomass by the

Integration of LIDAR with Sentinel-2 Imagery
5.1.5.1 Estimation of Vegetation Indices

Vegetation indices estimated by integrating Sentinel-2 data imagery
with GLAS point cloud shown in Figures 5.31 and 5.32. EVI indicates a
maximum value of 2.49 for Mudumalai forest. NDWI has the maximum value

0.606 indicating the forest stress due to less moisture content.

The bottom portion of Figure 5.31, in yellow, indicates a lower value of
EVI. The region with higher values of EVI correlate with regions with a wide

variety of tree species, thick canopy and understory vegetation reported.
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Figure 5.31: EVI of Mudumalai Figure 5.32: NDWI of Mudumalai
forest forest

The Normalized Difference Infrared Index (NDII) and LAI values of
Mudumalai forest are depicted in Figures 5.33 and 5.34 respectively. The
maximum value calculated for NDII is 1, and it indicates the presence of lesser
water content. LAI calculated for Mudumalai forest has a maximum value of
5.67. In most of the region in the image (Figure 5.34) the canopy water content
is high, but in a few portions, which shows in yellow, the canopy water
content is less. LAI value is found to be higher in the topmost portion of the

image (Figure 5.34).
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Figure 5.33: NDII of Mudumalai Figure 5.34: LAl of Mudumalai
forest forest

For the Sholayar forest, NDII, LAI, and EVI were calculated and are
shown in Figure 5.35. It is shown that NDII showed higher values at regions
having higher water content. EVI indicates a maximum value of 2.47 in the
Sholayar forest. Estimated LAI has a maximum value of 5.34.
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Figure 5.35: NDII, EVI, and LAI of Sholayar forest

The value of NDII is found to be higher in most part of the image
(Figure 5.35) though some regions which are red in color indicates a very low
value of NDII. From the image, the upper portion indicates a lower value of
LAI. Other portions have a higher value of LAI, which shows the presence of

a wide variety of tree species.
5.1.5.2 Estimation of Biomass

The estimated LAI from the Sentinel-2 imagery for both the study
regions and the canopy height obtained from GLAS point cloud were
regressed using support vector regression, for the estimation of biomass. The
estimated biomass for Mudumalai forest and Sholayar forest are shown in
Figures 5.36 and 5.37 respectively.
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Figure 5.36: Estimated biomass of Figure 5.37: Estimated biomass of
Mudumalai forest Sholayar forest

For Mudumalai forest, the estimated biomass has a maximum value of
394.3 Ton/Ha, and for Sholayar forest, the estimated biomass has a maximum
value of 388.1 Ton/Ha. The image shows a significant gradient in biomass.
These regions show a wide variety of tree species woody and nonwoody
species with height attributes of 5 m-55 m from the CHM of the Mudumalai
forest. For the image (Figure 5.37) the middle left portions which appear in
green shows higher biomass values indicating the presence of thick forest and
understory vegetation. These regions show the spatial variation with

substantial biomass values.
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5.1.5.3 Statistical Analysis of the Results on Integration with Sentinel Data

The estimated biomass using Sentinel-2 imagery integrated with GLAS
point cloud were compared with the reference biomass values. LAI values
were also compared with the field measurements of LAI, and the scatter plot
showing the variation of the estimated LAI with the measured values of LAI is

shown in Figure 5.38.
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Figure 5.38: Scatter plot showing the variation of LAI with field
measured LAI for Mudumalai forest and Sholayar forest

A strong correlation of about R?= 0.98 is obtained when LAI estimated
is compared with the field measured LAI values for Mudumalai forest. For
Sholayar forest similar correlation is existing (R?= 0.978). The scatter plot
showing the variation of the estimated biomass with the measured biomass of

both the forest regions are shown in Figure 5.39.
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Figure 5.39: Scatter plot comparing the estimated biomass and
reference biomass for both the study sites.

Results indicate that the integrated analysis of Sentinel-2 imagery and
LiDAR point cloud effectively estimated biomass of Mudumalai and Sholayar

forest.
5.1.6 Discussion

Biophysical Parameters’ Estimation by the Integration of Multispectral

Imagery with the Spaceborne LIiDAR Point Cloud.

The comparison of the image estimated height values and the measured
height values for the two study areas indicate a strong correlation (R?= 0.98,
R? = 0.97). For the understory vegetation heights also, a strong correlation is
evident for Mudumalai forest, R?=0.91 and Sholayar forest, R?=0.73. Trees of
height 5-10 m including Anogenessius Latifolia, Bambusa Arundunacea,
Butea monosperma, Ficus Benghalensis, etc are found to be dominant in the
Mudumalai forest (Reddy et al., 2008). The deviation of estimated canopy
height in comparison with the measured canopy height indicates the presence

of aggressive invasive undergrowth species such as Eupatorium odoratum,
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Lantana Camera and grass species like Cyrtococcum patens, Apluda mutica
and Imperata cylindrica (Sukumar et al., 1991) in Mudumalai forest. For the
Sholayar forest, the results indicate tree species of the average height of 24 m
and typical tree species are Palaquium ellipticum, Cullenia exarillata, etc (Nair
and Sasidharan, 1985). The highest biomass value of Sholayar forest is 389.5
Ton/Ha and of Mudumalai forest is 385.4 Ton/Ha.

The thesis focusses on the application of spaceborne full waveform
LiDAR point cloud for the estimation of the forest structural variables and
undergrowth. The work also validated the application of large footprint
spaceborne LIDAR to accurately determine the canopy topography, forest
structure, and canopy density in dense vegetation conditions and varied
topography of complex forest environment of the Western Ghats. Disparity
arises in the estimated canopy height in specific regions because of the
missing of the GLAS point cloud in these regions. For the effective modeling
of the forest structural variables, it is required that the LiDAR footprints
should be continuous. Hence, a continuous coverage of data is needed since
the discrete nature and fewer number of footprints of GLAS point cloud limit

the extension of the study for large aerial extent of Western Ghats.

The study has estimated the forest structural variables in the selected
regions of the Western Ghats region of India by utilizing the spaceborne
LiDAR (ICESat/GLAS) point cloud. The structural variables estimated are
canopy height, canopy density and the height of the undergrowth canopy. A
strong correlation (R?=0.98) is obtained when estimated canopy heights are
compared with the ground measurements for both regions. The canopy height
model developed enables the estimation of the height of invasive undergrowth
species in the Western Ghats region with consistent correlation. From the

results, large footprint spaceborne LIiDAR point cloud can be used to develop
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forest canopy height models as well as to perform forest structural analysis.
The present study can as well as be applied to a large area which can lead to
the national forest monitoring with the spaceborne laser altimetry. The study
underscores the possibility of the GLAS ICESat point cloud for the extraction
of forest variables and models which can form a significant factor for
sustainable forest management. The study indicates that spaceborne full
waveform LiDAR point cloud when utilized judiciously and appropriately has
the potential to open the enormous application in the case of sustainable forest
management practices which will significantly contribute to enhancing the

knowledge and measurement practices of the forest management community.

The study has attempted the direct estimation of canopy height and
biomass for Mudumalai forest and Sholayar forest of Western Ghats of India
including the height of the understory vegetation. Both the spectral and
LiDAR point cloud is integrated at the pixel level and supervised learning
predictive algorithm; namely support vector machine has been used for the
estimation of biomass across the two study areas. The estimated biomass, as
well as the canopy height from the integrated LiDAR point cloud, has been
validated with reference measurements. The results indicate that there is a
strong correlation between estimated and measured canopy height from the
GLAS point cloud and biomass for both the study areas. However, the
deviation between the measured and estimated parameters is found varying
consistently by the overall tree heights of the region. It is found that when tree
height is less, LIDAR point cloud based estimates are found to be
overestimated. Deviation of the estimated canopy height from the measured
tree height is found to be more in the case of shorter trees, and similar
observation of overestimation is also reported in some literature (Hopkinson et
al., 2005; Lim et al., 2003; Clark et al., 2004). LiDAR point cloud is found to
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overestimate at lower level tree canopy height. Lower deviation of the
estimated canopy heights from the measured canopy heights is observed in the
case of taller trees. A level of underestimation of tree height for taller tree
species also endorses the observation made by some other earlier studies
(Andersen et al., 2006; Wudler et al., 2007). Underestimation is less severe
compared to overestimation. The estimation of the height of understory
vegetation is possible from the LIiDAR point cloud. In the case of estimation
of the height of understory vegetation, invasive species having minimum 1 m
height can also be estimated by LIiDAR point cloud where the canopy is
relatively less dense and shorter. In the case when the trees are very tall, which
is likely to be of the thick canopy, there is no understory indicated by the
LiDAR point cloud.

5.2 3D Reconstruction of Trees and the Estimation of LAI

using Terrestrial Laser Scanner

5.2.1 3D Point Cloud Segmentation using Hierarchical Min Cut
Method

The 3D segmentation and extraction of the individual trees from the
perspectives of top view and side view are shown in Figure 5.40. Tree trunks
are unambiguously segmented and identified, which suggests us the
applicability of 3D mapping of trees using the min-cut algorithm. The
hierarchical min-cut segmentation plays a potential role in individual tree
reconstruction and further extraction of crown points. The algorithm
successfully extracts individual tree crown points corresponding to each trunk
and successfully separates individual trees in the point cloud. Trees which are
very close to each other are also detected accurately thereby providing an

optimized segmentation result.
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a) Original TLS point cloud

c) Top Vie B

Figure 5.40: a) Original TLS point cloud; b) delineation of trees based
on height; ¢) top view of the TLS after segmentation; d)
side view of individual trees after segmentation

3D reconstruction of the trees is also possible after the 3D segmentation

of the individual trees as implemented in this work.

Figure 5.41: Failure in the case of tree crown detection and trunks
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But the mini-cut method fails to detect trees where the tree trunks are
curved and have irregular double trunks, and there is a further possibility of
detecting the crowns of the neighboring trees in the case of trees with missed
trunk points (Figure 5.41). There is a chance of splitting trees into two
independent trees in cases when the trees are branched from the bases (Figure
5.41). But, this can be mitigated by changing the scanning positions of the

equipment and by co-registering the corresponding point clouds.
5.2.2 Segmentation Based on Super Voxel Clustering Method

Based on the super voxel clustering, the individual trees are segmented
as super voxels. As evident from Figure 5.42, the method also successfully
extracts the tree trunks and crown points. 3D reconstruction of individual trees
was successfully done based on the method and as shown in Figure 5.42.
Compared to the min-cut method, the super voxel method detects the trees
even when they are closely connected and clumped. However, in some cases,
there is a possibility of detection of the crown of the trees having missed

trunks.

a) Side View b) Top View ¢) Delineation of trees based on height

Figure 5.42: Super voxel clustering results-a) side view of trees by
super voxel clustering; b) top view; c¢) Delineation of trees
based on height
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5.2.3 Estimation of Structural Metrics

Individual tree height was estimated from 3D segmentation of TLS point
cloud using hierarchical min-cut segmentation results and super voxel clustering
results. The height values are compared with the ground measurements for
validating the performance. Figure 5.43 shows a statistical comparison of the

detected tree heights with the ground measurements by both the methods.
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Figure 5.43: Variation of estimated tree height with the measured tree
height using a) hierarchical segmentation; b) super voxel
segmentation

As evident from Figure 5.43, TLS based individual tree height
estimates exhibit a consistent correlation with the in-situ measurements. For
the min-cut segmentation method the correlation is R>=0.98, and for super

voxel segmentation, the correlation is R*=0.97.
5.2.4 Estimation of LAI from TLS

Two methods are used for the estimation of LAI from the TLS point cloud.
The first method is the estimation of LAI by the multivariate regression of height
and DBH retrieved from the 3D segmentation process. In the second method, a
new algorithm is proposed for direct estimation of LAI from TLS point cloud
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5.2.5 Estimation of Leaf Area Index by Multivariate Regression

LAl was estimated by multivariate regression from the 3D
segmentation results of the structural metrics of both hierarchical min-cut
segmentation and super voxel segmentation method. A comparison of

estimated LAI and the in situ LAI measurements are shown in Figure 5.44.

Hierarchical min cut Super voxel segmentation
sementation 7
5 V= 1.0986x + 0.1247 6 y =1.0432x - 0.1032
< R2=10.98 [ ) -5 R2=10.987
=y 3
£ =
= s
2 D
=
1 ]
0 0
0 9 4 6 0 2 4 6
Estimated LAI Estimated LAl

Figure 5.44 Comparison of estimated LAI with in situ LAI

The estimated LAI and the measured LAI show a strong correlation
(R?= 0.98) indicating that both the segmentation method can be used for
individual tree segmentation. Three-dimensional reconstruction of trees was

accurately done by using TLS point cloud segmentation approach.
5.3 Direct Estimation of LAI using Terrestrial Laser Scanner

The individual trees along with the segmented super voxels are shown
in Figure 5.45.
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Figure 5.45: a) Segmented and reconstructed trees by hierarchical min-
cut method and b) super voxel clustering results

For the present study, the individual trees within a box dimension were
segmented, and the proposed PSD algorithm was implemented based on the
density of trees. The point spacing of the TLS point cloud is 6 mm. LAI was
calculated for all the reconstructed trees in the study area. The performance of
the PSD algorithm was tested by comparing the LAI values estimated with in-

situ LAl measurements.
5.3.1 Tree Reconstruction

The results of the 3D segmentation reconstruction of trees are shown in
Figures 5.46 and 5.47 respectively. Both the algorithms successfully extracted
individual trees and reconstructed trees conforming to the typical shapes of

trees in the study area.
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b) q

Figure 5.46: a) TLS point cloud, b) point cloud after minimum cut
segmentation, c) reconstructed trees

Figure 5.47: a) TLS point cloud, b) segmentation results of super voxel
clustering, c) reconstructed trees
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A 3D model of the reconstructed trees is shown in Figure 5.48.

Figure 5.48: 3D model of reconstructed trees

5.3.2 Estimation of LAI by PSD Algorithm

LAI was estimated by the proposed Point Spatial Density algorithm
(PSD). LAI values of individual trees are computed. Trees are selected within
specific box dimensions, and the number of points for each tree is noted. The
selected trees within the box dimensions are shown in Figure 5.49.
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Figure 5.49: Reconstructed trees selected for applying the PSD algorithm

For example, to a selected tree, the number of points for a given area
(np) = 676, d=6 mm for the given instrument. The LAI estimated from the
proposed PSD algorithm is 1.622.

Modelled LAI values of some of the trees estimated by the PSD
algorithm for both the segmentation methods are shown in Tables 5.1 and 5.2.
The LAI values estimated by PSD algorithm for the individual trees and the
corresponding in situ measurements of LAI are compared for performance
validation (Figure 5.50).
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Table 5.1: Modelled LAI and measured LAI from hierarchical min-cut

segmentation
Trees No g X(m) Y(m) Z(m) Modeled LAI gy
Points (N) measured LAI
1 1721 3.811 7.816 447 0.901 1.02
2 6456 13.442 10.573 11.437 0.572 0.62
3 15576 10.104 15.201 11.541 1.334 1.51
4 15323 8.114 1570 11.662 2.012 2.64
5 8480 7.097 6.669 5.894 2.510 31
6 11613 3.463 5.208 6.761 4.954 5.59
7 91378 20.349 16.333 15.505 3.902 4.06
8 30833 7.153 14.356 12.708 3.048 3.62
9 676 7.962 6.744 9.0949 0.122 0.55
10 59221 14.45 14.646 20.341 2.401 2.81
11 66955 11.652 19.337 14.982 3.687 4.25
12 10639 11.75 8.684 10.310 1.239 1.61
13 12080 11.015 9.59 12.487 1.132 1.23
14 1979 5.918 4.355 8.377 0.564 0.74
15 6090 5.597 6.841 11.198 1.059 1.41
16 1423 13.849 14.74 10.993 0.108 0.32
17 35505 14.982 12.271 8.720 3.621 4.62
18 19045 12.919 7.182 18.457 1.341 1.62
19 30808 21177 16.049 17.505 1.156 1.65
20 2175 12.294 11.178 14.928 1.490 1.38
21 14917 8.348 1.927 16.824 1.308 1.72
22 1250 3.649 3.541 8.918 0.467 0.56
23 23163 16.867 17.163 15.125 1.080 1.26
24 26315 114 9.4 15.2 2.016 2.24
25 13678 8.1 13 16.8 1.272 1.47
26 14808 19 8.8 16.4 1.301 1.48
27 6860 5.1 45 13.64 1.262 1.37
28 5494 2 0.92 11.92 4.388 4.67
29 4685 3.96 2.56 12.2 1.481 1.59
30 4491 5.6 4.88 18.48 0.559 0.76
31 12778 5.84 1.6 18.04 1.286 1.31
32 788 0.68 3.44 6.36 1.309 1.45
33 643 9.4 48 1.44 0.843 1.12
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Table 5.2: Modelled and measured LAI from super voxel segmentation

Trees LD o:’:’)omts X (m) Y (m) Z(m) Modeled LAI me:sr::eizidl Al
1 2035 3.811 7.816 4.48 1.063 1.02
2 8124 13.442 10.573 11.579 0.7112 0.62
3 17321 10.104 15.201 11.441 1.496 1.51
4 20324 8.114 7570 11.69 2.663 2.64
5 10712 7.097 6.669 6.013 3.108 31
6 12978 3.463 5.208 6.7 5.587 5.59
7 94123 20.349 16.333 15.325 4.066 4.06
8 32187 7.153 14.356 11.523 3.510 3.62
9 2992 7.962 6.744 9.449 0.520 0.55
10 62989 14.45 14.646 20.041 2.592 2.81
11 76623 11.652 19.337 15.182 4.164 4.25
12 14978 11.75 8.684 11310 1.591 1.61
13 15246 11.015 9.59 14.787 1.206 1.23
14 2188 5.918 4.355 7177 0.728 0.74
15 9541 5.597 6.841 11.779 1.578 141
16 11688 13.849 14.74 11.993 0.818 0.87
17 39645 14.982 12.271 7.909 4.458 4.62
18 21153 12.919 7.182 18.157 1.514 1.62
19 45889 ARV 16.049 17.120 1.761 1.65
20 18899 12.294 11.178 14.128 1.370 1.38
21 19109 8.348 1.927 16.124 1.748 1.72
22 11201 3.649 3.541 8.918 4.192 4.56
23 28127 16.867 17.163 15.725 1.261 1.26
24 51173 11.4 9.4 25.2 2.364 2.24
25 15923 8.1 73 17.23 1.444 1.47
26 14808 10.9 11.4 8.4 1.898 1.48
27 7899 5.1 45 14.64 1.354 1.37
28 25345 6.7 4 19.45 3.121 4.67
29 5785 3.96 2.56 13.2 1.691 1.59
30 3001 5.6 4.88 9.31 0.741 0.76
31 6778 5.84 6.6 10.04 1.307 1.31
32 1004 0.68 3.44 7.06 1.502 1.45
33 1943 9.4 4.8 3.44 1.066 1.12

From Tables 5.1 and 5.2, it is clear that the proposed PSD algorithm

estimates LAI, consistently and are reasonably accurate. A strong correlation
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of about R?= 0.96 and R? = 0.95 are obtained for hierarchical and super voxel

segmentation used respectively.
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Figure 5.50: Variation of estimated and measured LAI from the PSD
algorithm

This method thus seems to be applicable in estimating the LAI values
of complex heterogeneous forests which consists of tropical deciduous trees
with a thick understory. The method can mitigate the challenges in the LAI
estimation of existing methods including the voxel size, sampling resolution
problems, noise and occlusion effects. There are no extreme cases of
overestimation and underestimation problems. The PSD algorithm depends
only on the point spacing which is scanner dependant, point density of the
individual trees which depends on the effectiveness and accuracy of the

segmentation results.

5.4 Estimation of Biophysical Parameters using Hyperspectral
and LiDAR Point Cloud
The pre-processed AVIRIS-NG imagery data is integrated with the

GLAS point cloud data and the parameters such as LAI and biomass were

estimated.
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5.4.1 Estimated Leaf Area Index and Biomass of Mudumalai Forest

LAI estimated for Mudumalai forest is shown in Figure 5.51. The
maximum value of LAI for the Mudumalai forest is 5.79. From the figure,
portions marked in white color has lower LAI values which are low vegetation
areas. The other portions indicate higher values of LAI. Higher values of LAI
are found in the regions with thick understory and canopy cover with a wide
variety of trees. In the regions with lower values of LAI, canopy cover is less.
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Figure 5.51: LAI of Mudumalai forest using AVIRIS-NG imagery
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Biomass estimated by SVM regression for Mudumalai forest is
indicated in Figure 5.52. The maximum value of the biomass of Mudumalai
forest is 389.5 Ton/Ha.

03015 0 0.3 Kilomatars
[ . .

Figure 5.52: Biomass of Mudumalai forest using AVIRIS-NG imagery

From the figure, regions in white color indicate non-vegetation areas.
Other regions with red color indicate a substantial gradient of biomass. The
regions indicated in green color show substantially higher values of biomass.
Regions with higher values of biomass have a wide variety of tree species with
height values 5 to 50 m as evident from the CHM of Mudumalai forest. Thick

understory vegetation can also be found with values ranging from 1 mto 5 m.
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5.4.2 Estimated LAI and Biomass of Sholayar Forests

For the Sholayar forest region, the estimated biomass and LAI using

AVIRIS imagery are shown in Figures 5.53 and 5.54 respectively.
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Figure 5.53: Biomass of Sholayar forest using AVIRIS -NG

Estimated LAI for Sholayar forest has a maximum value of 3.8. The
estimated biomass has a maximum value of 380 Ton/Ha. The regions with
lower biomass values are represented using a white color which shows the
degradation of the forest/ non- vegetation areas. There is a substantial
variation of biomass in other portions with values from 218 Ton/Ha to 380

Ton/Ha.
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Figure 5.54: LAI of Sholayar forest using AVIRIS-NG

In the figure at the topmost portion, a region with lower LAI values is a
water body. The other portions indicate higher values of LAl with a wide

variety of thick canopy and understory vegetation, and less degradation.

5.4.3 Statistical Analysis

The biomass of Mudumalai forest and Sholayar forest estimated were
validated with the reference measurements. The scatter plot showing the
variation of estimated biomass with the reference biomass of Mudumalai

forest, and Sholayar forest is shown in Figure 5.55.
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Figure 5.55: Variation of estimated biomass using AVIRIS-NG with
reference biomass for a) in Mudumalai forest, and b) in
Sholayar forest

The scatter plot showing the variation of estimated LAI with the
measured LAI for both Mudumalai forest and Sholayar forest is shown in
Figure 5.56.
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Figure 5.56: Variation of estimated LAl using AVIRIS-NG with
measured LAI for @) Mudumalai forest, and b) Sholayar
forest

From the validation of results, consistent correlation is seen for the
biomass and LAI estimated by the integration of AVIRIS-NG with GLAS

point cloud.
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The estimated biomass by the integration of Landsat imagery and
GLAS point cloud ranges from 34 Ton/Ha to 385.4 Ton/Ha for Mudumalai
forest and 65.7 Ton/Ha to 389.5 Ton/Ha for Sholayar forest. By integration of
Sentinel-2 imagery with GLAS point cloud, the biomass values are found to
range from 71 Ton/Ha to 394.3 Ton/Ha for Mudumalai forest and 62 Ton/Ha
to 388.1 Ton/Ha for Sholayar forest. On the integration of AVIRIS-NG with
GLAS point cloud, estimated biomass for Mudumalai forest is in between 80
Ton/Ha to 389.5 Ton/Ha and for Sholayar forest, they are within 170 Ton/Ha
to 380 Ton/Ha. LAI for Mudumalai forest and Sholayar forest has a maximum
value of 3.005 and 2.38 respectively on the integration of Landsat imagery
with GLAS point cloud. On the integration of Sentinel-2 with GLAS point
cloud, estimated LAl has the maximum value of 5.67 and 5.34 (R*=0.98,
R?=0.97 with reference measurements) for Mudumalai and Sholayar forest
respectively. Correlation with the in-situ LAl for Mudumalai is R°=0.98 and
R?=0.95 by super voxel segmentation method and R?=0.98, R=0.96 for min-
cut segmentation method. On the integration of AVIRIS-NG with GLAS point
cloud, estimated LAl obtained a correlation of R?=0.94 and R®=0.98 when
compared with reference LAI values for Mudumalai and Sholayar forests
respectively. Similarly, canopy heights obtained from GLAS point cloud has
strong correlation R?=0.98, and R?=0.972 for Mudumalai and Sholayar forest
respectively when compared with reference measurements. Tree height
estimated by TLS point cloud by both segmentation method has strong
correlation R?=0.98 and R?=0.97 with reference values. The results indicate
the effective performance of the methods employed for the estimation of

biophysical parameters in Sholayar and Mudumalai forests respectively.
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5.5 Chapter Conclusion

The biophysical parameters extracted by the integration of
multispectral imagery with LIDAR point cloud indicate consistent correlation
with the in situ measurements. Given, the highly diverse and spatially
extensive nature of the Western Ghats in India, LiIDAR-based modeling of
forest parameters greatly benefits from the fusion of multispectral imagery and
applying non-parametric approaches for retrieving the parameters. The
methodology developed in this study significantly contributes to forest
parameters’ estimation using spaceborne LIDAR point cloud and a thorough
understanding of Western Ghats by providing estimates of forest structural
parameters. The application of terrestrial laser scanned data for direct
estimation of LAI and by the SVM based regression indicate the potential of
remote estimation of LAI accurately. TLS also accurately estimates the
structural parameters of individual trees in Mudumalai forests and show
consistent correlation with the field measurements. TLS seems a viable
general tool for replacing the various standard practices of ground truth
measurements. The integration of AVIRIS-NG imagery with LIDAR point
cloud successfully estimated the biomass and LAI close to in situ

measurements.

%k %k %k %k %k %k
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SUMMARY AND CONCLUSION

6.1 Chapter Summary
6.2 Future Recommendations

=6aar!eat¢=

This chapter summarizes the major outcome of this thesis based on a
critical analysis of the observations and validations of the estimated
biophysical parameters. The relative merits and demerits of the integration
methods, the algorithmic approaches as well as the validation with the field
measurements are presented. The chapter ends with major conclusions and the

relevant outlook for the future scope of the study.
Major conclusions of this study are specified below.

e  The study has successfully estimated biophysical parameters: canopy
height, biomass, understory vegetation height and canopy density in

the dense heterogeneous tropical forests of the Western Ghats, India.

e  Both the structural parameters and spectral parameters are necessary
for estimation of multiple biophysical parameters which characterize

vertical and horizontal components of tree stands.

e The height of forest undergrowth vegetation can be estimated with
GLAS point cloud. Airborne hyperspectral imagery (AVIRIS-NG
imagery in this case), will not be suitable for tree height estimations;
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biomass can be estimated with moderate accuracy using the LAI as

surrogate variable from hyperspectral imagery.

Estimates of biophysical parameters using GLAS point cloud and
multispectral imagery correlate well with the field measurements compared to

multispectral or hyperspectral imagery alone.

e  Three-dimensional modeling of the individual trees in the Western
Ghats region can be done using TLS point cloud, and some important
structural parameters -individual tree height, DBH, and LAI can be
retrieved accurately from TLS based 3D tree modeling. This reduces
the need for an extensive manual collection of field measurements
using traditional instruments and enhances periodic and effective

management of forests.

e Results reaffirm the potential of airborne hyperspectral remote
sensing images in retrieving some essential biophysical variables
which can be related to forest ecosystem processes, health as well as

in detecting vegetation stress.
6.1 Chapter Summary

The thesis starts with an introduction chapter which outlines the
significance of the research, the characteristics and application of multispectral
imagery in heterogeneous forest, need for LIDAR remote sensing, need for the
integration of LIDAR with multispectral as well as hyperspectral imagery and
the importance of terrestrial laser scanner in tropical forest for the estimation
various ground measurements simultaneously. The second chapter elucidates
and reviews various literature regarding traditional measurements in the
forestry, the application of optical remote sensing, the need for LIDAR remote
sensing, integration of LIiDAR and optical imagery, and the significance of
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terrestrial Laser scanner in forest mensuration. Description of forests in the
Western Ghats, as well as the details of each study area (Mudumalai forest and
Sholayar forest), are described in chapter 3. The data set used for the study
area including optical imageries like Landsat and AVIRIS -NG hyperspectral
imagery are detailed. Both spaceborne and terrestrial LIDAR point cloud and,
the field measurements which are used for the validation of the results are
presented in chapter 3. In chapter 4, the methodology of the research which
includes the pre-processing steps, a method for integration of the optical and
LiDAR point cloud and the methodology for the analysis of TLS point cloud
are given in detail. In Chapter 5, the results are presented and analyzed. The
summary of work related to each objective is given below

6.1.1 Biophysical Characterisation by the Integration of
Spaceborne LIDAR Point Cloud and Multispectral Imagery

Summary of the first objective is given as the following. The study
estimated the biophysical parameters of Mudumalai and Sholayar forests of
the Western Ghats of India by the integrated analysis of spaceborne LiDAR
point cloud with multispectral imagery and the biophysical parameters
estimated are canopy height, understory vegetation height, canopy density, and
biomass. Consistent correlation of about R*= 0.98 and R® = 0.97 (Mudumalai
and Sholayar respectively) is obtained when comparing the heights estimated
from canopy height models and the ground measurement heights. Biomass
estimated also has a strong correlation (R? = 0.97 and R? = 0.96) with in situ
measurements. The canopy height models from the GLAS LiDAR point cloud
facilitate the possibility of estimation of understory vegetation height. The
study also estimated the heights of the understory vegetation which reflects the
growth of a lot of invasive species in the Western Ghats forest region. There

are no studies in India for the estimation of the height of the understory
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vegetation using remote sensing. This study, for the first time, has attempted to
estimate the spatial distribution of understory using spaceborne LiDAR point
cloud.

6.1.2 3-D Tree Reconstruction and Biophysical Parameter

Estimation using Terrestrial Laser Scanner (TLS)

The summary of the work related to the second objective is as follows.
The study proposes a novel method of the three-dimensional reconstruction of
individual trees in Mudumalai forests of Western Ghats by implementing
hierarchical min-cut algorithm and super voxel clustering algorithm. The study
has estimated the structural metrics of individual trees with consistent
correlation with the ground measurements. The estimated structure metrics are
the height of the trees and the diameter at breast height (DBH). The study also
accurately estimated LAI of the Mudumalai forest region by the multivariate
regression analysis of DBH and height. A consistent correlation with the in-
situ measurement is obtained for LAI estimated. Both the segmentation
algorithms implemented in the study achieved good balance between the over-
segmentation and the under-segmentation of the tree point clouds from the
TLS point cloud. Three- dimensional reconstruction of trees and the individual
tree detection helps to estimate the tree structural metrics such as LAl
determined in this study at a higher level of accuracy by proposing a new
algorithm called Point Spatial Density algorithm (PSD) for direct estimation of
LAI. The study also implemented two segmentation methods for the individual
three-dimensional tree reconstruction and segmentation of trees very
effectively which enables the successful detection of tree crowns, trunks, and
the branch details. A strong correlation is obtained when the estimated LAI
values are compared with the ground measurements. The novelty of the

method is the estimation of LAI with a method which depends only on the
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point density, point spacing, and height of the trees, which can significantly
contribute to mitigate the challenges faced by the forest inventory methods and
practices for LAI estimation in the heterogeneous complex forest ecosystems.

6.1.3 Estimation of Biophysical Parameters from Airborne
Hyperspectral Imagery by Integration with LIiDAR Point
Cloud

About the third objective, the integration of LIDAR point cloud with
the hyperspectral imagery in the Western Ghats regions of India had
successfully estimated the biophysical parameters. The important biophysical
parameters estimated are canopy height, biomass, and LAI. Also, the approach

developed in this study throws light on the forest health conditions.

The LAI retrieved by two different segmentation methods and by the
direct estimation using the proposed PSD algorithm show a strong correlation
with reference measurements. The biomass estimated by the integration of
LiDAR point cloud, the multispectral imagery, and the hyperspectral imagery
also shows a strong correlation with reference measurements. The approach
reveals that the integration method used in the study leads to meaningful
extraction of the biophysical parameters. The study represents an important
step towards future tasks of remote sensing based biomass and carbon budget

estimation of heterogeneous forests in India.
6.2 Future Recommendations

The spaceborne full waveform LiDAR point cloud used in this thesis
has lots of gaps in the areal coverage; being an experimental spaceborne
LiDAR satellite GLAS sensor has had acquired point cloud globally with

discrete footprints which are separated by hundreds of meters. These discrete
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footprints are insufficient for effectively modeling the variation in forest
biomass. Therefore, it is suggested that there should be a continuous
acquisition of footprints instead of discrete footprints. For the effective and
accurate modeling of the highly complex forests such as the Western Ghats, it
is required that both the LiDAR point cloud and spectral data should be
acquired simultaneously and preferably from the same type of platform —
satellite or airborne. It should also be in correlation with the spatial resolution
of optical sensors. This thesis has integrated the point cloud and spectral data
at the primary data level. Future studies may enable the integration of point
cloud and spectral data at the feature/decision level for ease of computation

and visualization.

%k %k %k %k %k %k
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