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Introduction

1.1 Background
Ecologically sustainable development and optimal management of natural resources is an
essential ingredient for socio-economic development of any region and any country (Murai,
1991). Among the various natural resources that are present on the terrestrial Earth surface,
forests are one of the most important contributors, which not only regulate the global
atmospheric cycles, but also influence ecosystems with respect to carbon storage and release
(e.g., think of the discussions on sources vs. sinks) and have impact on biodiversity. Forest
parameters, such as species composition, biophysical characteristics like leaf area index (LAI),
biochemical attributes like chlorophyll content, and canopy structural properties can directly
indicate the condition and change of a forest ecosystem.
Forest structure influences hydrologic processes, biogeochemical cycles, and many
interactions between the land surface and the atmosphere (Ustin, 2004). Changes in forest
structure may provide information related to forest vigour, harvesting, burning, stocking
levels, diseases and insect infestations (Gillis and Leckie, 1996). The timely and accurate
availability of forest structural variables, such as stem density, stem diameter at breast height,
tree height, crown closure, crown size and age, are critical for many aspects of forest
management (Franklin et al., 2000) and are also important throughout a range of ecological
science disciplines (Kalacska et al., 2007; McRoberts and Tomppo, 2007). Therefore,
monitoring forest structure by quantitatively deriving canopy structural variables would
enable further understanding and assessments of changes in forest ecosystem services and
provide insight into processes that can be of influence.
China is a vast country with complex landforms, geography and climate. It crosses frigid,
temperate and tropical climate zones from North to South and the complicated natural
conditions inevitably form diversified habitats and ecosystems (BC/CAS, 1992). China is
home to a large number of forest ecosystems. In the earlier history of China, a high demand
for timber led to exploitation of forests mainly for wood, ignoring their ecological function.
Since then, serious ecological degradation has manifested itself through soil erosion,
desertification, grassland degradation and frequent ecological disasters. This evolution has
become a major obstacle to the socio-economic development in China. Starting in the early
1980’s, thousands of forest nature reserves gradually have been established in different
regions of China in order to protect valuable forest resources. The traditional method for
monitoring forest nature reserves is based on manual field measurements and field
observation-stations. The use of remotely sensed techniques (see furtheron in section 1.2) for
monitoring and managing forest nature reserves is still at an experimental stage in China (e.g.,
Xiao et al., 2002; Liu et al., 2005; Zhang et al., 2007b; Zheng et al., 2007). The study of this
thesis forms a part of the ‘Knowledge Innovation Program’ of the Chinese Academy of
Sciences. It focuses on developing a method to quantitatively monitor forest canopy structural
variables using advanced remote sensing techniques and applying it in a forest nature reserve
in China.
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The Longmenhe forest nature reserve lies in Xingshan county, which is in the Hubei
province of China. The total reserve size is about 4644 ha and the altitude lies around 1300 m
above sea level. This region belongs to the temperate climate zone (Cwa – Subtropical
monsoon, following the climate zones definition of Köppen (McKnight and Hess, 2000)). It is
dominated by subtropical evergreen broadleaved forest, deciduous broadleaved forest and
coniferous forest. The Longmenhe forest nature reserve is selected to be the local study area
of this thesis mainly because of its location in the famous Three Gorges region of China,
where major changes are taking place in the forest ecosystem.
The Three Gorges region refers to a special area associated with the Three Gorges Dam
project along the Yangtze River of China. It is also called the Three Gorges Reservoir region.
The total acreage of this region is about 58,000 km2, which includes 20 counties in Hubei
province and Chongqing municipality. The Three Gorges region is widely known because of
the Three Gorges Dam (Qian, 2006). This hydroelectric river dam currently under
construction is situated in Yichang and located in the middle section of the Xiling Gorge. The
Three Gorges Dam project is expected to have a beneficial impact on issues such as flood
control, electrical power generation, shipping, and water supply; it may also exert far-reaching
and profound impacts on the natural environment, including local climate, water quality,
terrestrial vegetation, forest structure, aquatic life, sediment deposition and soil erosion (Li,
1990; Wu et al., 2002). The Chinese government puts significant importance on ecoenvironmental aspects of the Three Gorges Dam project and has therefore implemented a
long-term investigation, intending to monitor the changing environment. The above described
Longmenhe forest nature reserve is an experimental study area of the ‘Three Gorges Ecoenvironmental Protection of Terrestrial Vegetation Project’. An applicable method for
monitoring forest canopy structural variables and detecting the changes in the whole Three
Gorges region is the final goal of this study. It is also one of the main objectives of the longterm ‘Eco-environmental Remote Sensing Monitoring Project’ of the ‘State Council Three
Gorges Project Construction Committee’ (Huang et al., 2006).
1.2 Quantitative remote sensing and scaling
Remote sensing has facilitated extraordinary advances in inventory, survey, modeling,
mapping, and understanding of ecosystems and their functioning. Over the past half century, a
range of airborne and space-borne sensors have acquired remotely sensed data, with the
number of sensors and their capability steadily increasing over time (Rosenqvist et al., 2003).
Remote sensing techniques enable to observe the Earth at wavelengths ranging from UV,
visible to microwaves, at spatial resolutions ranging from sub-meters to kilometers and at
temporal frequencies ranging from minutes to weeks or months. One basic characteristic of
remote sensing in the twenty-first century is the extensive use of quantitative algorithms for
deriving Earth surface variables (Liang, 2004). Thus, quantitative remote sensing offers a
practical approach for estimating forest conditions and monitoring changes in forest structure
at local, regional and global scales.
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Traditionally, quantitative retrieval methods for assessing forest structural variables by
remote sensing can be grouped into two major categories: statistical and physical approaches,
or combinations thereof. Statistical approaches are mainly based on a wide variety of
vegetation indices and they use empirical regression models to directly infer forest properties
(e.g., Franklin and McDermid, 1993; St-Onge and Cavayas, 1997; McDonald et al., 1998;
Cohen et al., 2001; Cohen et al., 2003; Pu and Gong, 2004; Pu et al., 2005). Physical
approaches usually rely on inverting or assimilating canopy reflectance (CR) models (e.g.,
Woodcock et al., 1997; Gemmell, 1999; Scarth and Phinn, 2000; Gemmell et al., 2002; Kimes
et al., 2002; Gascon et al., 2004; Kötz et al., 2004; Nilson and Kuusk, 2004; Lang et al., 2007).
A main advantage of inverting CR models as compared to empirical models is their physical
foundation and their better general applicability to different sites and sampling conditions
(Schaepman et al., 2005; Schlerf and Atzberger, 2006). Furthermore, although forest canopy
architecture and multiple scattering present major challenges to the statistical approaches,
they are a core focus in physically based CR modeling studies (Wulder and Franklin, 2003).
In the early 1970s, requirements to describe the radiation regime of canopies to evaluate
canopy photosynthetic rates and to derive estimations of albedo from vegetated surfaces led to
the development of CR models (Roberts, 2001). Goel (1988) defined four types of CR models:
(1) geometric-optical, (2) radiative transfer, (3) hybrids of geometric-optical and radiative
transfer, and (4) computer simulations. Among them, the geometric-optical model,
particularly the Li-Strahler geometric-optical model, which provides a method to analyze the
interaction between forest structural properties and forest reflectance (Gerard and North,
1997), has been widely used for deriving and mapping forest structural variables (Gemmell et
al., 2002; Ustin, 2004).
The Li-Strahler geometric-optical model (Li and Strahler, 1985; 1992) assumes that the
bidirectional reflectance is a purely geometric phenomenon resulting from a scene of discrete
three-dimensional objects with a random distribution being illuminated and viewed. The
reflectance can be treated as an area-weighted sum of viewed sunlit and shaded components.
Each proportion of the components can be expressed by a function of the forest canopy
structural properties combined with the solar and viewing angles. This has resulted in the
successful use of the inversion of the Li-Strahler model to estimate forest structural variables
(e.g., Franklin and Strahler, 1988; Woodcock, 1994; Hall et al., 1995; Woodcock et al., 1997;
Gemmell, 1999; Peddle et al., 1999; Scarth and Phinn, 2000; Scarth et al., 2001; Peddle et al.,
2003). However, most of the previous studies have used limited field data for validating the
estimations resulting from the model inversion. To evaluate the predictive capability of the
Li-Strahler model inversion, more applications are needed. In addition, just few studies are
related to deriving forest structural variables on a per-pixel basis by inverting the Li-Strahler
model and almost none of them concern the forest structural change detection. This is mainly
depending on the spatial and temporal scale of the used remote sensing images. Integration of
multi-scale remote sensing data could provide the opportunity to calibrate and extend the
usability of the model inversion.
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Scales and scaling currently are one of the central issues in quantitative remote sensing
(Liang, 2004; Schaepman, 2007). The term ‘scale’ in remote sensing usually refers to the
spectral resolution, the spatial dimension and the temporal domain. Hyperspectral imagery (or
imaging spectroscopy), such as from the Airborne Visible InfraRed Imaging Spectrometer
(AVIRIS) and the space-borne Earth Observing-1 (EO-1) Hyperion, with a spectral resolution
of about 10 nm, can not only clearly indicate the spectral signatures and absorption features of
a forest canopy, but can also properly distinguish objects of interest, i.e. endmembers. For
very high spatial resolution imagery (≤4 m), such as QuickBird and IKONOS, and high
spatial resolution imagery (≤30 m), such as Landsat Thematic Mapper (TM) and SPOT, the
pixel size renders it possible to identify pure pixels representing each scene component
making it feasible to link this information to field measurements. The very high spatial data
also enable forest structure investigations on individual trees. However, the use of these data
is usually constrained to small regions and are therefore less suitable for monitoring forest
structural changes over large areas (Chambers et al., 2007). The types of images mentioned
above are commonly used in a study area at a local scale, like the Longmenhe forest nature
reserve.
Moderate and low spatial resolution imagery (≥250 m), such as from the MODerateresolution Imaging Spectroradiometer (MODIS), providing multi-temporal observations with
large coverage, is more suitable to investigate changes of forest conditions in a study area at a
regional scale, like the Three Gorges region. However, each pixel of the image always
contains mixtures of various components due to the low spatial resolution, and it is also
difficult to perform a proper validation of results. Therefore, a better understanding of the
spectral, spatial and temporal scaling issues and a further study of up-scaling the information
from higher spatial resolution data to lower spatial resolution data, i.e. from local to regional
scales, are necessary.
1.3 Objectives
The main objective of this thesis is to develop a methodology for quantitatively monitoring
forest canopy structural variables and their change by integrating multiple scale remote
sensing techniques. To achieve this objective, the following specific research questions are
formulated:
A. Can we use hyperspectral remote sensing data in combination with an inverted
physical-based canopy reflectance model for deriving and mapping forest canopy
structural variables?
B. Can we up-scale the information from higher spatial resolution data to lower spatial
resolution hyperspectral imagery, thus better extracting endmembers and improving
the results of the model inversion?
C. Can the inverted model and the scaling approach that is used for the Longmenhe forest
nature reserve also be applied for the whole Three Gorges region? Can this
methodology then be used for change detection of forest structural variables?
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D. What are the advantages and disadvantages of the selected inverted model as
compared with other models? How to deal with missing data from the model
estimation in order to obtain continuous maps of forest structural variables?
1.4 Outline
Each chapter in this thesis is a step towards answering the research questions mentioned
above. The general characteristic of each chapter is summarized in Table 1.1.

Chapter

Table 1.1 General characteristic of each chapter in this thesis.
Scale of remote sensing images
Forest
Scale of
Methodological
structural
approach
Spectral
Spatial
Temporal study area
variables

2

Hyper

High

Mono

Local

CC & CD

Li-Strahler

3

Hyper

Very high & High

Mono

Local

CC & CD

Li-Strahler & Scaling

4

Multi

High & Moderate

Multi

Regional

CC

Li-Strahler & Scaling

5

Hyper

Very high & High

Mono

Local

CC

6

Multi

High & Moderate

Multi

Regional

CC

Li-Strahler & Scaling
& FRT & Interpolation
Li-Strahler & Scaling
& Interpolation

In Chapter 2, the potential of hyperspectral data (EO-1 Hyperion) combined with linear
spectral unmixing and inversion of the Li-Strahler geometric-optical model for retrieving
forest canopy structural variables CC (crown closure) and CD (crown diameter) in the
Longmenhe forest nature reserve is studied (Question A).
Chapter 3 describes an up-scaling method from very high spatial resolution data (QuickBird)
to high spatial resolution hyperspectral data (EO-1 Hyperion) helping to extract the required
endmembers used for the Li-Strahler model inversion. Field measurements of CC and CD are
used to evaluate the usability of the scaling-based approach and validate the model estimation
in the Longmenhe forest nature reserve (Question B).
In Chapter 4, the Li-Strahler geometric-optical model combined with the scaling-based
approach as discussed in Chapter 3 is implemented for the Three Gorges region. The scaling
approach is using both Landsat TM (high spatial resolution) and MODIS (moderate spatial
resolution) data. One of the forest canopy structural variables, CC, is derived and the change
in CC is estimated over a time span of 2 years in the Three Gorges region (Question C).
The inversion of two canopy reflectance models (the Kuusk-Nilson forest reflectance and
transmittance (FRT) model and the Li-Strahler geometric-optical model) for estimating forest
CC using hyperspectral data (EO-1 Hyperion) is compared in Chapter 5. A continuous CC
map with the estimated values from the best model inversion combined with spatial
interpolation is presented for the Longmenhe forest nature reserve (Question D).
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Chapter 6 firstly concludes on the results and findings of all previous chapters. The
contribution and usefulness of this study are then synthesized in the reflection section. An
updated spatial distribution of CC changes from 2002 to 2004 in the Three Gorges region is
produced using the integrated method of Chapter 4 and Chapter 5. The outlook of this study is
finally presented in this chapter.
The thesis closes with the full overview of all references used, as well as summaries in
English, Dutch and Chinese.
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CHAPTER 2
Forest structural variables retrieval using EO-1 Hyperion data in
combination with linear spectral unmixing and an inverted
geometric-optical model

Yuan Zeng, Michael E. Schaepman, Bingfang Wu, Jan G.P.W. Clevers
and Arnold K. Bregt

Journal of Remote Sensing (China), 2007, 11(5): 648-658
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Forest structural variables retrieval using EO-1 Hyperion data in combination with
linear spectral unmixing and an inverted geometric-optical model

Abstract
The potential of EO-1 Hyperion data combined with linear spectral unmixing and an inverted
geometric-optical model for the retrieval of forest structural variables in the Longmenhe
broadleaved forest nature reserve, located in the Three Gorges region (China), is studied in
this paper. Based on the principle of the Li-Strahler geometric-optical model, we derive the
per-pixel reflectance as being a linear combination of four scene components (sunlit
canopy/sunlit background and shaded canopy/shaded background). The fraction of each
component is subsequently related to several forest structural attributes. With the advantage of
having hyperspectral data, we use linear spectral unmixing to separate the above classes
present in an atmospherically corrected Hyperion image with support of extensive in situ
measurements. In addition, we include DEM derived parameters (slope and aspect) and
measured canopy structural parameters for different forest communities to invert the
geometric-optical model and retrieve the pixel-based variables forest crown closure (CC) and
crown diameter (CD). In total 37 sample plots collected in the Longmenhe study region are
used for validation, and the results of the above parameters show a good agreement (e.g.,
R2CC=0.61 / RMSECC=0.046; R2CD=0.39 / RMSECD=0.984).
Keywords: EO-1 Hyperion, Forest structural variable, Crown closure, Crown diameter,
Geometric-optical model, Linear spectral unmixing, Three Gorges region
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2.1 Introduction
Human transformations of ecosystems and landscapes are currently one of the largest sources
of change on Earth. In particular the provision of ecosystem services, directly affecting human
well-being, demand sustainable development and optimal management of natural resources in
the coupled human-environment system (GLP, 2005). Population change, land management
decisions and practices – amongst others – affect ecosystem properties and therefore require a
sustainable socio-economic development in any region on Earth (Murai, 1991). Among the
various natural resources that are present on the terrestrial Earth surface, forests are one of the
most important contributors that influence ecosystems with respect to carbon storage and
release (Schimel et al., 2001). Accurate and up-to-date information on forest structure is
essential for many aspects of forest management and changes in forest structure also provide
insights related to forest vigour, harvesting, burning, stocking levels, disease, and insect
infestations (Wulder, 1998). Thus, quantitatively monitoring forest structure using remote
sensing methods strongly supports the conservation and management strategies that take into
account biodiversity and the impact of the global carbon cycle.
Main forest structural variables include crown cover, crown size, stem density, tree height,
diameter at breast height (DBH), age, spatial distribution, and gap presence etc. Traditionally,
quantitative retrieval methods for estimating these variables are grouped into two major
categories: statistical and physical approaches. Statistical methods are based mainly on a wide
variety of vegetation indices or correlating features and use regression models to infer
structural variables directly. Physical methods usually rely on inverting or assimilating
canopy reflectance models (Liang, 2004). An observed trend is that more and more empirical,
statistical models are being gradually replaced by physically based models.
Canopy reflectance models have been used to improve mapping of many forest structural
variables, particularly geometric-optical models, which regard canopy reflectance as a
mixture of discrete canopy components (Ustin, 2004). For example, Hall et al. (1995) used
geometric shadow and linear mixture models to infer several important structural parameters
of a boreal forest. Woodcock et al. (1994; 1997) estimated the mean tree size and cover for
each forest stand through inversion of the Li-Strahler canopy reflectance model in Stanislaus
National Forest and found the forest cover estimates more reliable. Gemmell (1999) tested the
inversion of a geometric-optical forest reflectance model and the utility of two spectral indices
(NDVI and SAVI) for estimating crown cover in a conifer forest site. Scarth and Phinn (2000)
determined the forest crown cover projection, canopy size, tree densities and successional
stage using an inverted geometric-optical model in mixed eucalypt forests in Australia. These
studies used inversion of the geometric-optical model to monitor forest structural variables are
all based on Landsat Thematic Mapper (TM) data. In addition, the authors also suggested that
the development of new-generation imaging platforms would provide an opportunity to use
multi-angular or hyperspectral remote sensing data for improving and calibrating the
inversion of geometric-optical models. Therefore, the objective of this study is to evaluate the
benefits of using EO-1 Hyperion hyperspectral data in combination with an inverted
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geometric-optical model for deriving and mapping two forest structural variables, crown
closure (CC) and crown diameter (CD), in a broadleaved forest.
2. 2 Study area and data collection
The study area, namely the Longmenhe forest nature reserve, lies in the Xingshan county of
Hubei province, towards the north-east of Three Gorges region in China (centered at 31°20′N,
110°29′E, Figure 2.1). The total reserve size is about 4644 ha and the altitude varies around
1300 m above sea level. This study site belongs to the temperate climate zone (Cwa –
Subtropical monsoon, Köppen (McKnight and Hess, 2000)), average precipitation is about
100-150 mm per month and in spring-summer (April-September) season it can be as high as
200-300 mm per month. The Longmenhe forest reserve is mainly dominated by about 650 ha
natural evergreen broadleaved forest and mixed deciduous broadleaved forest; 223 ha rare
plant communities and 121 ha planted subtropical evergreen broadleaved forest.

Three Gorges
Region

Longmenhe
Forest Reserve
km

Figure 2.1 Location of the Three Gorges region and the study area of Longmenhe forest nature reserve.

Field data were collected in April to June of 2003. With support of 1:50,000 topographic
maps, a total of 40 sample sites (100 m x 100 m) located in the study area were measured
based on different plant strata and topographic distribution, and each of them randomly
included 5 sample plots (20 m x 20 m), which provided relevant photos, plant profile and
crown cover maps. Other measurements in each sample plot include the GPS locations and
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several important forest structural attributes, such as crown diameter and DBH from
measuring tape; tree height and trunk height by altimeter; tree age using increment borer; and
visual estimations by forest experts for forest type, plant species, crown closure and
distribution.
For the study area, a Hyperion image was acquired on June 10, 2004, around 11:00 a.m.
local time. Hyperion, one of the three sensors on the NASA EO-1 platform, was launched on
November, 2000 and orbited 1 min behind Landsat. As a push-broom imaging instrument,
Hyperion provides high resolution hyperspectral images capable of resolving 242 spectral
bands (from 0.4–2.5 µm) with a 10 nm spectral resolution and a 30 m spatial resolution.
Ancillary data also consisted of a digital elevation model (DEM) with 30 m spatial resolution,
which is required for deriving the model inputs.
2.3 Methods
The overall methods used in this study are shown as flowchart in Figure 2.2. The sequence
involves:
1. Hyperion data processing, which includes effective band selection, de-striping,
radiometric, atmospheric and geometric corrections;
2. Based on the at-surface reflectance data, deriving the per-pixel proportions of four scene
components (sunlit canopy, sunlit background, shaded canopy and shaded background) by
linear spectral unmixing analysis;
3. Using spectral angel mapping to classify the forest with support of field measurements
and determine the relevant input parameters;
4. Inverting the Li-Strahler geometric-optical model integrated with pixel-based sunlit
background fraction, canopy structural parameters, slope and aspect data to estimate
crown closure and crown diameter;
5. Quantitatively assessing the accuracy of model retrievals through field data collected for
37 sample sites.
Therefore, the key of this study is the theory of the geometric-optical model.
2.3.1 Geometric-optical model
The Li-Strahler geometric-optical model (Li and Strahler, 1985; 1992) was derived from the
assumption that the Bidirectional Reflectance Distribution Function (BRDF) is a purely
geometric phenomenon resulting from a scene of discrete three-dimensional objects being
illuminated and viewed from different positions in the hemisphere. The reflectance associated
with a given viewpoint is treated as an area-weighted sum of four fixed reflectance
components: sunlit canopy (C), shaded canopy (T), sunlit background (G), and shaded
background (Z). Therefore, as shown in Figure 2.3, for each pixel of a remote sensing image
the reflectance (S) can be modeled as a linear combination of four components and their areal
proportions (Kg, Kc, Kt and Kz):
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DEM Data

Hyperion
DN Value

37 Measured
Sample Site

Data Processing
Hyperion Surface
Reflectance
Linear Spectral
Unmixing

Spectral Angel
Mapping

Proportional
Image of Kg

Parameters per
Forest Class

Slope and
Aspect Data

GeometricOptical Model
Crown Closure &
Crown Diameter

Validation

Figure 2.2 Flowchart of general methods.

Per pixel of a remote sensing image
Solar irradiation

C

T

Z

G

r
b
h

Figure 2.3 Per pixel reflectance is modeled as a linear combination of four components (G-sunlit
background; C-sunlit canopy; T-shaded canopy and Z-shaded background).
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S = K gG + K cC + K t T + K z Z

(2.1)

The Li-Strahler model assumes that the resolution of the remote sensing image is much
larger than the size of individual crowns but smaller than the size of forest stands, and that the
individual trees are randomly (Poisson) distributed within the pixel (Woodcock et al., 1994).
Based on the principle of three-dimensional geometry of a spherical crown on a flat
background, each proportion of four components can be expressed by a combination of the
forest crown structural parameters. For inverting the model, one component (sunlit background)
can be used for deriving the expected forest crown closure and crown diameter.
The proportion of sunlit background (Kg) can be formulated using the Boolean model
(Strahler and Jupp, 1990):

K g = e −π ⋅M⋅[sec(θi )+sec(θυ )−O(θi ,θυ ,ϕ )]

(2.2)

Here, O(θi,θv,ϕ) is the average of the overlap function between illumination and viewing
shadows of individual crowns as projected onto the background. ϕ is the difference in azimuth
angle between illumination (ϕi) and viewing (ϕv). θi,θv are the zenith angles of illumination and
viewing. M, called the mean of “treeness” parameter m, is defined as M=ΛR2, where Λ is the
number of trees per unit area.
The exact solution for the overlap function on the principal plane can be determined as (Li
and Strahler, 1992):
O(θ i ,θυ ,ϕ ) = 1 π (sec θ i + sec θυ )(t − sin t cos t )

(2.3)

Where t is given by:
cos t =

h tan θ i − tan θυ cosϕ

(2.4)

r (sec θ i + sec θυ )

Where t is valued in [0, π/2]. Therefore, in terms of equations (2.2) and (2.3), M can be
inferred as:
M=

− ln (K g )

(sec θ i + sec θυ )(π − t + cos t

sin t )

(2.5)

Since M is an important parameter in the relationship between image variables and forest
structure, in the case of Poisson distributed trees, the mean crown closure (CC) and crown
diameter (CD=2xR) can be calculated as follows (Li and Strahler, 1985; Woodcock et al.,
1997):
(2.6)
CC = 1 − e -π ⋅Μ
R2 =

(1 + ω )2 ⋅ Μ 2 + 4 ⋅ V(m ) ⋅ ω − (1 + ω ) ⋅ Μ
2ω

(2.7)

Where, V(m) is the variance of m, and ω is the coefficient of variation of the crown size,
which is calculated as the ratio of the mean to the variance of the squared crown radius.
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Due to the study area is in the mountain region and actually the crown shape of the
broadleaved forest need to be modeled as an ellipsoid, with crown radius (b) in vertical
direction, crown radius (r) in horizontal direction and tree height (h) from ground to mid-crown,
double transformations are required to allow crowns to be treated as spheres and accommodate
the slopping surface. In this study, for nadir viewed status, the illumination, viewing and slope
angles are corrected in equations (2.8) to (2.16) (Schaaf et al., 1994; Li and Wang, 1995).
Transformation from ellipsoid to sphere:
 tan θ i 

 r b 

(2.8)

 tan θυ
 r b





(2.9)

θs′ = arctan

 tan θs 

 br 

(2.10)

h' = (r/b) h

(2.11)

θ i′ = arctan

θυ′ = arctan

Slope coordinate system transformation:
θ i′′ = arccos(cos(θ i′ )cos(θ s′ ) + sin (θ i′ )sin (θ s′ )cos(ϕ i − ϕ s ))

(2.12)

θ υ′′ = arccos(cos(θ υ′ )cos(θ s′ ) + sin (θ υ′ )sin (θ s′ )cos(ϕ υ − ϕ s ))

(2.13)

ϕi′′ = arctan(sin(θi′)sin(ϕi − ϕs )) / (cos(θi′)cos(θs′ ) + sin (θi′)sin (θs′ )cos(ϕi − ϕs ))

(2.14)

ϕ υ′′ = arctan(sin (θυ′ )sin (ϕυ − ϕ s )) / (cos(θυ′ )cos(θ s′ ) + sin (θυ′ )sin (θ s′ )cos(ϕυ − ϕs ))

(2.15)

h" = h' cos(θ s′ )

(2.16)

Finally, the transformed θi",θv",ϕi",ϕv", h" are replaced θi, θv, ϕi, ϕv, h in equations (2.4) and
(2.5). Based on equations (2.6) and (2.7), the necessary inverted model inputs for determining
CC and CD are the proportional image of Kg; the solar zenith and azimuth angles (θi, ϕi); the
view zenith and azimuth angles (θv, ϕv); the local slope and aspect (θs, ϕs) and the mean
measured parameters for different kinds of forest crown shapes: h, b, r and ω.
2.3.2 Hyperion data processing
The currently used Hyperion Level 1B1 data have 242 bands of which 196 are non-zero and
not overlapping. For converting DNs to radiances (W/m2·sr·µm), the data are scaled by 40 for
VNIR and 80 for SWIR (Radiance for VNIR=DN/40; Radiance for SWIR=DN/80) (Beck,
2003). Several stripes (data columns of poor quality) in the Hyperion data contain no
information and lower radiance. Those abnormal pixels are detected and replaced by the

16

Retrieval model

average radiance value of their immediate left and right neighboring pixels (Han et al., 2002).
The steps are comparing each pixel’s value with its neighbors horizontally in each band, if the
value is smaller than both neighbors this pixel is labeled as abnormal. Then the numbers of
consecutive abnormal pixels is counted vertically, if the percentage of abnormal pixels in each
column is greater than 55%, it will be treated as striping and be recalculated by the mean of
their neighbors. In addition, a Minimum Noise Fraction (MNF) process can reduce the noise of
a hyperspectral image (Green et al., 1988). Based on the Eigenvalue profile, the effective
bands containing the most information are selected to obtain the final Hyperion data for model
inversion.
Remote sensing data with accurate surface reflectance values are essential for a successful
inversion of a canopy reflectance model. Thus, an atmospheric correction is required prior to
data analysis. In this study, we use ACORN version 4.0, a commercially available atmospheric
correction program based on MODTRAN 4 radiative transfer code (AIG, 2002). ACORN uses
two water absorption channels (940 nm and 1140 nm) in Hyperion data to evaluate the amount
of water vapor in combination with the visibility at the moment of data acquisition. Due to the
low signal to noise ratio at the beginning and the end of the spectra (≤436 nm and ≥2385 nm)
and the heavy water absorption influences in several bands, a total of 64 bands are dropped
from 196 valid bands. Geometric correction is done by 26 GCPs (Ground Control Points)
relative to 1:50,000 topographic maps and the geometric error is less than one pixel. Finally,
the corrected Hyperion data with 132 bands of surface reflectance in a UTM Zone 49 N WGS84 projection are used in this study.
2.3.3 Linear spectral unmixing
Linear spectral unmixing has been widely used to calculate the percentages of several
individual surface components contained in each pixel of a remote sensing image (Peddle et al.,
1999; Goodwin et al., 2005). The method assumes that the reflectance (S) from each pixel is a
linear combination of each endmember (E), which is the pure reflectance spectrum of a surface
component. The general equations are:
n

S j = ∑ K iEi , j

(2.17)

i =1

n

1 = ∑ Ki

(2.18)

i =1

Where n is the number of components; j is the bands and K is the fractional abundance of an
endmember. In this study, on the basis of the Li-Strahler model, there are only four
components (equation (2.1), G, C, T, and Z) contained in one pixel. Hence, the sum of the four
proportions is equal to 1:
Kg + Kc + Kt + Kz =1

(2.19)

Since the proportional image of Kg (sunlit background fraction) is required for inverting the
model, selection of the suitable endmembers G, C, T, and Z is the most important issue.
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(a) Hyperion image, see Color Figure 4.2 on p. 94

(b) Proportional image of Kg

(c) Slope data with 30 m resolution

(d) Aspect data with 30 m resolution

Figure 2.4 Processed Hyperion data and necessary input for inversion of the Li-Strahler model.

Endmembers of four components
G: Sunlit background
C: Sunlit canopy
T: Shaded canopy
Z: Shaded background

Reflectance

C

T

G

Z

Wavelength (nm)
Figure 2.5 Four endmembers derived from the Hyperion image.
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Usually, the endmembers are obtained from the observation of a field spectrometer, or are
taken directly from a remote sensing image with sufficient field data, or from an existing
spectral library. In this case, with the support of extensive in situ measurements, we select the
four endmembers by trial and error from Hyperion training samples.
2.3.4 Spectral angel mapping
Spectral Angle Mapping (SAM) is one kind of algorithms for classifying hyperspectral data. In
SAM, classification is carried out through comparing image spectra to individual endmembers.
The similarity between an endmember and the per-pixel image spectrum is determined by
calculating the "spectral angle", treating them as vectors in a space with a dimensionality equal
to the number of bands. If the spectral angle between them is very small, it implies that the
pixel is close to this endmember (Zeng, 2003).
SAM is used for forest classification in the Longmenhe study area for determining the
required model inputs of the pixel-based forest crown shape parameters. Thanks to every
homogeneous forest region is much more than one pixel of 30 m, the endmembers representing
the different dominant forest communities and species could be detected directly from
Hyperion data based on the field measurements. For each pixel of the image, the spectral
angles comparing with each endmember are calculated and then the pixel will be assigned to
the class of endmember with the smallest angle. We use a standard angle threshold of 0.1
radians to identify unclassified pixels. The accuracy of SAM classification is estimated by a
confusion matrix based on 40 independent field sample sites.
2.4 Results
2.4.1 Model input data
The processed Hyperion data with surface reflectance is shown in Figure 2.4a. Because of the
cloud cover affecting the quality of this image, finally we use an image subset of size 208
(column) x 173 (line) x 132 (band). After comparing the typical spectral library and analyzing
the training samples collected from the fieldwork, such as a small playground of a primary
school, a bare farming place, closed and open forest regions, etc., the purest pixels representing
the endmembers of four components, sunlit background G, sunlit canopy C, shaded canopy T
and shaded background Z, are selected from the Hyperion image (Figure 2.5). Combined with
equation (2.1) and (2.19), the areal proportions of Kg, Kc, Kt and Kz are calculated for each
pixel, and the proportional image of Kg is shown in Figure 2.4b. The brighter regions express
higher proportions. Here, we assume 0≤Kg≤1, although a few pixels in the linear spectral
unmixing approach produced negative fractions, which subsequently are recoded as infeasible
areas with ‘No Data’ in the final mapping results.
As mentioned at the end of section 2.3.1, besides the proportion Kg, the other required inputs
for inversion of the Li-Strahler model, slope and aspect images are derived from DEM data
using topographic analysis model of ERDAS IMAGINE, see Fig. 4c-d. In addition, this nadir
viewed Hyperion image was acquired at a 23.5°solar zenith and 104.5°solar azimuth angle.
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Figure 2.6 Forest classification result using the SAM algorithm.

Table 2.1 Cunfusion matrix of the SAM forest classification result.
SAM classes

Field measurements (40 samples)

Total

Accuracy

Deciduous Broadleaved Forest (DBF)

DBF
17

EBF
3

CF
1

21

81%

Evergreen Broadleaved Forest (EBF)

2

8

0

10

80%

Conifer Forest (CF)

2

1

6

9

67%

Total

21

12

7

31/40

78%

Table 2.2 Inverted model inputs for each forest class.
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Dominant Forests

h (m)

b (m)

r (m)

ω

Deciduous Broadleaved Forest

9.79

3.97

1.79

1.25

Evergreen Broadleaved Forest

8.86

3.36

1.61

3.02

Conifer Forest

8.41

4.63

1.51

1.87
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2.4.2 Forest classification
In this study area, the dominant forest communities include deciduous broadleaved forest,
evergreen broadleaved forest, and conifer forest. Most of the collected field sample sites (100
m x 100 m) were chosen in a homogeneous forest region with different predominant species.
Finally, 7 pixels indicating the typical forest classes’ spectra as endmembers are detected from
the Hyperion image. Those are DP: Deciduous broadleaved forest - Platacarya strobilacea;
DQ: Deciduous broadleaved forest - Quercus glandulifera var.brevipetiolata; DB: Deciduous
broadleaved forest - Betula luminifera; CP: Conifer forest - Pinus tabulaeformis; CL: Conifer
forest - Larix keaempferi; EQ: Evergreen broadleaved forest - Quercus spinosa and EC:
Evergreen broadleaved forest - Cyclobalanopsis oxyodon. The forest classification result by
applying the SAM algorithm is shown in Figure 2.6.
We separately recode the deciduous broadleaved forest (DBF), evergreen broadleaved forest
(EBF), and conifer forest (CF) into class 1, 2 and 3, respectively. We consider class 0 as being
unclassified pixels, which include both the non-forested regions as well as regions that are
affected by clouds or shadows. Using 40 field sample sites to validate the SAM forest
classification result, the confusion matrix (Table 2.1) indicates that the percentage of correct
classification reaches 78%. In terms of the field measurements, the corresponding mean value
of forest crown parameters, h, b, r and ω, for each dominant forest class are calculated and
shown in Table 2.2.
2.4.3 Model Output and Validation
We design and compile an IDL program to implement the inversion of the Li-Strahler model
integrated with the pixel-based input data. Figure 2.7 presents the final mapping results of
forest structural variables, crown closure (CC) and crown diameter (CD), distributed in the
Longmenhe study area.
For validating the model outputs, we use the mean value of a 3 x 3 window for comparison
to one field sample site. Figure 2.8 illustrates the agreement between model-interpreted CC/CD
and ground-measured values. In total 37 valid independent samples are included. The closer
the points to the 1:1 line, the better the predicted results are. The coefficient of determination
R2 is equal to 0.61 for CC and 0.39 for CD, p<0.0001. The calculated root mean squared error
(RMSE) is RMSECC=0.046 and RMSECD=0.984. Although most of the interpreted results of
CC seem to be less than the field measured values as well as the values of CD partly do not
match the ground data very well, the reliability of model output is considered to be acceptable.
2.5 Conclusion and outlook
The inverted geometric-optical model combined with the spectral unmixing analysis used in
this study has been proved to be useful to derive forest canopy structural variables from
Hyperion data in the Longmenhe forest nature reserve. The accuracy of the inverted model
results mainly depends on the detectability of M (‘treeness’). Thus, as shown in equation (2.5),
for a better calibration of the model, a sensitivity analysis may be performed, estimating the
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Figure 2.7 Mapping results of forest crown closure (CC) and crown diameter (CD) by the inverted
geometric-optical model.
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CC: R2= 0.61, p<0.0001, RMSE=0.046

CD: R2=0.39, p<0.0001, RMSE=0.984

Figure 2.8 Linear relationship between ground measured CC/CD and model derived CC/CD.

sensitivity of M to the sunlit background fraction (Kg), the crown shape parameters r/b, h/b and
the calculated slope/aspect angles.
The accuracy of both, the forest classification and the field measurements are substantially
influencing the model input parameters. Several methods using hyperspectral data based
classification approaches have been documented in literature, and this contribution positions
itself well in the generally achieved classification accuracies. However, choosing 37 sample
sites for validating the model results has been found to be at the lower limit to achieve
successful model accuracies. We will in the future investigate, if high spatial resolution data
can increase the model accuracy by combining these two approaches.
We have evaluated the use of space-borne imaging spectrometer data in combination with a
physical-based canopy reflectance model to determine forest structural variables at regional
scale to be efficient and useful in this study. Even though the selected procedures will need
more careful analysis in the future, the presented results show confidence in the approach
selected. Besides the variables of crown closure and crown diameter, other forest structural
and biophysical attributes, like stem density, tree height, DBH, age and leaf area index, can
also possibly be estimated more exactly by the inversion of canopy reflectance models with
support of high spatial resolution and hyperspectral remote sensing data. Consequently,
quantitative monitoring the forest ecosystem and its changes over time using effective and
coherent models will be a major future goal.
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Quantitative forest canopy structure assessment using an inverted geometric-optical
model and up-scaling

Abstract
The physical based Li-Strahler geometric-optical model can be inverted to retrieve forest
canopy structural variables. One of the main input variables of the inverted model is the
fractional component of sunlit background (Kg). Kg is calculated by using pure reflectance
spectra (endmembers) of the viewed surface components. In this paper, the feasibility of upscaling from high spatial resolution (QuickBird) to medium spatial resolution data (Hyperion)
for extracting the required endmembers is demonstrated. Furthermore, the sensitivity of the
endmembers used as input for geometric-optical modeling is evaluated. The study area for
this work is a broadleaved forest nature reserve located in the Three Gorges region of China.
After validating the inverted model results, namely spatially explicit forest mean crown
closure and crown diameter using field measurements, it can be concluded that the regional
scaling-based endmembers derived from the linear unmixing model are the best ones to be
used in combination with the inverted Li-Strahler model. The results are promising for
implementation of a monitoring system using regional, physical based approaches that can be
scaled to larger areas using empirical methods, allowing to quantitatively monitor disturbance
in forest canopy structure.
Keywords: Geometric-optical model, Endmembers extraction, Forest canopy structure, EO-1
Hyperion, QuickBird, Scaling
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3.1 Introduction
At local to regional and global scales, remote sensing has facilitated extraordinary advances in
the modeling, mapping, and understanding of ecosystems and their functioning. One basic
characteristic of remote sensing in the twenty-first century is the extensive use of quantitative
methods for estimating Earth surface variables (Liang, 2004). Forests, being one of the most
important natural resources worldwide, not only regulate the global atmospheric cycles, but are
also increasingly being used in dynamic global vegetation models for terrestrial CO2
estimations (Sitch et al., 2003). Forest parameters, like leaf area index (LAI), species diversity,
canopy structural attributes (such as crown closure and crown diameter) etc. can directly
indicate the condition and change of a forest ecosystem. Additionally, forest structure
influences hydrologic processes, biogeochemical cycles, and many interactions between the
land surface and the atmosphere (Ustin, 2004). Changes in forest structure may also provide
the information related to forest vigour, harvests, burns, stocking level, disease and insect
infestations (Gillis and Leckie, 1996). Thus, monitoring forest structure by quantitatively
deriving the canopy structural variables over large areas improves our understanding of several
environmental processes and allows accurate estimates of relevant disturbance processes.
Various authors monitoring forest canopy variables using remote sensing have focussed on
inverting physical based canopy reflectance models (Goodenough et al., 2006). The use of
geometric-optical models allows the assessment of one (major) component of the anisotropy
(Wanner et al., 1995); however, the complete separation of isotropic and volumetric scattering
remains challenging (Schaepman-Strub et al., 2006). Many approaches have been presented
treating the surface as an assemblage of discrete geometric objects with the reflectance
modelled as a linear combination of viewed sunlit and shaded components. These have been
used successfully to estimate forest canopy attributes (Franklin and Strahler, 1988; Woodcock,
1994; Hall et al., 1995; Gerard and North, 1997; Woodcock et al., 1997; Gemmell, 1999;
Peddle et al., 1999; Scarth and Phinn, 2000; Scarth et al., 2001; Peddle et al., 2003; Chopping
et al., 2006). Also Zeng (2007) derived pixel-based forest canopy structural variables (crown
closure and crown diameter) from EO-1 Hyperion data by inverting the Li-Strahler geometricoptical model. One of the most important input variables of the inverted model is the fractional
image of sunlit background, which is calculated based on pure reflectance spectra of the
viewed surface components, approximated using endmembers. Consequently, the method used
for endmember extraction remains the main factor influencing the accuracy of a geometricoptical model in general and the inverted Li-Strahler geometric-optical model in particular.
Different approaches may be used to extract endmembers, like deriving the pure spectrum
from an image with experimental knowledge of field training samples, from the observation
with a field spectrometer and from an existing spectral library. Over the past years, several
methods have been proposed for the purpose of autonomous and supervised endmember
selection from hyperspectral data (Plaza et al., 2004). Among them, the most common way
used for extracting the endmembers of sunlit and shaded scene components is calculating the
mean spectra of detected extreme pixels directly from the image. However, using this imagebased endmember extraction method, the detected “pure” pixels may still contain mixtures of

27

Chapter 3

components that may not fall in the ‘sunlit background’ category due to a non-appropriate
sensor spatial resolution, or the inherent fragmentation of landscapes used in these
applications. In such a case, the mean spectra of the endmember pixels can not represent this
component correctly, and remain as mixed pixels.
Solving the above well-known mixture problem, an up-scaling method using linear
unmixing has been used (Zhukov et al., 1999; Haertel and Shimabukuro, 2005; Zurita-Milla et
al., 2006). When a concurrent high spatial resolution image is available, the linear unmixing
model can be applied to unmix the low spatial resolution data and calculate the required
endmembers. This method also provides an avenue to up-scale the information from local to
regional scales. In addition, the high spatial resolution data can also be used to evaluate the
purity of those extreme pixels selected by methods applied to lower spatial resolution images
only. By up-scaling the abundance fractions of scene components from the high spatial
resolution image to each extreme pixel, the purest single pixel may be determined for every
component. We address this scaling-based endmember extraction method as the purest-pixel
selection process.
The objective of this paper is to study the feasibility of up-scaling from high spatial
resolution data to medium spatial resolution hyperspectral data for extracting the endmembers
of the viewed surface components. Subsequently, it will be evaluated how these endmembers
influence and improve the results of the inverted Li-Strahler geometric-optical model. Finally,
the advantages and disadvantages of the image-based and scaling-based endmember extraction
methods used for monitoring regional scaled forest canopy structural variables will be
discussed.
3.2 Methods
3.2.1 Study area
The study area selected is the Longmenhe forest nature reserve (centred at 31°20′N, 110°29′E),
in Xingshan county, Hubei province (China, see Figure 3.1). It is located towards the northeast
of the Three Gorges region and 80 km away from the Three Gorges Dam. The total reserve
size is about 4644 ha and the altitude is around 1300 m above sea level. The study area belongs
to the temperate climate zone (Köppen: Cwa–Subtropical monsoon (McKnight and Hess,
2000)). The average precipitation is about 100-150 mm per month. During spring and summer
(April-September), this area can even receive an average precipitation of 200-300 mm per
month, rendering timely satellite data acquisition very difficult. The Longmenhe forest reserve
is mainly occupied by natural subtropical evergreen broadleaved forest (dominant species are
Quercus spinosa and Cyclobalanopsis oxyodon), deciduous broadleaved forest (dominant
species are Platacarya strobilacea, Quercus glandulifera var. brevipetiolata and Betula
luminifera) and coniferous forest (dominant species are Pinus tabulaeformis and Larix
kaempferi).
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China

Three Gorges
Region

Longmenhe
Forest Reserve
km

Figure 3.1 Location of the Longmenhe forest nature reserve and the Three Gorges region in China.

3.2.2 Field data
The field data were collected in June 2003. With support of 1:50,000 topographic maps, a total
of 40 sample sites (100 m x 100 m) within the study area were selected based on different plant
distribution patterns and topographic strata (Figure 3.2a). The central location of each ground
sample site was determined by using differential GPS with an accuracy of ±5m. At every
sample site, 5 sample plots (20 m x 20 m) were collected by overlaying each sample site with a
grid of 20 m cells and then randomly selecting 5 grid cells. At each sample plot, measurements
of forest structural variables were carried out. Those include forest crown closure (CC), crown
diameter (CD), stem diameter at breast height (DBH), tree height (H), trunk height (TH) and
stem density (SD).
Crown closure (CC), also known as crown cover, is the percentage of ground covered by a
vertical projection of the outermost perimeter of the crowns in a stand (Brack, 1999). Crown
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(a)

(b)

(c)

(d)

Figure 3.2 (a) Field measured sample sites indicated at the 1:50,000 topographic map with superimposed
1 km x 1 km grid; (b) Left to right: canopy photograph, projected crown map and plant profile of a measured
plot at sample site no. 238 (deciduous broadleaved forest); (c) same arrangement for sample site 220
(evergreen broadleaved forest); and (d) same arrangement for sample site 205 (coniferous forest).
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diameter (CD), also called crown width, is the span of crown and used to describe the crown
size (About, 2007). The positions of all trees with DBH ≥5 cm in each sample plot were
recoded. The value of CD for each tree was measured in the field by taking twice the distance
between the projected outer boundary of the crown. Then, all crowns were drawn on a crown
map and from this map CC was determined. Tree height (H) and trunk height (TH) were
estimated by performing angular measurements using a compass clinometer. Stem density
(SD) was collected by counting the number of trees in each plot. Besides these forest canopy
variables, information of forest type, plant species and vertical distribution were all recorded
by experts. Figure 3.2b, c and d show a canopy photograph within the sample plot, the crown
map and the plant profile from 3 different sample sites, representing three dominant forest
communities (deciduous broadleaved forest, evergreen broadleaved forest and coniferous
forest) in the study area.
3.2.3 Image data and processing
3.2.3.1 EO-1 Hyperion. The EO-1 Hyperion scene used in this study was acquired on June 10,
2004, around 11:00 a.m. local time. Hyperion, one of the three sensors on the NASA EO-1
platform, was launched on November 2000. Being a push-broom imaging instrument,
Hyperion provides imagery with 242 spectral bands (of which 196 are non-zero and not
overlapping), at a spectral resolution of 10 nm and 30 m spatial resolution. The conversion of
digital numbers (DNs) to radiances is performed using a scaling approach proposed by Beck
(2003) (radiance at VNIR=DN/40; radiance at SWIR=DN/80). Several stripes (data columns
of poor quality) in the Hyperion data contain no information and/or unusual low radiance.
Those pixels are detected and replaced by the average radiance value of their immediate left
and right neighbouring pixels using the method proposed by Han et al. (2002) and Zeng et al.
(2007b). To obtain the Hemispherical Directional Reflectance Factor (HDRF) approximated
by surface reflectance (Schaepman-Strub et al., 2006) of this image, we use ACORN version
4.0, a commercially available atmospheric correction program based on MODTRAN 4
radiative transfer code (AIG, 2002). ACORN uses two water absorption channels (940 nm and
1140 nm) to evaluate the amount of water vapour in combination with the visibility at the
moment of data acquisition. Due to the low signal-to-noise ratio at the beginning and the end
of the spectral range (≤436 nm and ≥2385 nm) and significant water absorption influence in
several spectral bands, a total of 64 bands are dropped from the initial 196 bands. Geometric
correction is performed using 26 GCPs (Ground Control Points) relative to 1:50,000
topographic maps and the geometric coregistration error is less than one 30 m pixel. After
image pre-processing, the geolocated Hyperion data expressed as surface reflectance in UTM
Zone 49 N (WGS-84 datum) and 30 m spatial resolution is finally depicted in Figure 3.3a. The
dimension of the image is 208 (columns) x 173 (lines) x 132 (spectral bands).
To be able to use the Hyperion image for mapping forest canopy structural variables, a forest
classification needs to be performed first. This classification can be used not only for
identifying the forested/non-forested regions, but also for distinguishing three dominant forest
communities as mentioned before. The Spectral Angle Mapping (SAM) (Kruse et al., 1993)
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(a)

(b)
C1 C2 G1 G2 G3

T4

T1, T2, T3

G4

Figure 3.3 (a) EO-1 Hyperion image calibrated to geolocated surface reflectance with 30 m spatial resolution
(in color on p. 94, Red: band50-854nm, Green: band32-671nm, Blue: band23-579nm). Inset: coverage of the
QuickBird image and 10 locations of extreme pixels derived using the PPI method. (b) Classification result
using QuickBird with 0.6 m spatial resolution (White: G-sunlit background, Green: C-sunlit canopy, Black:
T-shadow).

Figure 3.4 Main methodological approaches used in this study illustrated as flow chart. Three methods have
been tested and compared with ground samples.
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algorithm is used to classify the Hyperion data. Since every homogeneous forest region is
much larger than one pixel of 30 m, 7 pixels indicating the spectra of typical forest classes are
detected from the Hyperion image based on the field measurements. We separately recode the
deciduous broadleaved forest (DBF), evergreen broadleaved forest (EBF), and coniferous
forest (CF) into class 1, 2 and 3. The unclassified regions include both the non-forested area as
well as the pixels that are affected by clouds and shadows. The processing and accuracy
statement of this Hyperion forest classification have been discussed in Zeng et al. (2007b).
3.2.3.2 QuickBird. The QuickBird data consists of a panchromatic image at 0.61 m spatial
resolution and a multi-spectral image with 4 spectral bands (B/G/R/NIR) at 2.44 m spatial
resolution. It was collected on August 23, 2003 at 11:08 a.m. local time. This QuickBird image
serves as high spatial resolution data and is used together with the Hyperion data for deriving
the endmembers of the various scene components. Although the two images were acquired at
different dates, the solar zenith and azimuth angles are similar (23.5° and 104.5° for Hyperion,
29.2° and 127.9° for QuickBird) and the sensor viewing directions are almost same (nadir
looking). Hence, only negligible variation in view/illumination geometry is expected to exist.
We first merge the panchromatic and multi-spectral QuickBird images using a principal
component method and cubic convolution re-sampling technique. The output image includes a
0.6 m spatial resolution and 4 spectral bands. Then, an object-oriented classification
(eCognition) is carried out classifying the sunlit and shaded scene components. eCognition is
designed to segment the image into units of similar spectral and spatial patterns and to classify
those segments according to a pre-defined rule base (Baatz et al., 2004). This object-based
image processing technique is particularly suited for the analysis of very high spatial resolution
remote sensing data. The image segmentation groups pixels in each object or segment based on
three parameters: scale, color and shape (smoothness and compactness) (Luscier et al., 2006).
In this case, we apply the following rules for the class assignments: scale parameter 5, 10 and
25 based 80% on color and 20% on shape, having 90% smoothness and 10% compactness. The
object classified QuickBird image is shown in Figure 3.3b. Through geometric correction with
20 GCPs and 1:10,000 topographic maps, the QuickBird image is used as a base image to
spatially co-register the Hyperion data. Hence, a Hyperion subset image with 86 (columns) x
68 (lines) is masked for matching the QuickBird classification image, such that each Hyperion
pixel corresponds to 50 x 50 QuickBird pixels, the latter including 4300 (columns) x 3400
(lines).
3.2.4 Model building
The inverted Li-Strahler geometric-optical model is used to retrieve the forest canopy
structural variables crown closure (CC) and crown diameter (CD). The methodology and
approach selected is presented in Figure 3.4. The model mainly requires three scene
components: the sunlit background (G), the sunlit canopy (C), and the shadow (T). The
endmember abundances of these three components are extracted from the Hyperion data using
three approaches:
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•

Image-based pixel purity index (PPI) method: Derivation of the extreme pixels from the
Hyperion image automatically, clustering of the pixels representing the three components
by their mean spectra;

•

Scaling-based purest-pixel selection: Evaluate the purity of the PPI extreme pixels based
on the classification of the QuickBird components. After this comparison, we use the
spectrum of the purest extreme (singular) pixel to represent the three components,
respectively; and

•

Scaling-based linear unmixing model: Inversion of the linear spectral unmixing approach
in the overlapping region of QuickBird and Hyperion. For each pixel of the Hyperion
image, the proportions of the three components are provided by the QuickBird
classification.

CC and CD are estimated from the inverted Li-Strahler model by integrating: (1) the
fractional images of sunlit background (Kg) obtained by forward linear spectral unmixing of
the Hyperion data using the extracted endmembers; (2) slope and aspect images derived from a
digital elevation model (DEM) and (3) mean canopy structural parameters for each dominant
forest class obtained from field measurements. Finally, we use the field measured CC and CD
from the 40 sample sites to validate the model estimation.
3.2.4.1 Inverted geometric-optical model. The Li-Strahler geometric-optical model (Li and
Strahler, 1985; 1992) is based on the assumption that the Bidirectional Reflectance
Distribution Function (BRDF) is modelled as a purely geometric phenomenon resulting from a
scene of discrete three-dimensional objects being illuminated and viewed from different
positions in the hemisphere. The reflectance associated with a given viewpoint is treated as an
area-weighted sum of four fixed reflectance components: sunlit canopy, sunlit background,
shaded canopy, and shaded background. Moreover, in most cases, these four components can
be simplified to three: sunlit background–G, sunlit canopy–C and shadow–T (Hall et al., 1995;
Li and Wang, 1995; Peddle et al., 1999; Peddle et al., 2003). This model also assumes that the
resolution of the remote sensing image is much larger than the size of individual crowns but
smaller than the size of forest stands, and that the individual trees are randomly (Poisson)
distributed within the pixel (Woodcock et al., 1994). Based on the principle of threedimensional geometry of a spherical crown on a flat background, each proportion of
components can be expressed by a combination of the forest canopy structural parameters. For
inverting this model, the fractional abundance of sunlit background (Kg) can be used for
deriving the expected forest mean crown closure (CC) and crown diameter (CD=2 x R), see
equations (3.1) to (3.6) (Strahler and Jupp, 1990; Li and Strahler, 1992; Woodcock et al.,
1997).
K g = e −π ⋅M⋅[sec (θi )+sec (θυ )−O (θi ,θυ ,ϕ )]

(3.1)

O(θ i ,θυ ,ϕ ) = 1 π (sec θ i + sec θυ )(t − sin t cos t )

(3.2)
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cos t =

M=

h tan θ i − tan θυ cos ϕ

(3.3)

r (sec θ i + sec θυ )

− ln(K g )

(sec θi + sec θυ )(π − t + cos t

sin t )

CC = 1 − e -π ⋅Μ
R2 =

(3.4)

(3.5)

(1 + ω )2 ⋅ Μ 2 + 4 ⋅ V(m ) ⋅ ω − (1 + ω ) ⋅ Μ
2ω

(3.6)

Where, θi, θv are the zenith angles of illumination and viewing direction, O(θi,θv,ϕ) is the
average of the overlap function between illumination and viewing shadows of individual
crowns as projected onto the background, ϕ is the difference in azimuth angle between
illumination (ϕi) and viewing (ϕv). M is the mean of the “treeness” parameter m. V(m) is the
variance of calculated pixel-based m, and ω is the coefficient of variation of the crown size,
which is defined as the ratio of the mean to the variance of the squared crown radius.
Since the study area is a mountainous region, the crown shapes of the broadleaved forest
need to be modelled representing an ellipsoid, with tree height from ground to mid-crown (h),
crown radius in vertical direction (b) and crown radius in horizontal direction (r). Also, double
transformations are required to allow crowns to be treated as spheres and accommodating the
sloping surfaces (Schaaf et al., 1994). The equations for all transformations of θi, θv, ϕi, ϕv, h
are explained in detail in Zeng et al. (2007b).
Resulting from the above, the input of the inverted Li-Strahler model to determine pixelbased CC and CD are the fractional image of Kg, the solar zenith and azimuth angles, the view
zenith and azimuth angles, the local slope and aspect images and the mean measured
parameters for different kinds of forest crown shapes: h, b, r. Among them, deriving the
proportional image of sunlit background is the most crucial process, which requires accurately
extracting the image endmembers of the three scene components G, C and T.
3.2.4.2 Image-based endmember extraction-PPI. The pixel purity index (PPI) (Boardman,
1993) method is a widely used approach to find the best "spectrally pure" (extreme) pixels in
multi-spectral and hyperspectral images (Plaza et al., 2004; Chang and Plaza, 2006). The PPI is
computed by repeatedly projecting n-dimensional scatter-plots onto a random unit vector, and
then the extreme pixels in each projection (those pixels that fall onto the ends of the unit
vector) are recorded and the total number of times each pixel is marked as extreme is noted. To
implement PPI, we need to provide two parameters, k and t. After k (the number of iterations)
times repeated projections to different random lines, those pixels that count above t (a certain
cut-off threshold) are declared “pure”. These extreme pixels are loaded into an interactive ndimensional visualization tool and rotated in real time until a desired number of endmembers
are visually identified as clusters. Then the mean spectrum of the clustered extreme pixels is
the final endmember.
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3.2.4.3 Scaling-based purest-pixel selection. This method is based on the theory of selecting
the purest single pixel from a hyperspectral image to indicate each endmember of interest. The
potential pure pixels are coming from the derived extreme pixels through the PPI method.
When the pixel size of the hyperspectral image is too wide to represent a 100% pure
component in real life, we need to up-scale the information of component fractions within each
extreme pixel from a co-registered high spatial resolution image to evaluate the real purity of
these extreme pixels. After overlaying and locating every extreme pixel onto the high spatial
resolution image, we list the mean proportions calculated from the high spatial resolution data
and select the purest pixel among these extreme pixels to be the endmember for each
component.
3.2.4.4 Scaling-based linear unmixing model. Traditionally, the linear spectral unmixing
approach has been widely used to calculate the percentages of several individual surface
components contained in each pixel of a remote sensing image (Adams et al., 1986; Settle and
Drake, 1993; Peddle et al., 1999; Goodwin et al., 2005). The model assumes that the
reflectance (S) of each pixel is a linear combination of endmembers (R), which are the pure
reflectance spectra for each component. The general equations are:
m

S j = ∑ K i R i , j +v j

j = 1,2..., p

(3.7)

i =1

m

∑K
i =1

i

=1

Ki ≥ 0

(3.8)

Where m is the number of components; p is the number of image bands; K is the fractional
abundance of each component within the pixel and v is the residual for each band.
However, in this study we use an inverted approach of this model. The fractions of each
component (K) within the pixel of a hyperspectral image are obtained from an overlapping
high spatial resolution image, and the endmembers (R) of each component are the final
requirements. In practice, for deriving the endmembers, we need the overlapped region of the
two images with at least n pixels, and the number n must be more than the number of
components. Thus, equation (3.7) can be more conveniently expressed in matrix notation (3.9):

Vj = S j − K * R j

(3.9)

Where Vj is the n-dimensional vector of the residuals in band j, Sj represents the ndimensional vector of the pixels’ reflectance in band j, K is the n x m matrix of the fractions,
and Rj is the m-dimensional vector of the components’ reflectance in band j.
We then seek a set of numerical values for the unknowns in Rj such that the sum of the
residual squares becomes minimum (3.10). Then the least squares solution for Rj can be
calculated using (3.11) (Haertel and Shimabukuro, 2005). After applying equation (3.11) to
every spectral band of the hyperspectral image, those calculated components’ reflectance
spectra are finally aggregated to become the required endmembers.
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∂ ( Vj ' Vj )
∂R j

=0

(3.10)

R j = (K ′K ) −1 K ′S j

(3.11)

3.2.4.5 Validation. For validating the inverted model results of CC and CD, we calculate the
mean value of 3 x 3 pixels (90 m x 90 m) from the output image for comparison to one field
sample site of 100m x 100m. In total 40 sample sites with field measured CC and CD can be
used to validate the model estimation. The obtained model estimated values are plotted against
the corresponding ground measurements, and their agreement is assessed by the coefficient of
determination (R2) and the root mean square error (RMSE).
n

RMSE = 1 / n ∑ ( x i − x̂ i ) 2

(3.12)

i =1

Where, xi is the model estimated CC and CD, x̂ i is the ground measured CC and CD, n is
the number of sample sites, which could be interpreted from the inverted Li-Strahler model
depending on the different input endmembers.
For evaluating the suitability of the three endmember extraction methods, we use as
statistical indicator the t-statistics. That allows several methods to be compared based on the
sample size (n) and indicates whether or not the model estimations are statistically significant
at a particular confidence level (Stone, 1993; Tadros, 2000). It is calculated using both the
RMSE and the mean bias error (MBE). The smaller the value of t, the better is the
correspondence between model estimate and field measurement, thus the model performance.
We determine a critical t value as t α/2 at α level of significance and n-1 degrees of freedom.
 (n − 1) MBE 2
t = 
2
2
 RMSE − MBE





(3.13)

3.3 Results
First, the PPI method is applied to extract endmembers of the three components G, C and T
from the Hyperion image. The parameter k is initially set to 104 and the threshold value of t is
determined as 500 by iteration, which results into 10 extreme pixels including all kinds of
components. After auto-clustering, these derived extreme pixels are grouped into 3 clusters (G:
4 extreme pixels; C: 2 extreme pixels and T: 4 extreme pixels). The mean spectra of each
cluster, as the image-based endmembers, are shown in Figure 3.5a.
The 10 extreme pixels are all located in the overlapping region of the Hyperion and
QuickBird image (Figure 3.3a). Consequently, the scaling-based method of purest-pixel
selection can be used for estimating the purity of each extreme pixel. From the co-registered
classified QuickBird image, 10 windows of 50 x 50 pixels are matched to every extreme pixel
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(a)

(b)

(c)

Figure 3.5 Extracted G (sunlit background), C (sunlit canopy) and T (shadow) endmembers. (a) Image-based
endmembers extracted using the PPI method on Hyperion data. (b) Scaling-based endmembers extracted by
selecting the purest pixel from the PPI extreme pixels based on the QuickBird classification. (c) Regional
scaling-based endmembers extracted using the linear unmixing approach based on the overlapping region of
QuickBird and Hyperion.
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from the Hyperion image. The calculated mean fraction of G, C and T components are listed in
Table 3.1. Not every extreme pixel automatically detected by the PPI method is a real “pure”
pixel, most of them are mixtures. The purity of the PPI endmembers is shown in Table 3.2. It
indicates that the endmembers of G and C, containing 0.7616 and 0.8102 fraction of the
components G and C, respectively, are more accurate than the endmember T, which only
involves 0.5203 fraction of T mixed with 0.4775 fraction of C. After comparing the G, C and T
components of these 10 extreme pixels, 3 purest pixels (Table 3.1: G3, C1 and T3) are
selected. Subsequently, the Hyperion reflectance spectra of these 3 pixels are used to express
the endmembers of G, C and T separately (see Figure 3.5b). Those are called the pixel scalingbased endmembers.

Table 3.1 Mean fraction of G, C and T components calculated from the QuickBird (QB) classification
for each extreme pixel derived using the PPI method.
Extreme Pixels
QB-fraction-G
QB-fraction-C
QB-fraction-T
G1
0.5092
0.4576
0.0332
G2
0.7884
0.1656
0.0460
G3
0.9976
0.0024
0.0000
G4
0.7512
0.2236
0.0252
C1
0.0000
0.9804
0.0196
C2
0.3528
0.6400
0.0072
T1
0.0036
0.6428
0.3536
T2
0.0000
0.2928
0.7072
T3
0.0000
0.2060
0.7940
T4
0.0052
0.7684
0.2264

Table 3.2 Calculated average purity of the endmembers derived using the PPI method.
PPI Clusters
QB-fraction-G
QB-fraction-C
QB-fraction-T
PPI endmember G
0.2123
0.0261
0.7616
PPI endmember C
0.1764
0.0134
0.8102
PPI endmember T
0.0022
0.4775
0.5203

Subsequently, the linear unmixing model is applied in the overlapping area of the Hyperion
and classified QuickBird images. The model parameter m is 3 with G, C and T components, p
is 132 bands of corrected Hyperion data, and n is 5848 pixels, which are located in the central
region of the Hyperion image (Figure 3.3a). Therefore, the final aggregated spectra from the
linear unmixing model based on both the QuickBird fractional information and the Hyperion
reflectance data can provide the endmembers for the whole Hyperion image. We call them the
regional scaling-based endmembers and they are shown in Figure 3.5c.
According to the extracted endmembers above, a forward linear spectral unmixing
(equations (3.7) and (3.8)) is performed to derive the fractional image of sunlit background
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 3.6 Mapping results of forest crown closure (CC, left column) and crown diameter (CD, right
column). (a) CC map using image-based PPI endmembers; (b) CD map using image-based PPI
endmembers; (c) CC map using pixel scaling-based endmembers; (d) CD map using pixel scalingbased endmembers; (e) CC map using regional scaling-based unmixing endmembers (also see Color
Figure 5.1 (b) on pp. 95) ; (f) CD map using regional scaling-based unmixing endmembers.
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(Kg) from the whole Hyperion image that is one of the required inputs for the inverted LiStrahler model. There are some areas where the model produces a negative Kg. It implies that
these areas just consist of a combination of sunlit canopy and shadow, and the linear spectral
unmixing can not achieve a logical output of sunlit background in these areas based on the
provided endmembers. Hereby, we recode these areas as infeasible region in the final output
images. The other required inputs for the inverted Li-Strahler model, slope and aspect images
with 30 m spatial resolution are created from DEM data using a general topographic analysis
model. The mean canopy structural parameters h, b, r and ω for each dominant forest class
obtained from the field measurements are shown in Table 3.3.

Table 3.3 Inverted Li-Strahler model input parameters (mean canopy structure) for each forest class
derived from the field measurements.
ω
Dominant Forests
h (m)
b (m)
r (m)
Deciduous Broadleaved Forest
9.79
3.97
1.79
1.25
Evergreen Broadleaved Forest
8.86
3.36
1.61
3.02
Coniferous Forest
8.41
4.63
1.51
1.87

The inversion of the Li-Strahler model is implemented with the pixel-based inputs. Figure
3.6 illustrates the final mapping results of forest crown closure (CC) and crown diameter (CD)
distributed in the Longmenhe study area. The region with a white color shows the non-forested
and cloud-influenced area determined by the forest classification. The black region presents the
infeasible area. Generally, the proportion of the infeasible area can point out how suitable the
extracted endmembers are for this Hyperion image. The output images show 41.2% (Figure
3.6a, b), 13.9% (Figure 3.6c, d) and 35.8% (Figure 3.6e, f) proportion of infeasible region for
the image-based PPI endmembers, the pixel scaling-based endmembers and the regional
scaling-based endmembers, respectively.
The scatter plots in Figure 3.7 show the reliability between the model-interpreted values and
the corresponding ground measurements. The closer the points are to the 1:1 line (diagonal
line), the less the RMSE is. For the image-based PPI endmembers, the model provided no
output for 2 sample sites because they are located in the infeasible region (Figure 3.7a, b). The
values of R2 and RMSE based on 38 sample sites are R2CC=0.51; RMSECC=0.055; R2CD=0.26;
and RMSECD=1.07 (Table 3.4). For the pixel scaling-based endmembers, estimated output
images include all 40 sample sites since none are in the infeasible region. The results are
demonstrated in Figure 3.7c, d and the results for the 40 sample sites are R2CC=0.66;
RMSECC=0.049; R2CD=0.39; and RMSECD=0.999 (Table 3.4). Figure 3.7e, f show the results
for 39 sample sites using the endmembers from linear unmixing model. Values for one sample
site could not be estimated, because it is in the infeasible region by this method. The agreement
between the model interpretations and the measurements estimated by these 39 sample sites is
shown in Table 3.4: R2CC=0.62; RMSECC=0.044; R2CD=0.40; and RMSECD=0.968.
For comparing the three endmember extraction methods, we calculate the t values at 0.01
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 3.7 Corresponding scatter plots of the results presented in Figure 3.6. Values of root mean
square error (RMSE) between the model-estimated CC/CD and the ground measured CC/CD are listed.
Dotted line represents a 1:1 relationship.
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level of significance (α=0.01) using the same samples (n=38) that are common in all three
methods (Table 3.5). The endmembers from the regional scaling-based linear unmixing model,
combining QuickBird and EO-1 Hyperion images, are the most suitable endmembers for
deriving CC by inverting the Li-Strahler model. The t value (0.301) of this method is much
less than the critical t (2.715). That indicates the model derived CC by this method are not
significantly different from the field measurements. However, the measured CC and the model
estimated CC by the endmembers extracted through the PPI method and the purest-pixel
selection approach do have significant differences (t >2.715). Thus, the model performs worse
based on these two methods. For deriving CD, the t values show that the model produced
estimates using the endmembers by the three methods are all statistically different from the
measured CD. Therefore, the model does not perform well for CD.
Table 3.4 Coefficient of determination (R2) for linear regression and root mean square error (RMSE)
between the model-estimated CC/CD and the ground measured CC/CD.
Model estimated
CC/CD by 3 methods
PPI-CC
Pixel scaling-CC
Regional unmixing-CC
PPI-CD
Pixel scaling-CD
Regional unmixing-CD

40
samples

R2
39
samples

0.66

0.60
0.62

0.39

0.38
0.40

38
samples
0.51
0.55
0.56
0.26
0.37
0.40

40
samples

RMSE
39
samples

0.049

0.049
0.044

0.999

1.011
0.968

38
samples
0.055
0.050
0.043
1.070
1.021
0.965

Table 3.5 Comparison of the three endmember extraction methods for deriving CC and CD by the
inverted Li-Strahler model using the t-statistic for 38 samples (n=38) at 0.01 level of significance
(α=0.01).
Model estimation PPI method
Purest-pixel selection
Regional unmixing
Critical t
CC
3.215
3.222
0.301
2.715
CD
4.461
3.288
4.056
2.715

3.4 Discussion
Our results show that the Li-Strahler model can be inverted to retrieve the pixel-based forest
canopy structural variables crown closure (CC) and crown diameter (CD). No matter which
endmember extraction method is used, the model predictions of CC (Figure 3.7a, c, e) are more
reliable than those for CD. The values of CD are overestimated by the model yielding less
accurate results (Figure 3.7b, d, f). Better results for CC estimation compared to CD from the
Li-Strahler inverted model was also observed by other researches (Franklin and Strahler, 1988;
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Woodcock et al., 1997). The information in the remote sensing image (reflectance spectra) is
more related to the CC variable in the forest region than to the CD variable. It is difficult to
find a reliable relationship between image intra-stand variance and tree size (CD). Therefore,
CC estimation is more sensitive to the geometric-optical model of Li-Strahler, and it can be
estimated more accurately than CD.
The mapping results of CC and CD are directly related to the value of Kg, the abundance
fraction of sunlit background. According to the principle of the Li-Strahler model, the surface
consists of three components G, C and T. Regions with no or even a calculated negative
fraction of G indicate that in these regions the surface is just composed of sunlit canopy and
shadow, and there are no estimates of CC and CD from the inverted model. Consequently, for
very dense forest it is difficult to derive the proportion of sunlit background and the inverted
Li-Strahler model is not able to map CC and CD. Although the assumption of the Li-Strahler
model states that every pixel of the image should contain several crowns, the model can not
work either if the number of crowns is too much. That is also one of the reasons for some
infeasible areas predicted by the inverted Li-Strahler model.
Determining an accurate abundance of Kg depends on extracting suitable endmembers of G,
C and T for the image. The PPI method is an image-based endmember extraction approach.
Extreme pixels are the primary outputs from this method. However, no criteria are given on
how to select the parameter k and the threshold t, which determine the number of extreme
pixels. Those need to be detected by repeated trainings for different images. Another problem
of the PPI method is the purity of the extracted extreme pixel. The results of this study (Table
3.1 and 3.2) show that the PPI endmembers exhibit errors because the extreme pixels are still
mixed. Comparing Figure 3.7a and c, it is illustrated that 2 sample sites, which have a ground
measured CC of 0.9 and 0.95, can not be mapped by the PPI endmembers. This indicates that
the extracted endmembers from the PPI method are not suitable for this Hyperion image.
The method of pixel scaling-based endmember extraction determines the purest pixel
directly from the Hyperion image. The endmembers come from the reflectance spectra of
single pixels. Therefore, the mapping results of this method produce the least infeasible areas
(Figure 3.6c, d) and all 40 sample sites can be predicted by the inverted model (Figure 3.7c, d).
Nevertheless, there are several limitations for applying this method. Firstly, for each extreme
pixel, the corresponding high spatial resolution data should be available. Secondly, the spatial
resolution of the image should allow the possibility of finding a real pure pixel to represent
each endmember. Thirdly, the certainty of the classification of the high spatial resolution
image and the quality of the co-registration between the up-scaled calculated proportions and
the extreme pixels mainly influence the accuracy of the purest pixel selection.
The scaling-based endmember extraction method using the linear unmixing model can be
used to solve the mixture problem of the medium or low spatial resolution data and
automatically derive the endmembers, when a matched high spatial resolution image is
available. Because the extracted endmembers are the aggregated results from the total
overlapping region of the QuickBird and the Hyperion data, the endmembers can not match the
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Hyperion image like the real spectra. So, the output images of Figure 3.6e, f show more
infeasible areas than Figure 3.6c, d and one sample site with a value of 0.95 for CC is missed
(Figure 3.7c, e). However, the t value (Table 3.5) shows that it is the best performing method
for deriving CC. In addition, since the QuickBird image of this case is smaller than the
Hyperion image, when the overlapping region is including all scene components and it is
located in a representative area of the Hyperion image, then the calculated regional scalingbased endmembers can be used for the whole Hyperion image. It indicates that the method of
linear unmixing is appropriate for up-scaling the information from high spatial resolution data,
and it can also expand the information from local to regional scale.
3.5 Conclusions
In this study, we use an inverted Li-Strahler geometric-optical model to derive the forest
canopy structural variables crown closure (CC) and crown diameter (CD) from a hyperspectral
EO-1 Hyperion image collected in the Longmenhe broadleaved forest nature reserve, located
in the Three Gorges region of China. The accuracy of this inverted model is directly related to
the quality of image endmembers of three scene components, namely sunlit background (G),
sunlit canopy (C) and shadow (T). For evaluating and possibly improving the method of
endmember extraction, we compare three approaches: the image-based PPI method, the pixel
scaling-based method of purest-pixel selection and the regional scaling-based linear unmixing
model. After validating the inverted model mapping results of CC and CD by ground
measurements, it can be concluded that the regional scaling-based endmembers derived from
the linear unmixing model are the best ones to be used in combination with the inverted LiStrahler model, and these scaling-based aggregated endmembers improve the Li-Strahler
model inversion for monitoring the forest canopy structure.
Scales and scaling currently are one of the central issues in quantitative remote sensing
(Liang, 2004; Schaepman, 2007). Although the scaling-based endmember extraction method
using the linear unmixing model is applied using QuickBird as high spatial resolution image
and Hyperion as medium spatial resolution image in this study, it can be implemented for any
two sets of remote sensing images with different spatial and spectral resolution. Potential
combinations may include scaling from QuickBird to Landsat TM, from Landsat TM to
MODIS, and even from Hyperion to MODIS. Therefore, using the presented up-scaling based
method to explore the information from images at larger scale seems to be feasible.
In future work, we will continue quantifying forest structural variables in the whole Three
Gorges region of China using multi-spatial, multi-temporal and multi-spectral resolution data
through this inverted Li-Strahler geometric-optical model and the described up-scaling method.
Even though the inverted model and the scaling method will need further analysis and
calibration, the presented results show confidence in the approach selected. Moreover,
combining physical based canopy reflectance models used for quantitatively monitoring the
change of the forest structure over time in combination with statistical models will allow
assessing ecosystem disturbance over extended periods of time.
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Scaling-based forest structural change detection using an inverted geometric-optical
model in the Three Gorges region of China

Abstract
We use the Li-Strahler geometric-optical model combined with a scaling-based approach to
detect forest structural changes in the Three Gorges region of China. The physical-based LiStrahler model can be inverted to retrieve forest structural properties. One of the main input
variables for the inverted model is the fractional component of sunlit background, which is
calculated by using pure reflectance spectra (endmembers) of surface components. In this
study, we extract these surface component endmembers from moderate spatial resolution
MODIS data using two scaling-based methods (namely, a regional based linear unmixing and
a purest pixel approach) relying on corresponding high spatial resolution Landsat TM images.
Then, the forest structural property crown closure (CC), is estimated by inverting the LiStrahler model based on the extracted endmembers. Changes in CC are mapped using MODIS
mosaics dated 2002 and 2004 for all of the Three Gorges region. Validation of the estimated
CC using 25 sample sites indicates that the regional scaling-based endmembers extracted
using linear unmixing are more suitable to be used in combination with the inverted LiStrahler model for monitoring the forest CC than the purest pixel approach, and result in
significant better estimates in both years (R22002=0.614, RMSE2002=0.060, R22004=0.631 and
RMSE2004=0.052). A change detection map of the the model derived CC in 2002 and 2004
shows a decrease in CC in the eastern counties of the Three Gorges region located close to the
Three Gorges Dam. An increase in CC has been observed in other counties of the Three
Gorges region, implying a preliminary positive feedback on certain policy measures taken
safeguarding forest structure.
Keywords: Forest structure; Change detection; Crown closure; Geometric-optical model;
Endmember extraction; Scaling; MODIS; Three Gorges region
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4.1 Introduction
Ecologically sustainable development and optimal management of natural resources is an
essential ingredient for socio-economic development. Forest is the most widely distributed
ecosystem and natural resource on the Earth, affecting the lives of most humans daily, either
as an economic good or an environmental regulator (Wulder, 1998). Solid information on
forest structure is therefore critical for many aspects of forest management, including timber
inventory and harvest, wildlife habitat modeling, and fire management (Franklin et al., 2000).
The timely and accurate availability of forest structural properties, such as stem density, stem
diameter at breast height, tree height, crown closure, crown size and age, are important
throughout a range of ecological, biogeochemical and atmospheric science disciplines
(Kalacska et al., 2007; McRoberts and Tomppo, 2007). Forest structural conditions constantly
show changes that may be subtle or abrupt, and can result from natural and/or anthropogenic
forces (Hayes and Cohen, 2007). A method to quantitatively monitor forest structural
properties over large areas would enable accurate assessments of changes in forest ecosystem
services and provide insight into processes that can be of influence.
One of the regions where major changes are taking place in a forest ecosystem is the Three
Gorges region in China, which is widely known due to the Three Gorges Dam project (Qian,
2006). This hydroelectric river dam construction is situated in Yichang (Hubei province) and
located in the middle section of the Xiling Gorge of the Yangtze River. The Three Gorges
Dam project is expected to have a beneficial impact on issues such as flood control, electrical
power generation, shipping, and water supply; it may also exert far-reaching and profound
impacts on the natural environment, including local climate, water quality, forest structure,
aquatic life, sediment deposition and soil erosion (Li, 1990; Wu et al., 2002). The Chinese
government pays also a great importance to the eco-environmental aspects of the Three Gorges
Dam project and has therefore implemented a long-term investigation (Huang et al., 2006),
intending to monitor the changing environment.
Over the past half century, a range of airborne and space-borne sensors have acquired
remotely sensed data, with the number of sensors and their capability steadily increasing over
time (Rosenqvist et al., 2003). Remote sensing techniques offer the practical approach for
estimating forest conditions and monitoring changes in forest structure at local, regional and
global scales. Traditionally, quantitative retrieval methods for assessing forest structural
properties by remote sensing can be grouped into two major categories: statistical and
physical approaches. Statistical approaches are mainly based on a wide variety of vegetation
indices and they use empirical regression models to infer forest properties directly. Physical
approaches usually rely on inverting or assimilating canopy reflectance models (Liang, 2004).
While forest canopy architecture and multiple scattering present major challenges to the
empirical, statistical models, they are a core focus in physically based canopy reflectance
modeling studies (Wulder and Franklin, 2003).
Canopy reflectance models have been used to derive many forest structural properties. In
particular, geometric-optical models (GOM), treating the surface as an assemblage of discrete
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geometric objects with the reflectance modeled as being a linear combination of viewed sunlit
and shaded components, have been used for forests (Chopping et al., 2006). GOM provide
methods to analyze the interaction between forest structural properties and forest reflectance
(Gerard and North, 1997). GOM also have been successfully inverted to estimate forest
structural attributes in various studies (Franklin and Strahler, 1988; Woodcock, 1994; Hall et
al., 1995; Woodcock et al., 1997; Gemmell, 1999; Peddle et al., 1999; Scarth and Phinn,
2000; Scarth et al., 2001; Peddle et al., 2003). Zeng et al. (2007b) derived pixel-based forest
structural variables (crown closure and crown diameter) from EO-1 Hyperion data in the
Longmenhe forest nature reserve (located in the Three Gorges region) by inverting the LiStrahler geometric-optical model (Li and Strahler, 1985; 1992). The results indicate that the
model predicts forest crown closure more reliably than crown size. For the inversion of a
geometric-optical model, the essential input variable is the areal fraction estimate of the sunlit
background component, which usually is calculated based on pure reflectance spectra of the
viewed surface components (endmembers). Therefore, the accuracy of forest structural
properties derived from the inverted model is primarily determined by the feasibility of
methods for endmember extraction.
The most convenient approach of endmember extraction is estimating the pure spectrum
directly from the remote sensing image. The usability of this approach depends upon the
availability of pure pixels for every viewed surface component across the image. Hence the
quality of the endmembers is a function of both, spatial resolution and ecosystem
fragementation. For very high spatial resolution imagery, such as QuickBird and IKONOS,
and high spatial resolution imagery, such as Landsat Thematic Mapper (TM) and SPOT, the
inherent pixel size (≤30 m) renders it possible to identify pure pixels representing each
endmember in the scene properly. However, the use of these systems is usually constrained to
small areas or regions of a few hundred square kilometers and are therefore less suitable for
monitoring forest structural changes over large areas (Chambers et al., 2007). Moreover, the
significant time requirements of multi-temporal image collection for indicating the
phenological and forest structural coherence renders these types of images less suitable.
Moderate and low spatial resolution imagery (≥250 m), like the MODerate-resolution
Imaging Spectroradiometer (MODIS), providing daily observations with large coverage, are
more suitable to investigate temporal changes of forest conditions at larger scales.
Nevertheless, using an image-based endmember extraction method, the detected “pure” pixels
may still contain mixtures of components due to the low spatial resolution.
In order to solve the mixture problem, an up-scaling endmember extraction approach using
the linear unmixing model can be applied (Zhukov et al., 1999; Haertel and Shimabukuro,
2005; Zurita-Milla et al., 2006). When the fractions of components from a co-registered high
spatial resolution image are available, the linear unmixing model can be applied to unmix the
low spatial resolution data and calculate the required endmembers. Zeng et al. (2007c) upscaled QuickBird data to EO-1 Hyperion image using linear spectral unmixing in the
Longmenhe study area. The results demonstrate that the scaling-based endmembers are more
feasible for monitoring forest crown closure by inverting the Li-Strahler model than using
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image-based endmembers. This method provides an avenue to up-scale the information from
local to regional scale. We subsequently call this method the regional scaling-based
endmember extraction. Another approach is up-scaling the fractions of scene components
from the high spatial resolution data to each pixel detected directly from the low spatial
resolution image. Then the purest single pixel may be determined for every component. This
pixel scaling-based endmember extraction method can be used to evaluate the purity of the
image-based extreme pixels and select the purest one as the endmember.
In summary, the major goal of this study is to use an inversion of the Li-Strahler geometricoptical model combined with a scaling-based endmember extraction method to detect forest
structural changes over large areas. The Three Gorges region of China is chosen as study area
due to its expected changes in recent years. The Li-Strahler model is used to derive forest
structural property, namely crown closure, in this region and to map changes in crown closure
within a time span of 2 years.
4.2 Study area and data
4.2.1 Study area
The Three Gorges region refers to a special area associated with the Three Gorges Dam and
Reservoir project along the Yangtze River of China (Figure 4.1). It is also called the Three
Gorges Reservoir region. The total acreage of this region is about 58,000 km2 (28°32′31°44′N, 105°44′-111°39′E), which includes 20 counties in Hubei province (ranging from
Yichang in the east to Badong in the west) and Chongqing (ranging from Wushan in the east
to Jiangjin in the west). This study area belongs to the temperate climate zone (Köppen: Cwa–
Subtropical monsoon (McKnight and Hess, 2000)). The average annual precipitation is about
1000-1300 mm and the rainy season is between spring and summer (April-October). Based on
a land cover investigation of 2002, the Three Gorges region is occupied by about 43%
cropland, 30% forest, 20% shrub and 3% grassland (Huang et al., 2006). The forested areas
are mainly dominated by coniferous species (dominant species are Pinus massoniana and
Cupressus funebris), deciduous broadleaved species (dominant species are Platacarya
strobilacea and Betula luminifera) and subtropical evergreen broadleaved species (dominant
species are Quercus spinosa and Cyclobalanopsis oxyodon).
4.2.2 Field data
The field data were collected in September 2006. With help of 1:50,000 topographic maps and
a land cover map of 2002, a total of 25 sample sites within the forest area of the Three Gorges
region were selected (Figure 4.1). For each sample site, we first determined a homogeneous
forest area with an acreage above 500 m x 500 m. According to information from the yearly
local forest investigation, the sample sites were chosen to be in areas without severe logging
and replanting activities between 2002 and 2006. The central location of each sample site was
recorded by a GPS (±15 m spatial accuracy). At every sample site, at least 2 sample plots (100
m x 100 m) were selected and forest structural properties were measured. These include forest
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China

Three Gorges Region

Longmenhe Area

Three Gorges Dam

25 Field samples
Forest cover

Figure 4.1 Location of the study area (Three Gorges region) in China, showing in particular the
locations of the 25 field sample sites, the Longmenhe forest nature reserve and the Three Gorges Dam
in the study area. The forest coverage over the study area is mapped based on a land cover map of
2002.
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crown closure (CC), crown diameter (CD), stem diameter at breast height (DBH), tree height
(H), trunk height (TH) and stem density (SD).
Crown closure (CC), also known as crown cover, is the percentage of ground covered by a
vertical projection of the outermost perimeter of the crowns in a stand (Brack, 1999). Crown
diameter (CD), also called crown width, is the span of crown and used to describe the crown
size (About, 2007). The value of CD for the tree with DBH ≥5 cm was measured in the field by
taking twice the average radius of the projected outer boundary of the crown. Based on the
crown map with the stem position of all measured trees in a sample plot, the CC was
determined. Tree height (H) and trunk height (TH) were estimated by performing angular
measurements using a compass clinometer. Stem density (SD) was measured by counting the
number of trees in each sample plot. The final forest measurements for the 25 field sample
sites used for validation are the average values of several sample plots within each sample site.
4.2.3 Satellite images
Two Landsat TM images (Path 125/Row 39), acquired on September 1, 2002 and October 8,
2004 respectively, are used in this study as high spatial resolution data (30 m). The images
have been geometrically corrected and converted from digital numbers (DNs) to top-of
atmosphere (TOA) reflectance using the approach of Chander (Chander and Markham, 2003).
Both TM images cover the eastern part of the Three Gorges region, which include the Three
Gorges Dam and the Longmenhe forest reserve (Figure 4.2).
The moderate spatial resolution data covering the whole Three Gorges region are based on
MODIS images (Figure 4.2), which were collected at the same dates as the Landsat TM
images. We use the daily ‘surface reflectance’ product of MODIS (MODIS-09, collection-4)
with 7 spectral bands and 500 m spatial resolution in this study. In addition, for each required
date, two MODIS-09 products are available, namely one from Terra-MODIS and one from
Aqua-MODIS with about 2 hr time difference of acquisition. Due to the importance of the
image viewing angle in the model inversion and scaling approach used in this study, we use
the Aqua-MODIS, which has an observation direction (nadir), located closer to the Landsat
TM images. On the other hand, the use of MODIS Albedo products has also been considered.
However, even though the MODIS BHR (bi-hemispherical reflectance, see Schaepman-Strub
et al. (2006) for terminology) is more appropriate, a direct comparison with the Landsat data
will only be possible by applying a directional correction of Landsat data as well. Detailed
parameters of the images used (Landsat TM and Aqua-MODIS) are shown in Table 4.1.
Table 4.1 Acquisition and angular information for the satellite images used in this study. SZA, SAA
and VA are solar zenith, solar azimuth and viewing angles, respectively.
Satellite data
Landsat TM5
Aqua-MODIS
Landsat TM5
Aqua-MODIS

Acquisition date
1 Sept. 2002
1 Sept. 2002
8 Oct. 2004
8 Oct. 2004

Local time
10:43
12:10-13:55
10:53
12:10-13:55

SZA (°)
33.6
27.5-28.5
41.5
41.5-42.5

SAA (°)
123.77
-141- -139.5
145.76
-149- -147.5

VA (°)
off Nadir 0.01
off Nadir 0-10
off Nadir -0.03
off Nadir 0-10
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Scaling (Three Gorges Region)
2004-10-08

2004-10-08

Scaling (Longmenhe Area)

Longmenhe Study Area

2002-09-01

2002-09-01

QuickBird 0.6m

EO-1 Hyperion 30m

Landsat TM 30m

MODIS-09 500m

Spatial resolution [m] (not to scale)
Figure 4.2 (in color on p. 94) Spatial scaling: Landsat TM (30 m) and Aqua MODIS-09 (500 m)
images for 2002 and 2004 used in this study; QuickBird (0.6 m) and Hyperion (30 m) images used in a
previous study (Zeng et al., 2007b; c). The white rectangle in each image indicates the location of the
corresponding image to the left.
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4.2.4 Ancillary data
A land cover map of the Three Gorges region from 2002 is used for identifying the forest
region. This map is derived from field investigations combined with a remote sensing
classification (Zhang et al., 2007a). The forest change detection between 2002 and 2004 in
this study is only focused on the forest area present in the 2002 land cover map (Figure 4.1).
Other ancillary data used for monitoring the forest is the digital elevation model (DEM) with
25 m spatial resolution over the Three Gorges region, which is created by digitizing the
topographic maps (Huang et al., 2006). Additionally, the MODIS Global Geolocation Angle
product contains information on solar illumination and instrument viewing geometry that is
also needed for modeling.
4.3 Methods
4.3.1 Overview of methodology
The methodology used in this study is presented as a flowchart in Figure 4.3. The inverted LiStrahler geometric-optical model is applied to retrieve one of the forest structural properties,
crown closure (CC). This model requires three scene components as input variables: the sunlit
background (G), the sunlit canopy (C), and the shadow (T). The endmembers of these three
components are extracted from the two MODIS images combined with the matching Landsat
TM data using two different scaling approaches:
•

Regional scaling-based linear unmixing model: Invert the linear spectral unmixing model
in the overlapping region of Landsat TM and MODIS. For each pixel of the MODIS
image, the fractions of the three components are provided by the Landsat TM image; and

•

Pixel scaling-based purest-pixel selection: Evaluate the purity of the extreme pixels
derived automatically from the MODIS image based on the Landsat TM fractions of the
three components. Then, use the spectrum of the purest extreme (singular) pixel to
represent the three components, respectively.

For both years, the forest CC is estimated from the inverted Li-Strahler model by
integrating: (1) the fractional image of sunlit background (Kg) obtained by forward linear
spectral unmixing of the MODIS data using the extracted endmembers (G, C and T) by the
two tested scaling methods; (2) the slope and aspect images derived from DEM data using a
general topographic analysis model, and (3) the mean parameters calculated from the field
measurements for describing the shape of the forest canopy. Finally, we use the field
measured CC from 25 sample sites to validate the model estimations for both years and
evaluate the influence of the two scaling-based endmember extraction methods. The changes
of the forest CC between 2002 and 2004 are detected and quantified in 20 counties of the
Three Gorges region according to the determined CC mapping.
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Figure 4.3 Flowchart illustrating the methodology used in this study.
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4.3.2 Geometric-optical model
Zeng et al. (2007b; 2007c) have shown that the Li-Strahler geometric-optical model can be
inverted to retrieve forest canopy variables like CC using very high and high spatial resolution
images. This model represents the forest as a collection of 3-dimensional geometrical objects
with a Poisson distribution. For modeling a forest scene, three components have to be
estimated: sunlit background (G), sunlit canopy (C) and shadow (T) (Hall et al., 1995; Li and
Wang, 1995; Peddle et al., 1999; Peddle et al., 2003). In order to apply this model to
individual pixels in a remote sensing image, the pixel size should be much larger than the tree
size, but smaller than the size of a forest, and the individual trees should be randomly
distributed within the pixel (Woodcock et al., 1994).
To derive CC by inverting Li-Strahler model, the fraction of sunlit background (Kg) is
required as input (Strahler and Jupp, 1990; Li and Strahler, 1992; Woodcock et al., 1997;
Zeng et al., 2007b; 2007c). Based on the field measurements in the forest area of the Three
Gorges region, the crown shape can be modeled as an ellipsoid. Therefore, the measured
values of tree height from ground to mid-crown (h), crown radius in vertical direction (b) and
crown radius in horizontal direction (r) are the necessary inputs of model inversion. In
addition, the slope and aspect images re-sampled to 500 m spatial resolution and the solar and
viewing angles are also required for model inversion (Schaaf et al., 1994; Zeng et al., 2007b).
Since Kg is the most critical input, accurate extraction of the G, C and T endmembers from the
MODIS images of the Three Gorges region for both years is very important.
4.3.3 Endmember extraction
Both scaling-based endmember extraction methods presented hereafter require the fractional
images of the three scene components (G, C and T) from the Landsat TM data. The spatial
resolution of TM (30 m) allows the selection of pure pixels representing each endmember.
With the support of extensive field measurements in the study area covered by the TM
images, pure pixels indicating the G, C and T endmembers are selected from the TM images
at the same locations for both years. A forward linear spectral unmixing model is performed
using these endmembers to obtain the TM fractional images of G, C and T for both years.
These TM fractional images are then re-sampled to 25 m spatial resolution and used as the
reference images to spatially co-register the corresponding MODIS image.
4.3.3.1 Regional scaling-based method. In Zeng et al. (2007c) a scaling-based linear
unmixing model was successfully applied to the Longmenhe forest nature reserve using a
fusion of Quickbird and Hyperion images. In this study, this method will be extended to a
larger region by using Landsat TM and MODIS images.
Originally the linear spectral unmixing model is designed to estimate the fractions of
components in each pixel of a remote sensing image (Adams et al., 1986; Settle and Drake,
1993; Peddle et al., 1999; Goodwin et al., 2005). The pixel reflectance (S) is defined as a
linear combination of the endmembers (R), i.e. the pure reflectance spectra of components.
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Where m is the number of endmembers; p is the number of image bands; K is the fraction
of each endmember within the pixel and v is the residual for each band.
In this study we unmix the MODIS pixels, so the pixel-based reflectance (S) is provided by
the MODIS image. However, we now consider that the fractions (K) are known and estimated
from the TM fractional images. Then we can calculate each endmember (R) by solving
equation (4.1) simultaneously for a series of equations using a least squares approach (Haertel
and Shimabukuro, 2005). The overlapping area between the MODIS and TM images is used
for this, and subsequently the obtained spectral reflectance of the three components (G, C and
T) being the MODIS endmembers is assumed to be valid for the whole Three Gorges region.
4.3.3.2 Pixel scaling-based method. In order to compare the regional scaling-based method
with one that is commonly used, we selected the pixel purity index (PPI) approach (Boardman,
1993). The PPI is implemented to identify a number of extreme pixels in each MODIS image.
Due to the low spatial resolution of the MODIS image, up-scale the pixel-based fractions of G,
C and T from TM data and evaluate the purity of these extreme pixels are required. After
calculating the mean fractions of the three components for every PPI derived MODIS extreme
pixel based on the TM fractional images, the most purest pixel representing G, C and T
endmembers of the MODIS image can be selected for each year.
4.3.4 Validation and change detection
For validating the model inversion, we use 25 field sample sites and calculate the mean value
of CC at each field sample site for comparison with the corresponding pixel from the output
CC image. The root mean square error (RMSE) between estimated and measured CC and also
the coefficient of determination (R2) from a linear regression between estimated and measured
CC are used to evaluate the suitability of the two scaling-based methods for deriving
endmembers as input to the model inversion. The best inverted result is then determined to be
the final CC mapping for both years.
In order to detect the spatial distribution of CC change between 2002 and 2004, we use an
algebra-based change detection method, which is relatively simple, straightforward and easy
to interpret (Lu et al., 2004). We assume that the frequency of the CC difference in the study
area is normally distributed. When fitting the histogram of the CC difference with a Gaussian
function (4.3) and (4.4), the mean (µ) and standard deviation (σ) can be calculated (where x
represents the physical increase of pixel based CC between 2002 and 2004).
f ( x) =
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x = CC2004 – CC2002

(4.4)

Statistically, about 68% of the values fall within one standard deviation of the mean (µ ± σ)
and these are considered as regions where there is not enough evidence that CC has changed
and are thus called indifferent regions. The regions with a slight increase or slight decrease in
CC are defined by a CC difference in the ranges (µ+σ to µ+2σ) and (µ-σ to µ-2σ). These
regions combined with the indifferent region include about 95% of the total pixels. For
labeling a pixel as severe increase or severe decrease, the difference in CC between the two
years should deviate significantly from the mean. Therefore, these pixels are defined by
values between (µ+2σ to maximum) and (µ-2σ to minimum), which represent the regions with
obvious changes in CC.
4.4 Results and discussion
4.4.1. Signatures of the endmembers
The signatures of the endmembers G (sunlit background), C (sunlit canopy) and T (shadow)
extracted directly from the TM image with TOA reflectance are presented in Figure 4.4a and
b for 2002 and 2004, respectively. Using these three endmembers the TM image is unmixed
to derive the TM fractional images of G, C and T for both years.
Since the TM fractional images are re-sampled to 25 m, each MODIS pixel corresponds to
20 x 20 TM pixels. When applying the linear unmixing model in the overlapping area
(excluding clouds) of the MODIS image and the TM fractional images (G, C and T) for both
years, the spectral reflectance can finally used for the regional scaling-based MODIS
endmembers (Figure 4.4c and d).
In addition, the PPI method is also applied in the overlapping area to extract the extreme
pixels from the MODIS image. We reiterated 10,000 projections, resulting finally in 11
extreme pixels (G: 4 extreme pixels; C: 3 extreme pixels and T: 4 extreme pixels) which are
selected for each year. Overlaying every MODIS extreme pixel with a window of 20 x 20
pixels of the TM fractional images, mean fractions of G, C and T are calculated. These are
listed in Table 4.2 for both years. The results indicate that most of the extreme pixels
automatically detected by the PPI method are inherent mixtures. This is not unexpected, since
at 500 m spatial resolution of the MODIS data, deriving the pure pixels of C and T becomes
increasingly unfeasible compared to G. Thus, the fractions of C and T are always intermixed
in each C and T extreme pixel for both years. After comparing the purity of all extreme pixels,
the purest pixels are chosen to be the pixel scaling-based MODIS endmembers. They are the
pixels G4, C1 and T3 for the 2002 MODIS image, and G2, C3 and T2 for the 2004 MODIS
image (Figure 4.4e and f).
When comparing the MODIS endmembers extracted by the two scaling-based methods, the
regional scaling-based endmembers have consistent higher C values and lower G values than
the pixel scaling-based endmembers for both years (Figure 4.4). The extracted endmembers of
T for both methods are quite similar. The uncertainties of these two scaling-based methods are
affected by the accuracy of the TM fractional images, the quality of the co-registration
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 4.4 Extracted G (sunlit background), C (sunlit canopy) and T (shadow) endmembers: Fieldbased endmembers detected in Landsat TM images for (a) 2002 and (b) 2004; Regional scaling-based
endmembers extracted using a linear unmixing approach from MODIS images for (c) 2002 and (d)
2004; Pixel scaling-based endmembers extracted by selecting the purest pixel from MODIS images for
(e) 2002 and (f) 2004.

60

Change detection

between the MODIS and TM images, and the representativeness of the overlapping region for
the whole study area.
Table 4.2 Mean fractions of sunlit background (G), sunlit canopy (C) and shadow (T) components
calculated from Landsat TM fractional images for each extreme pixel derived from the MODIS image
for the year of 2002 and 2004, respectively.
Extreme
Extreme
02 TM
02 TM
02 TM
04 TM
04 TM
04 TM
pixels of
pixels of
02MODIS fraction-G fraction-C fraction-T 04MODIS fraction-G fraction-C fraction-T
G1:
0.89557
0.19363
0.00539
G1:
0.74540
0.17752
0.17096
G2:
0.91346
0.19116
0.00000
G2:
0.94050
0.02889
0.10029
G3:
0.78452
0.22983
0.02042
G3:
0.66514
0.03249
0.43769
G4:
0.73823
0.15332
0.23125
G4:
0.94416
0.17421
0.00000
C1:
0.16398
0.74498
0.15925
C1:
0.08964
0.68527
0.41556
C2:
0.11576
0.49838
0.55152
C2:
0.15564
0.58365
0.21197
C3:
0.10754
0.60248
0.40476
C3:
0.17147
0.81687
0.05259
T1:
0.03805
0.23101
0.56837
T1:
0.06806
0.38187
0.59539
T2:
0.07310
0.26994
0.55284
T2:
0.05915
0.35914
0.62366
T3:
0.14171
0.35002
0.54913
T3:
0.10256
0.35349
0.61395
T4:
0.16541
0.42134
0.54110
T4:
0.16027
0.42409
0.49618

4.4.2. Crown closure mapping
For retrieving the CC map using the inverted Li-Strahler model, the forward linear spectral
unmixing is firstly used to derive the fractions of sunlit background (Kg) from the MODIS
image based on the extracted endmembers for both years. There appear to be some areas
where the model produces a negative Kg. This is a result of limitations in the unmixing
approach and particularly occurs in areas consisting of a mixture of sunlit canopy and shadow
only. The missing sunlit background fraction is then forcing the unmixing to negative results.
In some very dense forest regions, it is also difficult to derive the fraction of sunlit
background. In our analysis, those non-CC areas as well as cloud covered areas have been
marked as “infeasible” regions in the final CC map. The mean crown shape parameters of the
forest canopy measured in field are h=7.21 m; b=2.01 m and r=1.22 m.
The inversion of the Li-Strahler model is implemented at the MODIS pixel level using
input derived by the two endmember extraction methods for 2002 and 2004, respectively. The
scatter plots in Figure 4.5 indicate the relationship between the model-estimated CC and the
ground measurements of CC for the 25 samples sites in the study area. Results show that for
both years the regional scaling-based endmembers (R22002=0.614; RMSE2002=0.060;
R22004=0.631 and RMSE2004=0.052) perform better than the pixel scaling-based endmembers
(R22002=0.428; RMSE2002=0.072; R22004=0.502 and RMSE2004=0.083) for CC retrieval.
Therefore, we decide to limit our further analysis to the use of endmembers extracted using
the regional scaling-based method in the Three Gorges region for both 2002 and 2004.
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(a)

(b)

(c)

(d)

Figure 4.5 Scatter plots of the model estimated CC by two scaling-based endmembers and the ground
measured CC using 25 field sample sites for the year (a) (b) 2002 and (c) (d) 2004. Coefficient of
determination (R2) from linear regression (solid line) and root mean square error (RMSE) between
estimated and measured CC (1:1 line) are calculated, respectively.
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(a)

(b)

Figure 4.6 Mapping results of forest crown closure (CC) for (a) 2002 and (b) 2004 in the forest
covered region of the Three Gorges region. Infeasible regions show cloud cover or insufficient model
performance for CC retrieval.
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Excluding the “infeasible” regions, the CC mapping performed on MODIS 2002 data
predicts values for about 89% of the forest area and for 2004 about 75%. All pixels with an
estimated CC value in both years are finally identified. This results in a prediction of CC
about 70% of the forest area in the whole Three Gorges region (Figure 4.6).
4.4.3. Estimating changes
The histograms of the model derived CC for both years (2002 and 2004) are shown in Figure
4.7a. A clear trend in the CC retrieval frequency can be observed from these histograms.
Trends may be caused by model errors of the inverted Li-Strahler approach and the linear
spectral unmixing. Trends may also be explained by inaccurate atmospheric correction and by
differences in solar and viewing angles of the MODIS images for both years. Finally, a real
increase and/or decrease of CC can cause this trend. We plot absolute trend differences of CC
between the two years (i.e. CC2004 – CC2002) (Figure 4.7b). This histogram approximates a
normal distribution, but the mean (µ) is slightly negative (-0.057) instead of 0. Since it is
impossible to isolate the above trends individually and we are interested in CC trends only,
we account the general trends to be of systematic origin. As a result, we assume the histogram
to be normal distributed around the mean. The attribution of systematic errors as discussed
above leads consequently to a loss of the pure physical meaning of changing CC. We
therefore use statistics to obtain the thresholds defined in section 4.3.4 and attribute nonsymmetric values around 0 in the following 5 classes (µ=-0.057 and σ=0.22): severe decrease
(-1 to -0.497), slight decrease (-0.497 to -0.277), indifferent (-0.277 to 0.163), slight increase
(0.163 to 0.383) and severe increase (0.383 to 1).
The spatial change of the model derived CC between 2002 and 2004 in the forest area of
the Three Gorges region is mapped in Figure 4.8. It clearly shows that areas with an
increasing and decreasing CC are not randomly distributed. The statistical differences of the
CC change between 2002 and 2004 in the 20 counties of the Three Gorges region are
quantified by the percentages of the increased and decreased coverage and listed in Table 4.3.
As a result, most of the forest areas show an increase of CC between 2002 and 2004 (Figure
4.8) In some counties of Chongqing reservoir region, like the range from Wuxi in the east to
Shizhu in the west, more than 5% coverage with the class of severe increase are detected
(Table 4.3). This general increasing trend of the forest structural parameter crown closure
(CC) in the observed period is not only due to an expected natural increase of CC in trees but
also because of some policies implemented in the Three Gorges region. To prevent soil
erosion, pollution and geological disasters, the Chinese government issued a reforestation
policy in 2000 (Duan and Steil, 2003). This policy has been adopted gradually by converting
cultivated land (especially on the slopes of 25° or greater) to forest and pasture land and it
benefits from rehabilitation of the environment in the Three Gorges region on a long term
basis. Another policy of constructing a green belt was approved and carried out in 2004. This
green belt covers mainly the region surrounding the Three Gorges reservoir, where the
existing forest is being rehabilitated through ceasing logging activities and replanting trees
(Tan and Yao, 2006).
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Figure 4.7 (a) Histograms of model derived CC for 2002 and 2004 and (b) pixel-based difference
between the two years (i.e. CC2004 – CC2002).

Figure 4.8 (in color on p. 95) Change map of the model derived CC between 2002 and 2004 in the
forest area of the Three Gorges region. The colorful pixels indicate the obvious changes of CC
increase (green) and CC decrease (red).
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However, due to the rural resettlement and urban relocation in the Three Gorges region
resulted from the Dam project, an increase in resource needs is observed, such as the demand
of arable farmland and wood removal, which directly leads to forest destruction and therefore
decreasing CC. This is particularly visible in two counties, Xingshan with 9.79% coverage of
severe decrease and Yichang with 7.47% coverage of severe decrease (Figure 4.8 and Table
4.3). Both counties possess the highest forest coverage, especially natural broadleaved forest.
Additionally, the most affected areas of CC loss between 2002 and 2004 are located around
Yichang where the Three Gorges Dam itself is being constructed. It seems that forest ecoenvironmental disturbance and decline of forest structural change associated with the Three
Gorges Dam project is existing despite the above mentioned reforestation and green belt
construction policies implemented. The identified ‘severe decrease’ regions are the most
important areas requiring a solid and sustainable forest resource protection in the Three
Gorges region.
Table 4.3 Overview of the results per county: forest coverage calculated based on the land cover map
of 2002; model derived CC coverage in the forest region; and CC changes between 2002 and 2004 in
the model derived region quantified by the percentages of the increased and decreased coverage in the
20 counties of the Three Gorges region (20 counties are sorted by forest coverage descending).
%Severe %Slight
%Slight %Severe
%Forest
% Forest
Decrease Decrease %Indifferent Increase Increase
Cover by
pixels with Cover in Cover in
Cover
Cover in Cover in
2002 Land
modelled
in CC
County
CC
CC
CC
CC
Cover Map
CC value
Region
Name
Region
Region
Region
Region
Xingshan
54.64
56.07
9.79
29.53
55.10
4.24
1.33
Fengdu
53.91
74.42
0.79
8.47
75.14
13.76
1.84
Yichang
45.74
74.78
7.47
25.74
62.41
3.38
1.00
Wulong
38.21
63.34
0.53
11.40
73.84
12.79
1.43
Shizhu
36.40
59.45
0.50
5.91
65.88
20.09
7.62
Badong
36.09
68.72
2.34
16.39
70.13
6.99
4.14
Wanxian
34.40
82.57
0.25
3.86
73.12
17.75
5.01
Fuling
33.77
72.06
0.31
4.80
73.05
18.85
2.99
Fengjie
32.91
69.61
1.44
11.64
67.09
13.14
6.69
Zhongxian
32.35
91.17
0.00
2.02
79.81
16.20
1.98
Wushan
26.20
66.97
4.01
19.58
66.14
7.55
2.72
Zigui
25.56
77.50
3.48
18.53
69.86
6.53
1.60
Changshou
20.09
74.78
0.47
2.56
64.42
27.09
5.47
Wuxi
19.74
62.26
3.08
16.51
59.57
14.39
6.46
Jiangjin
17.08
43.45
0.31
6.99
77.77
13.05
1.88
Jiangbei
16.12
73.74
0.00
5.86
71.86
19.72
2.56
Yuyang
15.39
72.91
1.10
8.57
66.95
14.99
8.38
Chongqing
14.46
71.14
0.52
6.20
72.09
18.09
3.10
Kaixian
14.43
64.51
1.62
10.28
59.34
16.78
11.98
Baxian
9.63
55.11
0.18
1.64
74.55
21.45
2.18
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4.5 Conclusions and outlook
This study demonstrates that the inverted Li-Strahler geometric-optical model can be used for
estimating forest crown closure in a large region. The scaling approach is feasible to deal with
the mixture problem of the low spatial resolution data through up-scaling the information
from the corresponding high spatial resolution data. The inverted geometric-optical model
combined with the scaling, used at a local scale in the Longmenhe study area with QuickBird
and Hyperion images (Zeng et al., 2007c), can also be applied at the regional scale in the
Three Gorges region with Landsat TM and MODIS images with sufficient predictive
capacity. Furthermore, based on the collected 2002 and 2004 data, the model derived forest
structural properties can be well compared to detect changes. After validating the model
results for both years using 25 field samples, it can be concluded that the regional scalingbased endmembers extracted from the linear unmixing model are the most suitable ones to be
used in combination with the inverted Li-Strahler model for monitoring the forest crown
closure. For both years this methodology yields similar accuracies.
Although this methodology contains several uncertainties, it provides a remotely sensed
technique to detect changes of the forest structure. This study gives the basis for
understanding the changes of the forest between 2002 and 2004 in the Three Gorges region.
The results and analyses highlight the severely changed regions where sustainable efforts in
ecosystem restoration will have most impact. However, currently scaling based remote
sensing approaches provide the only large scale means to monitor ecosystem changes, in
particular in areas where validation data are sparse.
Scaling currently is one of the important issues in quantitative remote sensing. In this study,
the application of a scaling-based endmember extraction method using the linear unmixing
model indicates that this method can be implemented using the remote sensing images with
different spatial resolution. As long as the fine and coarse spatial resolution data satisfy the
fractional cover retrieval constraints (sufficient sunlit and shaded canopy fraction present), a
derivation of CC seems feasible. However at larger spatial scales (>1 km spatial resolution),
the canopy heterogeneity might significantly higher, not allow a clear separation of the
fractions anymore. The proposed methodology provides therefore the possibility to carry out
change detection at larger scales than previously, and will finally allow the integration of
remote sensing data in process models (Schaepman, 2007).
This study also points out important issues for further work in an effort to develop a forest
monitoring and change detection protocol for the Three Gorges region based on the multitemporal satellite observations. The Three Gorges Dam is expected to be fully operational in
2009. The eco-environmental impact resulting from the construction of the dam will require a
long-term monitoring approach, beyond the one presented here. In addition, besides the forest
crown closure, other forest structural and biophysical properties, such as tree height, age, leaf
area index, and canopy chlorophyll will be of future research interest for forest monitoring in
this region.
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Comparison of two canopy reflectance models inversion for mapping forest crown
closure using imaging spectroscopy

Abstract
We compare the inversion of two canopy reflectance models to estimate forest crown closure
(CC) using an EO-1 Hyperion image: the Kuusk-Nilson forest reflectance and transmittance
(FRT) model and the Li-Strahler geometric-optical model. For predicting CC on a per-pixel
basis, the FRT model inversion is carried out by minimizing a merit function that provides a
measure of the difference between the reflectance simulated by the FRT model and the
reflectance originating from optimal band selection of Hyperion data. The inversion of the LiStrahler model mainly depends on the relationship between the scene component ‘sunlit
background’ and forest structural parameters. We complement prediction deficiencies of the
inverted Li-Strahler model CC by using a spatial interpolation algorithm (regression kriging)
in infeasible regions. Field measured CC of 40 sample sites are used to validate the inversion
quality of both models. The results indicate that the Li-Strahler model inversion (R2=0.67,
RMSE=0.043) performs better than the FRT model inversion (R2=0.53, RMSE=0.072) for CC
retrieval. Estimated CC using the Li-Strahler model inversion combined with spatial
interpolation yields a final, continuous CC map for the Longmenhe forest nature reserve
which is being used as study area in this work. The advantages and disadvantages of these
two models inversion combined with imaging spectrometer data for mapping forest CC are
discussed.
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5.1 Introduction
Forest is one of the most important components of the biosphere, which directly influences
the global atmospheric cycles and human well-being. Detecting forest conditions as well as
monitoring the changes of various forest structural, biophysical or biochemical variables can
enable accurate understanding of forest ecosystem services. Crown closure (CC), defined as
the percentage of ground covered by the vertical projection of tree crowns, is an essential
forest structural variable that indicates the distribution, density and growing status of trees.
CC is also a forest property that is most commonly mapped using remote sensing techniques
(Ustin, 2004).
Over the past few years, remote sensing, providing images from airborne and space-borne
sensors, has become an effective tool in inventory, planning and management of forest
resources on both local and global scales. Methods applied for deriving the forest structural
variable CC include traditional classification and spectral mixture analysis (e.g., Hall et al.,
1999; Couteron et al., 2001; Lobell et al., 2001; Chen et al., 2004; Van Coillie et al., 2007),
statistically based regression analysis (e.g., Franklin and McDermid, 1993; St-Onge and
Cavayas, 1997; McDonald et al., 1998; Cohen et al., 2001; Cohen et al., 2003; Pu and Gong,
2004; Pu et al., 2005) and inversion of physically based canopy reflectance (CR) models (e.g.,
Franklin and Strahler, 1988; Woodcock, 1994; Woodcock et al., 1997; Gemmell, 1999; Scarth
and Phinn, 2000; Gemmell et al., 2002; Kimes et al., 2002; Gascon et al., 2004; Kötz et al.,
2004; Nilson and Kuusk, 2004; Zeng et al., 2007b). A main advantage of inverting CR
models as compared to empirical models is their physical foundation and their better general
applicability to different sites and sampling conditions (c.f., Schaepman et al., 2005; Schlerf
and Atzberger, 2006).
In the early 1970s, requirements to describe the radiation regime of canopies to evaluate
canopy photosynthetic rates and to derive estimations of albedo from vegetated surfaces led to
the development of CR models (Roberts, 2001). Inversion of a CR model provides an
important avenue to extract canopy variables (such as CC) from remote sensing images.
However, a successful inversion of a CR model, especially on a per-pixel basis, requires a
good invertible model, an appropriate inversion procedure, and a set of calibrated remotely
sensed signatures (Jacquemoud et al., 2000). In addition, in recent years imaging spectroscopy
has been increasingly used for estimation of canopy attributes by inverting CR models (e.g.,
Zarco-Tejada et al., 2001; Kötz et al., 2004; Meroni et al., 2004; Zarco-Tejada et al., 2005).
The spectral contiguous criterium of imaging spectrometers enables the proper selection of
optimal spectral band settings for model inversion and a more quantitative and qualitative
determination of signatures representing the surface components (c.f., Ustin et al., 2008).
In this study, we estimate forest CC on a per-pixel basis from EO-1 Hyperion data by
inversion of two different CR models, namely the Kuusk-Nilson forest reflectance and
transmittance (FRT) model (Kuusk and Nilson, 2000) and the Li-Strahler geometric-optical
model (Li and Strahler, 1985). A comparison concerning the procedure, applicability and
accuracy of inversion of these two models is made. The advantages and disadvantages of
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these two models inversion combined with imaging spectrometer data for mapping forest CC
are discussed. Finally, a CC map with the estimated values from the best model inversion is
derived for the study area of the Longmenhe forest nature reserve.
5.2 Background
5.2.1 FRT model
The FRT model (Kuusk and Nilson, 2000; Kuusk et al., 2008) is classified as a hybrid model
that includes both geometric-optical and radiative transfer properties. The model describes a
radiative transfer scheme for a forest canopy composed of two layers: a discontinuous upper
canopy of trees in the overstory and a continuous, horizontally homogeneous shrub and grass
layer in the understory above the soil surface. The structural characteristics of the overstory
and understory are expressed differently in this model. Tree crowns can be treated as
ellipsoids or cones in the upper and cylinders in the lower layer. Model inputs consist not only
of the traditional forest structural parameters widely used in forest inventory, but also the
parameters concerning the understory vegetation, the atmosphere and the chemical properties
of the leaves, which are separately included in some associated models. As an example, the
parameters of the PROSPECT model (Jacquemoud and Baret, 1990) provide information
about the leaf optical properties; the parameters of the 6S model (Vermote et al., 1997) are
used to calculate the ratio of diffuse to direct incident flux above the canopy; the Markov
parameters of the MCRM model (Kuusk, 1995) indicate the characteristics of understory
vegetation with one or two layers; and soil parameters (Price, 1990) describe the soil
reflectance spectrum.
The FRT model can be inverted to estimate forest canopy parameters and it has been
applied in several studies (e.g., Gemmell et al., 2002; Eriksson et al., 2006; Lang et al., 2007).
The inversion of the FRT model is performed through minimizing a merit function (Goel and
Strebel, 1983; Kuusk, 1991). When the difference between the measured spectral reflectance
from field or remote sensing images and the simulated spectral reflectance from the FRT
model are minimized, the minimum value of the merit function will be obtained by an
optimization technique and finally, the required parameter can be derived.
5.2.2 Li-Strahler model
The Li-Strahler geometric-optical model assumes that the bidirectional reflectance is a purely
geometric phenomenon resulting from a scene of discrete three-dimensional (3D) objects with
a random (Poisson) distribution being illuminated and viewed. The reflectance can be treated
as an area-weighted sum of viewed sunlit and shaded components. The first Li-Strahler model
(Li and Strahler, 1985) was designed to simulate the nadir or near-nadir bidirectional
reflectance of conifer forests on a flat terrain. The conifer trees were treated as opaque cones
on a contrasting background. However, with opaque cones, the shadowed areas are black and
do not reflect any radiation which does not correspond to reality and causes errors when the
shadowed areas are viewed by the sensor. Therefore, Li and Strahler (1992) included the
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mutual shadowing effects in the model. This enabled the model to better simulate the high
brightness of a forested scene when the illumination or/and the viewing directions have large
zenith angles. Moreover, at that time the model was developed with an ellipsoid as the basic
crown shape to make the model more generally applicable than the cone shape used in the
former versions. In order to deal with topographic effects and to accommodate a sloping
surface, later some corresponding transformations were added to the model (Schaaf et al.,
1994).
For applying the Li-Strahler model to individual pixels of a remote sensing image, the
model assumes that the spatial resolution of the image is much larger than the size of
individual crowns but smaller than the size of the forest. Moreover, it assumes that the crowns
are randomly distributed within the pixel (Woodcock et al., 1997). Hence, the reflectance of
each pixel can be modeled as a simplified linear combination of three scene components:
sunlit background (G), sunlit canopy (C) and shadow (T) (Li and Wang, 1995). Each
proportion of these three components can be expressed by a function of the forest crown
structural parameters combined with the solar and viewing angles. This has resulted in the
wide use of the inversion of the Li-Strahler model to estimate forest structural properties (e.g.,
Franklin and Strahler, 1988; Woodcock, 1994; Hall et al., 1995; Woodcock et al., 1997;
Gemmell, 1999; Peddle et al., 1999; Scarth and Phinn, 2000; Scarth et al., 2001; Peddle et al.,
2003; Zeng et al., 2007b). A successful inversion of the Li-Strahler model is particularly
dependent on good estimates of the contributing fractions of the three scene components.
5.3 Methods
5.3.1 Study area and data
The Longmenhe forest nature reserve (centered at 31°20′N, 110°29′E), is located in the
Xingshan county of the Hubei province, which is in the north-east of the Three Gorges region
in China (Zeng et al., 2007b). This study area covers an acreage of about 4644 ha and is
dominated by subtropical evergreen broadleaved forest (two major species: Quercus spinosa
(EQ) and Cyclobalanopsis oxyodon (EC)), deciduous broadleaved forest (three major species:
Platacarya strobilacea (DP), Quercus glandulifera var.brevipetiolata (DQ) and Betula
luminifera (DB)) and coniferous forest (two major species: Pinus tabulaeformis (CP) and
Larix kaempferi (CL)). The altitude of this area is around 1300 m above sea level, the average
precipitation is about 100-150 mm per month, but in the spring-summer (April-September)
season it can be about 200-300 mm per month. The study area lies in the sub-tropical climate
zone (McKenzie et al., 2003) and the dominant soils are Mountain Yellow Cinnamon and
Brown Earth (Xiong and Li, 1987).
During April and June 2003, 40 sample sites (100 m x 100 m) were selected within the
study area based on different species distribution and topographic strata. The central location
of each sample site was recorded with a differential GPS with an accuracy of about 5 m. At
every sample site, 5 sample plots (20 m x 20 m) were selected and field measurements were
made for all the parameters required for the two CR models. These measurements include the
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forest canopy structural parameters: crown closure, crown radius, stem diameter at breast
height (DBH), tree height, trunk height and stem density. The methods of data collection were
reported in Zeng et al. (2007c). In addition, measurements also include the leaf parameters:
contents of water, chlorophyll, proteins, lignin and cellulose. These were determined by
laboratory analysis based on 20 leaves from the upper crown and 10 leaves from the
understory vegetation for each of the 7 forest species as mentioned before. The understory
vegetation parameters: vegetation composition, coverage, height, leaf size and leaf angles
were measured in 5 squares (5 m x 5 m) and averaged to represent the mean value at each
sample site. Finally, the leaf area index (LAI) for overstory and understory were estimated
using an LAI-2000 instrument (Huang et al., 2005; Huang, 2006).
A hyperspectral EO-1 Hyperion image was acquired over the study area on 10 June 2004 at
11:00 a.m. local time. Solar zenith and azimuth angles during the nadir viewed acquisition
were 23.5° and 104.5°, respectively. The pre-processing of this image constitutes a conversion
of digital numbers (DNs) to radiances (Beck, 2003); striping correction (Han et al., 2002);
atmospheric correction by ACORN (AIG, 2002); optimal spectral bands selection and
geometric correction (Zeng et al., 2007b). Finally, a geo-corrected Hyperion image with
surface reflectances in 132 spectral bands and 30 m spatial resolution is used in this study.
Surface reflectance in this context is approximated by hemispherical directional reflectance
data following the terminology of Schaepman-Strub et al. (2006). In order to map the forest
CC on a per-pixel basis from the Hyperion data, a forest classification is required to identify
the forested regions and the three dominant forest communities with 7 species. We use the
spectral angle mapping (SAM) (Kruse et al., 1993) algorithm to classify the Hyperion image
based on image-derived endmembers for each species. The map with the forest classification
result and its accuracy were given in Zeng et al. (2007b). Other ancillary data include a
QuickBird image with 0.61 m spatial resolution located in the center of the Hyperion image
(Zeng et al., 2007c) and a digital elevation model (DEM) with 30 m spatial resolution that is
used to obtain the slope and aspect data for the region.
5.3.2 Comparison of model inversion
Under the assumption of Poisson distributed trees viewed at nadir in this study, the forest
structural variable crown closure (CC) can be expressed by:
(5.1)
CC = 1 – exp (- π Nr2)
where N (trees/m2) is the stem density and r (m) is the crown radius in horizontal direction
(Woodcock et al., 1997; Scarth and Phinn, 2000; Gemmell et al., 2002). In the model
inversion, N has to be estimated from the inversion of the FRT model, because N is regarded
as the unique variable to alter CC. However, from the inversion of the Li-Strahler model, a
widely called “treeness” variable M (M=Nr2) is estimated to derive CC. The inversion
procedures for both the FRT model and the Li-Strahler model are described as follows:
• The FRT model can simulate the surface reflectance at wavelengths ranging from 400 to
2400 nm given all required input parameters are provided. Before the model inversion, a
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comparison between the simulated reflectance from the FRT model and the reflectance from
the pre-processed Hyperion image after a topographic correction using the Minnaert algorithm
(Minnaert, 1941; Woodham and Lee, 1985; Teillet, 1986) is needed. Inversion of the FRT
model is carried out by minimizing a merit function that provides a measure of the difference
between the reflectance from the FRT model and from the Hyperion image (Kuusk, 1991;
Kuusk et al., 2004):
m

ρ *j − ρ j 2 n 
（x i − x e ,i） 2 
） + ∑ （x i − x i ,b）4ω i2 + （
）
dx i
εj
i =1 


F（X）= ∑（
j=1

(5.2)

where X=(x1, x2, .., xn) is the vector for the model input parameters; m is the number of
Hyperion reflectances (ρj*); ρj is the model simulated reflectance; εj is the uncertainty of the
Hyperion reflectance, which is calculated after the reflectance comparison between FRT and
Hyperion using the 40 sample sites; xi,b is the value of the parameter xi on the boundary of the
given range; ωi is a weighting factor with ωi=0 if xi ∈ [xi,min, xi,max] and ωi=ω (a given
constant) elsewhere; xe,i is the expert estimate of parameter xi; and dxi is the tolerance level
for parameter xi, which controls the sensitivity of the merit function on the expert estimate.
The merit function restricts the study such that the parameter xi cannot lie outside the values
of [xi,min, xi,max]. The algorithm of Powell (Powell, 1964) is used for minimization of this merit
function.
Since N[0.09, 0.37] is the only parameter after inversion to estimate forest CC, other
parameters listed in Table 5.1 are all set at a specific value in each pixel. The parameters
related to the tree crown and ground vegetation are fixed by the mean value of the
measurements based on the forest classification map. The values of these inputs were reported
in Huang (2006). In addition, a selection of the bands to be used in the inversion process is
recommended due to highly correlated bands of Hyperion data, which would yield artificially
higher uncertainties and bias the retrieval (Meroni et al., 2004). After correlation analysis and
principal component analysis, 17 bands containing most information are selected from the
Hyperion data (Huang, 2006). Finally, the reflectance of these bands will be used in the FRT
model inversion.
• According to the principle of three-dimensional geometry of a spherical crown on a flat
background, the fraction of sunlit background (Kg) is required as input for the inversion of the
Li-Strahler model to derive CC on a per-pixel basis (Strahler and Jupp, 1990; Li and Strahler,
1992; Woodcock et al., 1997):
M=

− ln(K g )

(sec θ i + sec θυ )(π − t + cos t

cos t =

sin t )

h tan θ i − tan θ υ cos ϕ
r (sec θ i + sec θ υ )

(5.3)

(5.4)

The symbols are explained below.
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Table 5.1 Input parameters and variables used for inversion of both, the FRT and the Li-Strahler
models on a per-pixel basis.
FRT model
Variables

Li-Strahler model

Reflectance of 17 Hyperion bands
(5VIS, 8NIR, 4SWIR: 498, 610, 681, 691, 722, 783, 844,
895, 1054, 1094, 1104, 1215, 1285, 1659, 1709, 2082, 2234 nm)

Kg-Fraction of sunlit background
Slope (°)

Aspect (°)
Tree crown parameters

Tree height from ground to top (m)

Tree height from ground to mid-crown (m)

Crown length (m)

Crown radius in vertical direction (m)

Crown radius in horizontal direction (m)

Crown radius in horizontal direction (m)

Cylindrical part of crown (m)
Stem DBH (cm)
Total dry weight of leaves (kg/tree)
Specific leaf weight per area (SLW, g m-2)
Branch area index (BAI)/leaf area index (LAI)
Tree distribution parameter
Clumping index of shoot shading coefficient
Leaf chlorophyll content (% of SLW)
Leaf water content (% of SLW)
Fixed
parameters
based on
forest
classification

Dry matter content (% of SLW)
Refraction index ratio
Leaf structure parameter
Shoot length (m)
Ground vegetation parameters (upper layer2 and lower layer1)
LAI 2, 1 (m2 m-2)
Leaf linear dimensions/canopy height 2, 1
Markov parameter 2, 1
Eccentricity of leaf angle distribution (LAD) 2, 1
Mean leaf angle of elliptical LAD 2, 1
SLW (g m-2) 2, 1
Leaf chlorophyll content (% of SLW) 2, 1
Leaf water content (% of SLW) 2, 1
Dry matter content (% of SLW) 2, 1
Brown pigment content (% of SLW) 2, 1
Refraction index ratio 2, 1
Leaf structure parameter 2, 1
Soil parameters

Fixed
parameters
same value in
each pixel
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Weights of Price functions: s1, s2, s3, s4
External parameters
Solar zenith angle (°)
6S parameters

Solar zenith and azimuth angle (°)
Viewing zenith and azimuth angle (°)
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In this study, the pixel-based Kg is obtained by forward linear spectral unmixing of the
Hyperion image using the endmembers of three scene components (G, C and T). These
endmembers are extracted using a regional scaling-based approach by inversion of the
unmixing model in the overlapping region of a QuickBird and a Hyperion image (Zeng et al.,
2007c). Other inputs for the model inversion involve the solar and viewing angles
(θI ,ϕI ,θv ,ϕv), the tree height from ground to mid-crown (h), the crown radius in vertical
direction (b), the crown radius in horizontal direction (r), and the pixel-based slope and aspect
(θs ,ϕs). These symbols are shown in equations (5.3), (5.4) and also in a series of equations
concerning the transformations of crown size (from ellipsoid to sphere) and slope coordinate
(Schaaf et al., 1994). All the required inputs for the Li-Strahler model inversion are listed in
Table 5.1 and the values of these inputs were reported in Zeng et al. (2007b). The number of
inputs required for the Li-Strahler model inversion is much lower than that needed for the
FRT model inversion. The most important input variable for this inversion procedure is Kg.
However, depending on the input value of reflectance and the provided endmembers, some
pixels of the Hyperion image do not produce logical output for Kg. This holds particularly for
very dense forest regions. To deal with these infeasible pixels, we employ a spatial
interpolation algorithm to interpolate the missing CC based on nearby estimated CC by the
Li-Strahler model inversion and an auxiliary variable.
5.3.3 Spatial interpolation
In areas where the Li-Strahler model inversion is infeasible, CC values will be obtained by a
hybrid spatial interpolation technique, i.e. regression kriging. Regression kriging employs
regression analysis to model the trend of a target variable with one or more (p) exhaustively
sampled auxiliary variables and spatial interpolation (kriging) of observed residuals to predict
local departures from that trend (Hengl et al., 2007). The method is also referred to as
universal kriging (Pebesma, 1997; Pebesma and Wesseling, 1998) or kriging with external
drift (Deutsch and Journel, 1998). For CC interpolation, it can be expressed as:

CC( x 0 ) = q T0 ⋅ β GLS + λ T0 ⋅ (CC − q ⋅ β GLS )

(5.5)

where CC(x0) denotes the predicted CC at location x0; q0 is a vector with 1 as the first
element, followed by the p auxiliary values at the location to be predicted; βGLS is a vector of
regression coefficients obtained by generalized least squares (GLS) fitting; CC – q ⋅ βGLS are
n observed residuals in the neighborhood of x0; and λ0 is the vector of n kriging weights.
Estimation of the regression coefficients by GLS requires prior knowledge of the covariance
matrix of the residuals (Cressie, 1993):

β GLS = (q T ⋅ Σ −1 ⋅ q) −1 ⋅ q T ⋅ Σ −1 ⋅ CC

(5.6)

where Σ is the covariance matrix of the residuals and CC is the vector of estimated CC by
the Li-Strahler model inversion. In geostatistics it is common practice to derive Σ from a
(semi) variogram which describes spatial dependence as a function of the distance between
locations (Isaacs and Srivastava, 1989). Typically, it suffices to approximate this function
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(a)

(b)

(c)

(d)

Figure 5.1 (in color on p. 95) Spatial distribution of Crown Closure (CC) after inversion of (a) the FRT
model and (b) the Li-Strahler model. (c) Interpolated CC predicted using the Li-Strahler model
inversion and regression kriging. (d) 2-dimensional scatter plot between (a) and (c).
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Figure 5.2 Experimental variograms (symbols) and fitted models (lines) for CC from the inverted LiStrahler model and for residuals after ordinary least squares detrending with the simple ratio
vegetation index.
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from the residuals of a drift model obtained by ordinary least squares (OLS) fitting of the
target variable on the secondary variable(s), in a single iteration (Kitanidis, 1993).
We adopt this approach using the Gstat software (Pebesma, 1997; Pebesma and Wesseling,
1998), with a single secondary variable that is selected from the commonly used vegetation
indices (i.e. NDVI, SR, RSR (Brown et al., 2000), and also a single NIR band) as the one
having the highest linear correlation with CC. The choice for these variables is based on their
expected correlation with CC while they are also readily derived from the Hyperion image.
5.4 Results and discussion
Inversion of the FRT model is performed for each pixel of the Hyperion image based on the
reflectance in 17 bands. Since all the fixed parameters used for model inversion concern the
forest class, only the pixels classified as forest can be inverted. The required parameter N is
predicted and then converted to CC for the Longmenhe study area (Figure 5.1a). The LiStrahler model is inverted to estimate CC with the pixel-based Kg in the forested region
(Figure 5.1b). The infeasible areas occupy 35.8% of the forested area, which correspond to
pixels where the linear unmixing model produces a negative Kg.
With a linear correlation R=0.42, the simple ratio SR (895nm/681nm) is chosen as the
auxiliary variable for interpolating CC in these infeasible areas. Figure 5.2 shows the
variograms of CC estimated by the Li-Strahler model inversion and the residuals after OLS
detrending with SR. The latter variogram is substantially lower than that of CC, indicating
that the variance of the prediction error of regression kriging is lower than that of kriging
alone. The resulting map with the estimated CC by the Li-Strahler model inversion and the
interpolated CC for the infeasible areas is shown in Figure 5.1c. A 2-dimensional scatter plot
(Figure 5.1d) shows the CC values for all the forested pixels predicted by both the FRT model
inversion (x-coordinate) and the Li-Strahler model inversion combined with interpolation (ycoordinate).
The relationship between the reflectance and the canopy parameters in the FRT model is
very complex. For deriving CC on a per-pixel basis by inverting the FRT model, in this study
it is assumed that the variance of the reflectance is only influenced by the parameter N.
Therefore, all other parameters have to be fully constrained. The uncertain factors related to
the model inversion include the accuracy of a large number of field measurements and the
forest classification, the suitability of the selected bands and the quality of the image preprocessing. Owing to the reasons mentioned above, the predicted CC by the FRT model
inversion has a limited range of variation i.e. between 0.8 and 0.95 (Figure 5.1a and d) despite
the fact that all the forested pixels can be inverted. The parameters used for inversion of the
Li-Strahler model are far less constrained than for the FRT model. Furthermore, the inverted
parameter M from the Li-Strahler model is better for denoting CC than N from the FRT
model according to equation (5.1). However, missing Kg data forces the Li-Strahler model
inversion to infeasible pixels. It seems that most of the infeasible areas are located in the very
dense (CC >0.8) forested region (Figure 5.1b and c). With the help of interpolation, the final
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CC map is produced based on the inversion of the Li-Strahler model and the range of
variation is from 0.6 to 1 (Figure 5.1c and d).
After a validation of the inversion for both the FRT model and the Li-Strahler model
combined with interpolation using the mean value of CC measured at 40 sample sites, the
squared correlation coefficient (R2) and the root mean square error (RMSE) between model
estimated CC and field measured CC are calculated, respectively (Figure 5.3). Results show
that the Li-Strahler model inversion with higher R2 (0.67) and lower RMSE (0.043) performs
better than the FRT model inversion (R2=0.53, RMSE=0.072) for CC retrieval. Also, it can be
seen that the FRT model systematically overestimated CC. Although there are still many
uncertainties in the Li-Strahler model inversion and interpolation, such as the accuracy of Kg
estimation, the field measurements and the selection of the auxiliary variable for interpolation,
validation indicates that the predicted CC by this method has a good agreement with the
measured CC. Therefore, Figure 5.1c can be used as the final CC map for the Longmenhe
study area.

Figure 5.3 Validation of the estimated CC from the FRT model (up) and the Li-Strahler model
combined with interpolation (down) using the mean value of CC measured at 40 sample sites.
Coefficient of determination (R2) from linear regression (solid line) and root mean square error
(RMSE) between estimated and measured CC (1:1 line) are indicated.
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5.5 Conclusions
In this study, we apply an inversion of two different CR models to derive the forest structural
parameter CC from Hyperion data. The FRT model considers the forest canopy as being built
up of two layers (i.e. upper trees and ground vegetation). It requires a large number of input
parameters and a good correlation between the estimated parameter and the reflectance during
the inversion procedure. This is a common requirement when inverting a radiative transfer
model. Model inversion can be properly performed when the required parameters are
provided with good quality. Care must be taken, when applying the FRT model over large
scales. Even though the models inherent physical foundation, simultaneous supporting field
measurements of all input parameters remain scarce and may lead fast to too rigid constraints
and consequently predict the real CC variability not sufficiently. However, if more input
parameters can be measured or constraints may be found through assimilation (e.g., Dorigo et
al., 2007), the predictive capability of the FRT model inversion will significantly increase.
The Li-Strahler model is inverted to estimate CC based on the relationship between the
fraction of sunlit background (Kg) and the forest crown structural parameters. This approach
is less complex than the FRT model and its inversion mostly depends on the image-based Kg.
CC can be estimated by the inverted Li-Strahler model on a per-pixel basis using a remote
sensing image with a different spatial resolution as long as Kg is available. In the current study,
Kg is derived using a linear unmixing approach. Dense forest areas may lead to pixels with
negative Kg values that are subsequently considered infeasible. The Li-Strahler model
inversion combined with spatial interpolation can deal with such infeasible pixels. This
procedure is also applicable to produce continuous CC maps. In future studies, efforts will be
made to improve the accuracy of the Li-Strahler model inversion. Monitoring the forest
structural properties using the Li-Strahler model inversion combined with interpolation will
be applied at a regional scale.
Imaging spectrometer data have certain advantages for characterizing forests. They can not
only provide the possibility of an optimal spectral band selection for the FRT model inversion,
but they also support the determination of endmembers for deriving accurate Kg values used
for the Li-Strahler model inversion. Model inversion needs a model that can simulate spectral
signatures adequately for the object of interest and subsequently accurate spectral signatures
from remote sensing images have to be obtained. Hence, the image pre-processing is very
important. Attention should be paid to further calibration and correction of images as a next
step.
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6.1 Conclusions
The main objective of this thesis is to develop a methodology for quantitatively monitoring
forest canopy structural variables and their change by integrating multiple scale remote
sensing techniques. Each of the chapters in this thesis concentrates on one of the research
questions proposed in section 1.3 for subsequently achieving this overall objective.
Question A: Can we use hyperspectral remote sensing data in combination with an
inverted physical-based canopy reflectance model for deriving and mapping forest canopy
structural variables? In Chapter 2, the use of hyperspectral remote sensing data combined
with an inverted physical-based canopy reflectance model to derive forest canopy structural
variables yielded good results. Two maps representing the estimations for both forest crown
closure (CC) and crown diameter (CD) were made based on an EO-1 Hyperion image by
inverting the Li-Strahler geometric-optical model in the study area of the Longmenhe forest
nature reserve. One of the most important inputs of the model inversion is the fractional
image of sunlit background (Kg), which can be calculated using the pure reflectance spectra of
the viewed scene components (sunlit and shaded canopy, sunlit and shaded background), i.e.
the endmembers. Because of the advantage of having hyperspectral data, the required
endmembers could directly be extracted from the image by selecting pure pixels with support
of field training samples. The corresponding Kg was then retrieved by linear spectral
unmixing. Even though the results of this study show confidence in the approach selected, the
procedures and parameters of the Li-Strahler model inversion need more careful analysis,
especially the endmember extraction of the scene components, which remains the main factor
influencing the accuracy of the model inversion.
Question B: Can we up-scale the information from higher spatial resolution data to
lower spatial resolution hyperspectral imagery, thus better extracting endmembers and
improving the results of the model inversion? Chapter 3 demonstrated the feasibility of upscaling from very high spatial resolution data (QuickBird) to high spatial resolution
hyperspectral data (EO-1 Hyperion) for extracting the endmembers of the viewed scene
components (sunlit canopy, sunlit background and shadow). In order to evaluate and possibly
improve the method of endmember extraction for the Li-Strahler model inversion, three
approaches were compared: the image-based PPI method, the pixel scaling-based purest-pixel
selection and the regional scaling-based linear unmixing model. After validating the model
estimations of CC and CD by field measurements, it could be concluded that (i) the regional
scaling-based endmembers calculated in the overlapping region of QuickBird and Hyperion
by the linear unmixing model were the best ones to be used in combination with the LiStrahler model inversion for mapping CC and CD in the Longmenhe study area; and (ii) no
matter which endmember extraction method was used, the model estimated CC was always
more reliable than the estimated CD due to the better sensitivity of the spectral reflectance to
changes in CC. The scaling-based endmember extraction method using the linear unmixing
model can solve the mixture problem and it is also appropriate for expanding the information
from local to regional scale. Although the scaling method was applied using QuickBird (being
the higher spatial resolution data) and Hyperion (being the lower spatial resolution data) in
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this study, it can be implemented for any two sets of remote sensing images with different
spatial and spectral resolution.
Question C: Can the inverted model and the scaling approach that is used for the
Longmenhe forest nature reserve also be applied for the whole Three Gorges region? Can
this methodology then be used for change detection of forest structural variables? As
shown in Chapter 4, the inversion of the Li-Strahler model combined with the regional scaling
method, used at a local scale in the Longmenhe study area with QuickBird and Hyperion
images, could also be applied at the scale of the Three Gorges region with Landsat TM and
MODIS images resulting in sufficient predictive capacity. Based on the data of 2002 and
2004, the model estimated forest canopy structural variable CC could be well compared to
detect changes. For both years, this methodology yielded similar accuracies. The change map
of CC from 2002 to 2004 showed a decrease in CC in the eastern counties of the Three
Gorges region located close to the Three Gorges Dam and an increase in CC in other counties
implying a preliminary positive feedback on certain policies taken safeguarding forest
resources in the Three Gorges region. This study presented a basis for understanding the
spatial distribution of forest changes between 2002 and 2004 in the Three Gorges region. The
results and analyses highlighted the severely changed regions where sustainable efforts in
ecosystem restoration would have most impact. However, in some areas, especially the very
dense forest regions, a missing sunlit background fraction (Kg) yielded no CC estimate from
the model inversion. In addition, cloud cover inhibited CC estimation. By excluding the
“infeasible” regions mentioned above, about 70% of the forested area in the Three Gorges
region for both years could be used for predicting CC change.
Question D: What are the advantages and disadvantages of the selected inverted model
as compared with other models? How to deal with missing data from the model estimation
in order to obtain continuous maps of forest structural variables? The inversion of two
canopy reflectance models for estimating forest CC on a per-pixel basis using the Hyperion
image in the Longmenhe study area was compared in Chapter 5. The inversion of the KuuskNilson forest reflectance and transmittance (FRT) model was implemented by minimizing a
merit function that provided a measure of the difference between the reflectance simulated by
the FRT model and the reflectance originating from the optimal bands selected from Hyperion
data. Differing from the inversion procedure of the Li-Strahler model, more input parameters
based on a large number of field measurements were required. The results of the validation
demonstrated that the estimated CC by the FRT model inversion had a limited range of
variation and was less accurate than the estimation by inverting the Li-Strahler model
combined with a scaling method (Chapter 3). To deal with the 35.8% “infeasible” areas from
the Li-Strahler model inversion, a spatial interpolation algorithm (regression kriging) was
employed to interpolate the missing CC using the nearby estimated CC by the Li-Strahler
model inversion and an auxiliary variable derived from the Hyperion image. Although there
were still some uncertainties in the Li-Strahler model inversion approach (incl. scaling and
interpolation), validation indicated that the predicted CC by this methodology had a good
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agreement (R2=0.67, RMSE=0.043) with the field measured CC and it was also able to
produce a spatially continuous CC map.
General conclusion. Based on the studies of the four previous chapters, it can be concluded
that:
•

The physical based Li-Strahler geometric-optical model can be successfully inverted
for estimating the forest canopy structural variables crown closure (CC) and crown
diameter (CD). The pixel-based fraction of sunlit background scene component (Kg) is
the most important input parameter that influences the accuracy of the Li-Strahler
model inversion. The estimated result of CC is better than that of CD by inverting the
Li-Strahler model on a per-pixel basis;

•

The regional scaling-based endmember extraction method can upscale the information
from higher spatial resolution data to lower spatial resolution data by means of
inverting a linear unmixing model in the overlapping region for two corresponding
images. The scaling approach can solve the mixture problem and better extract the
endmembers of the lower spatial resolution data for the Li-Strahler model inversion. It
can also expand the information from local to regional scale. The inverted Li-Strahler
model combined with the scaling method makes it possible to estimate forest canopy
structural variables in large areas. By using multi-temporal data, a change detection
can be carried out;

•

Spatial interpolation techniques can properly deal with the missing estimates resulting
from the Li-Strahler model inversion based on the endmembers calculated by the
scaling approach. With the support of a statistical based interpolation, the inverted LiStrahler model combined with the scaling method can finally yield spatially
continuous maps representing forest canopy structural variables in the whole study
area.

6.2 Reflection
This section tries to answer the questions: what is the general contribution of this study to
monitoring forest structural conditions on multiple scales; and what is the applicability of the
developed methodology for the eco-environmental protection in the Three Gorges region?
The first step of this study is focusing on finding an applicable physical-based model for
mapping forest canopy structural variables. The inverted Li-Strahler model was selected
mainly because of its advantage in estimating forest structural properties based on the theory
of crown geometry. However, the application of this model is constrained by its assumptions,
i.e. the spatial resolution of the used image should be much larger than the size of individual
crowns but smaller than the size of the forested study area, and the individual crowns should
be randomly distributed within the pixel. This indicates that (i) a remote sensing image with
very high spatial resolution (≤4 m) is usually not suitable for inverting the Li-Strahler model
in mapping the canopy structure, because each pixel of the image must include several crowns;
and (ii) also a low spatial resolution image (pixel size ≥1 km) is not suitable, because the
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canopy heterogeneity may significantly increase and not allow a clear separation of crowns.
Landsat TM data with a spatial resolution of 30 m have been used in most of the previous
studies to implement the inversion of the Li-Strahler model and derive a mean value of forest
structural variables for a local study area (e.g., Woodcock et al., 1997; Gemmell, 1999;
Peddle et al., 2003). The innovation of the first step of this thesis (Zeng et al., 2005; Zeng et
al., 2006; 2007b) resides in estimating forest structural variables on a per-pixel basis by
inverting the Li-Strahler model using EO-1 Hyperion data, which is a hyperspectral image
with the same spatial resolution as Landat TM. Subsequently, one of the key issues addressed
is the signature selection of endmembers representing the scene components sunlit canopy,
sunlit background and shadow in the image.
Although the spatial resolution of Hyperion data satisfies the assumption of the Li-Strahler
model in this particular ecosystem, it is not suitable to select the proper endmembers directly
from the image due to the inherent mixture problem. Taking full advantage of very high
spatial resolution data and integrating its information in the Hyperion data for better
endmember extraction is a main effort as presented in Zeng et al. (2007c; 2007e).
Additionally, a drawback of the Hyperion data is the small extent of such an image. Selecting
timely remote sensing data with moderate spatial resolution suitable for inverting the LiStrahler model not only benefits the mapping of forest structural variables over large areas,
but it is also possible to perform forest change detection using multi-temporal images (Zeng et
al., 2007d).
The Li-Strahler model works better in sparsely forested areas, which might be a limitation
of the current model implementation. In very densely forested regions, crowns touch each
other and almost no sunlit background component can be derived, thus no estimation from the
Li-Strahler model inversion is obtained. This has also been pointed out in other works (e.g.,
Wu and Strahler, 1994; Scarth and Phinn, 2000; Liang, 2007). With regard to increasing the
applicability of the Li-Strahler model inversion for mapping forest structural variables on a
per-pixel basis, finding ways, such as spatial interpolation, to solve missing estimations in
densely forested regions is extremely important (Zeng et al., 2007a).
Therefore, the main contribution of this work is the integration of (i) the inverted LiStrahler model, (ii) a regional scaling-based endmember extraction method and (iii) a spatial
interpolation technique to achieve quantitative monitoring of forest structural conditions.
Furthermore, various scaling aspects have been studied in this research, i.e. ranging from
multi-spectral to hyperspectral, from higher spatial resolution to lower spatial resolution, from
mono-temporal to multi-temporal and from local to regional study areas.
The importance of this work also lies in the choice of the study area, being the Three
Gorges region. As mentioned in Chapter 4, nowadays the Three Gorges Dam project and its
effect on the eco-environment are controversially discussed in China and even in the world
(e.g., Liu et al., 2004; Heggelund, 2006; Tan and Yao, 2006; Jiang, 2007; Time, 2007). The
work of the Dam project started in 1993 and the completion is expected in 2009. A timely and
long-term monitoring of the forest change in the Three Gorges region can directly indicate the
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eco-environmental impacts resulting from the Dam project. The study in this thesis provides a
methodology to estimate the forest canopy crown closure (CC) by remote sensing techniques.
With support of MODIS products, yearly and even monthly changes of CC can be derived.
An increase of CC demonstrates both natural growth of the forest and potential reforestation
policies taken place. On the contrary, forest destruction and disturbance can be quickly noted
by a decrease of CC. Based on a continuous monitoring using the proposed methodology in
this study, policy makers can understand the trends of forest structural change and also
identify “hot-spots” where severe changes happened. Thus, this may benefit adopting
activities in order to carry out sustainable forest resource protection in the Three Gorges
region, which is discussed extensively in other works as well (e.g., Tole, 2002; Gautam et al.,
2004; Bray and Klepeis, 2005; Liu et al., 2007).
In Chapter 4, CC maps for both 2002 and 2004 have been produced. According to Chapter
5 and the general conclusion of this thesis, spatial interpolation techniques may also be used
for improving the results at the scale of the Three Gorges region (see Figure 4.6 and Figure
4.8), resulting in spatially continuous CC maps and representing CC changes in the whole
region, respectively.
After a correlation analysis (section 5.3.3), NDVI shows the highest linear correlation with
the model estimated CC in the Three Gorges region for both 2002 (R=0.61) and 2004
(R=0.57), which is then selected to be the secondary variable used in the regression kriging.
The updated CC maps of 2002 (Figure 6.1a) and 2004 (Figure 6.1b) display the coverage of
the forested area in the Three Gorges region with a feasible CC value increasing from 89% to
97.2% for 2002 and from 75% to 97.1% for 2004. Only cloud covered areas can not be used.
The percentage of pixels with CC estimation in both years increases from 70% (Figure 4.6) to
95%. The updated histogram of CC difference between 2002 and 2004 (Figure 6.2a) as
compared to the previous result of Chapter 4 (Figure 4.7b, i.e. Figure 6.2b) indicates that the
spatial interpolation does not change the estimated trend of the Li-Strahler model inversion.
Consequently, using the same thresholds as Chapter 4 (section 4.4.3) to classify the changes
of CC, the final improved change map of CC (Figure 6.3) is more suitable to show and
analyze the overall situation of the forest structural change in the whole Three Gorges region.
The spatially continuous CC values can be better used for quantitatively assessing changes
and supporting the implementation of local forest policy measures.
6.2 Outlook
In future work, efforts should be made in the following domains:
•

Improving the retrieval model,

•

Scaling approach,

•

Forest canopy structure, and

•

Application.
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(a)

(b)

Figure 6.1 Updated forest crown closure (CC) maps for Figure 4.6a and 4.6b, respectively. The
previous “infeasible” CC regions are filled using spatial interpolation techniques for both (a) 2002 and
(b) 2004.
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Figure 6.2 (a) Histogram of the CC difference between 2002 and 2004 in the 95% forested area of the
Three Gorges region; (b) previous result in Chapter 4, i.e. Figure 4.7b with 70% forested area.

Figure 6.3 Change map of CC between 2002 and 2004 in the forested area of the Three Gorges region,
which is based on the updated CC maps. The colorful pixels indicate the obvious changes of CC
increase (green) and CC decrease (red).
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Improving the retrieval model. The first aspect of future research is related to a further
analysis and calibration of all input parameters used for inverting the Li-Strahler geometricoptical model. The pixel-based slope and aspect data require a more accurate calibration (e.g.,
Sandmann and Lertzman, 2003; Lanquaye-Opoku and Mitchell, 2005; Sarangi et al., 2007;
Soenen et al., 2008) to deal with topography in mountainous regions. For constraining the
parameters indicating the shape and size of a crown, detailed information on forest classes is
necessary. In a local study area, it is possible to provide a forest map to distinguish the tree
species with sufficient field measurements (Zeng et al., 2007b). For mapping the forest
canopy structure at regional scale, like this study in the Three Gorges region, only a land
cover map of 2002 was available and all crowns were simplified to have the same shape due
to lack of more detailed data (Zeng et al., 2007d). Therefore, producing an accurate regional
forest map using classification techniques (e.g., Brown De Colstoun and Walthall, 2006;
Peddle et al., 2007; Acevedo and Restrepo, 2008), or combination with other image products,
such as the MODIS plant functional types (PFTs) product (MOD12, land cover type 5), which
contains the global vegetation classes at 1 km spatial resolution (e.g., Tian et al., 2004;
Kucharik et al., 2006; Fang et al., 2008), will improve the predictive capability of the LiStrahler model inversion applied to a larger study area.
In addition, the assumption of a random distribution of trees is also a limitation of the
model. Randomness is not always true all over the forested study area. A more realistic
situation of tree distribution can be derived (e.g., Frazer et al., 2005; Tickle et al., 2006;
Getzin and Wiegand, 2007; Goodwin et al., 2007), which will support the selection of suitable
forest stands for implementing the Li-Strahler model inversion. Certainly, solving the
problem of non-randomness will be considered as a challenge in future work (Lájer, 2007).
Finally, more forest ground data can better validate the model estimation and ensure more
accurate model inversion. An exhaustive field campaign and validation scheme will be needed
in the future.
Scaling approach. The regional scaling-based approach used in this study was carried out
by inverting a linear unmixing model in the overlapping region of two corresponding images
with different spatial resolution. The representativeness of the selected overlapping region is
critical toward correctly calculating the endmembers and deriving the fraction of sunlit
background for inverting the Li-Strahler model in the whole study area. Thus, the sensitivity
between the calculated endmembers and the different selections of an overlapping region (size,
surface objects, etc.) should be carefully analyzed. Furthermore, the two spatial scales bridged
in this study are from 0.6 m to 30 m (Zeng et al., 2007c) and from 30 m to 500 m (Zeng et al.,
2007d). The use of proper spatio-temporal scales and therefore suitable remote sensing data
for implementing this scaling approach will remain a main research question in the near future.
Related scaling topics are currently receiving significant attention in literature (Chen, 1999;
Tian et al., 2003; Simic et al., 2004; Hayes and Cohen, 2007; Jin et al., 2007; Saura and
Castro, 2007).
Forest canopy structure. Besides the forest crown closure and crown diameter studied in
this work, other forest structural, biophysical and biochemical properties, such as tree height,
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age, leaf area index, and canopy chlorophyll content can also reflect the status and change of
the canopy structure. Finding applicable algorithms, including both statistical and in particular
physical-based inversion, to quantitatively monitor these variables is a hot topic in the field of
remote sensing research (e.g., Zarco-Tejada et al., 2001; Gascon et al., 2004; Naesset, 2004;
Kalliovirta and Tokola, 2005; Zhang et al., 2005; Schlerf and Atzberger, 2006; Houborg et al.,
2007). On the other hand, the forest canopy structure can be viewed in different ways, i.e. be
categorized into horizontal and vertical structures (Wulder and Franklin, 2003). The LiStrahler model looks at the forest canopy as one layer and subsequently simplifies the
simulation. The study in this thesis only focused on providing information on the forest
canopy as horizontal structure. Understanding the forest vertical structure by means of
deriving forest parameters associated with the overstory and understory will be an important
focus in further work (e.g., Maltamo et al., 2005; Peltoniemi et al., 2005; Eriksson et al., 2006;
Huang, 2006; Rautiainen et al., 2007; Skowronski et al., 2007).
Application. A spatially and temporally continuous monitoring of the Three Gorges region
indicating eco-environmental changes is a requirement of the long-term project of the ‘State
Council Three Gorges Project Construction Committee’ (Huang et al., 2006). The application
of deriving forest canopy structural variables using the proposed methodology of this thesis
will be continued not only in the Three Gorges region, but also in other forested study areas
using multi-temporal scaling approaches.
Given the above efforts can be implemented, a sustainable forest management and
protection plan can be made available. This study further opens an important discussion for
future work, namely developing a standardized protocol for quantitatively monitoring
structural forest changes, based on assimilation of multiple datasets containing different
spectral, spatial and temporal information.
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Color Figure 4.2 Spatial scaling: Landsat TM (30 m) and Aqua MODIS-09 (500 m) images for 2002
and 2004 used in this study; QuickBird (0.6 m) and Hyperion (30 m) images used in a previous study
(Zeng et al., 2007b; c). The white rectangle in each image indicates the location of the corresponding
image to the left.
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Color Figure 4.8 Change map of the model derived CC between 2002 and 2004 in the forest area of the Three
Gorges region. The colorful pixels indicate the obvious changes of CC increase (green) and CC decrease (red).

(a)

(b)

(c)

(d)

Color Figure 5.1 Spatial distribution of Crown Closure (CC) after inversion of (a) the FRT model and (b) the LiStrahler model. (c) Interpolated CC predicted using the Li-Strahler model inversion and regression kriging. (d) 2dimensional scatter plot between (a) and (c).
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Bridging various scales ranging from local to regional and global, remote sensing has
facilitated extraordinary advances in modeling and mapping ecosystems and their functioning.
Since forests are one of the most important natural resources on the terrestrial Earth surface,
accurate and up-to-date information on forest structure and its changes are essential for many
aspects of forest management. In particular the quantitative monitoring of forest structure
using remote sensing techniques strongly supports conservation strategies that take into
account biodiversity and the impact of the global carbon cycle.
China is a vast country with abundant forest resources. This thesis focuses in particular on
the Three Gorges region of China, where currently major changes are taking place in the
forest ecosystem. Certainly, the Three Gorges region is widely known due to the construction
of the Three Gorges Dam. But the Chinese government also puts great importance on ecoenvironmental aspects of the Three Gorges Dam project and has therefore implemented a
long-term investigation intending to monitor the changing environment. Within the Three
Gorges region, the Longmenhe forest nature reserve has been selected as one of the main
study sites for this thesis. This forest nature reserve is dominated by subtropical broadleaved
and coniferous forests and the pilot study in the reserve enables monitoring forest structural
variables as well as detecting their changes in the whole Three Gorges region.
Quantitative retrieval methods for assessing forest canopy structural variables using remote
sensing are commonly grouped into statistical and physical approaches. Inverting physicalbased canopy reflectance models for estimating forest variables generally can be applied at
different sites and with different sensors. Dealing with scales and scaling currently is one of
the central issues in quantitative remote sensing. A better understanding of the different
spectral, spatial and temporal scales and a further study on scaling the information from local
to regional scales are necessary. Therefore, the main objective of this thesis is to develop a
methodology for quantitatively monitoring forest canopy structural variables and their change
by integrating multiple scale remote sensing techniques.
In Chapter 2, the potential of hyperspectral EO-1 Hyperion data combined with the inverted
physical-based Li-Strahler geometric-optical model for retrieving mean crown closure (CC)
and mean crown diameter (CD) as forest canopy structural variables in the Longmenhe forest
nature reserve is studied. One of the most important inputs for the model inversion is the
fractional contribution of sunlit background (Kg), which is obtained by using linear spectral
unmixing methods based on image-derived endmembers of the viewed scene components
(sunlit and shaded canopy, sunlit and shaded background). Validation results (37 field
samples) show confidence (R2CC=0.61, RMSECC=0.046, R2CD=0.39 and RMSECD=0.984) in
the approach selected.
Chapter 3 studies the feasibility of up-scaling from very high spatial resolution data
(QuickBird) to high spatial resolution hyperspectral data (Hyperion) for extracting the
endmembers of sunlit canopy, sunlit background and shadow. It can be concluded that the
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regional scaling-based endmembers calculated in the overlapping region of QuickBird and
Hyperion using the linear unmixing model are the best ones to be used in combination with
the Li-Strahler model inversion for mapping CC and CD in the Longmenhe forest nature
reserve. Additionally, the estimation of CC is better than that of CD by inverting the LiStrahler model on a per-pixel basis.
The inverted Li-Strahler model combined with the regional scaling method, used at a local
scale in the Longmenhe study area with QuickBird and Hyperion images, can also be applied
at the scale of the Three Gorges region by using the combination of Landsat TM and MODIS
images as shown in Chapter 4. For the two years 2002 and 2004, this methodology yields
similar accuracies in CC estimation based on 25 field validation samples (R22002=0.614,
RMSE2002=0.060; and R22004=0.631, RMSE2004=0.052). The produced map with changes in
CC from 2002 to 2004 shows a decrease in CC in the eastern counties of the Three Gorges
region located close to the Three Gorges Dam and an increase in CC in other counties
implying a positive response to certain policies taken safeguarding forest resources.
The inversion of two canopy reflectance models (the Kuusk-Nilson forest reflectance and
transmittance (FRT) model and the Li-Strahler geometric-optical model) for estimating forest
CC using Hyperion data in the Longmenhe study area is compared in Chapter 5. The
“infeasible” areas (i.e. pixels for which the estimated fraction sunlit background falls not in
the range between [0, 1]) from the Li-Strahler model inversion are filled by using a spatial
interpolation algorithm based on regression kriging. Validation results (40 field samples)
show that the estimated CC by the FRT model inversion has a limited range of variation and
is less accurate (R2=0.53, RMSE=0.072) than the estimation by inverting the Li-Strahler
model combined with the scaling method and interpolation (R2=0.67, RMSE=0.043).
Consequently, in Chapter 6, spatially continuous CC maps for the Three Gorges region in
both 2002 and 2004 are produced by integrating the results of Chapter 4 and this spatial
interpolation technique. The final improved change map of CC is more suitable to predict and
analyze the overall situation of the forest structural change in the whole Three Gorges region.
The main contribution of this work is the integration of the inverted Li-Strahler model, a
regional scaling-based endmember extraction method and a spatial interpolation technique to
achieve quantitative monitoring of forest canopy structural changes. The approach includes
the careful assessment of various scaling aspects namely ranging from multi-spectral to
hyperspectral, from high spatial resolution to low spatial resolution, from mono-temporal to
multi-temporal and from local to regional study areas. Systematic and structural monitoring of
forest ecosystem changes will be feasible at unprecedented quality based on the suggested
approach.
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Door het overbruggen van verschillende schaalniveaus, variërend van lokaal tot regionaal en mondiaal,
heeft remote sensing een buitengewone vooruitgang op het gebied van het modelleren en in kaart
brengen van ecosystemen en hun werking mogelijk gemaakt. Aangezien bossen een van de meest
belangrijke natuurlijke hulpbronnen op aarde zijn, is nauwkeurige en up-to-date informatie over de
bosstructuur en de veranderingen daarvan van essentieel belang voor vele aspecten van bosbeheer. In
het bijzonder de kwantitatieve monitoring van bosstructuur met behulp van remote sensing-technieken
ondersteunt strategieën voor het bosbehoud die rekening houden met de biodiversiteit en de gevolgen
van de mondiale koolstofcyclus.
China is een groot land met veel bos. Dit proefschrift richt zich vooral op de Drieklovenregio van
China, waar momenteel grote veranderingen in het bosecosysteem plaatsvinden. De Drieklovenregio
is alom bekend vanwege de bouw van de Drieklovendam. Maar de Chinese regering hecht ook veel
belang aan ecologische en milieuaspecten van het Drieklovendamproject en heeft daarom een langetermijn onderzoek geïmplementeerd met als doel toezicht te houden op het veranderende milieu.
Binnen de Drieklovenregio is het Longmenhe bosnatuurreservaat geselecteerd als een van de
belangrijkste studiegebieden voor dit proefschrift. Dit bosnatuurreservaat wordt gedomineerd door
subtropische loof- en naaldbossen en het vooronderzoek in het reservaat maakt het monitoren van
bosstructuurvariabelen evenals het opsporen van hun veranderingen in de hele Drieklovenregio
mogelijk.
Kwantitatieve methoden voor de bepaling van bosstructuurvariabelen met behulp van remote
sensing worden meestal gegroepeerd in statistische en fysische benaderingen. Inversie van fysischgebaseerde reflectiemodellen voor het schatten van bosvariabelen kunnen in het algemeen worden
toegepast op verschillende plaatsen en met verschillende sensoren. Omgaan met schalen is momenteel
één van de centrale thema’s in kwantitatieve remote sensing. Een beter begrip van de verschillende
spectrale, ruimtelijke en temporele schalen en een verdere studie naar het schalen van informatie van
lokale naar regionale schaal zijn nodig. Daarom is het hoofddoel van dit proefschrift het ontwikkelen
van een methodiek voor het kwantitatief monitoren van bosstructuurvariabelen en hun veranderingen
door de integratie van remote sensing-technieken die op verschillende schaalniveaus werken.
In hoofdstuk 2 worden de mogelijkheden van hyperspectrale EO-1 Hyperion gegevens in
combinatie met het geïnverteerde fysisch-gebaseerde Li-Strahler geometrisch-optische model
bestudeerd voor het afleiden van kroonbedekking (CC) en de gemiddelde kroondiameter (CD) als
bosstructuurvariabelen in het Longmenhe bosnatuurreservaat. Een van de meest belangrijke invoer
voor de inversie van het model is de bijdrage van de fractie door de zon belichte achtergrond (Kg).
Deze wordt verkregen door middel van lineaire spectrale unmixing methoden gebaseerd op uit het
beeld afgeleide endmembers van de zichtbare beeldcomponenten (belichte en beschaduwde vegetatie,
belichte en beschaduwde achtergrond). Validatieresultaten (37 veldmonsters) tonen vertrouwen
(R2CC=0.61, RMSECC=0.046, R2CD=0.39 en RMSECD=0.984) in de gekozen benadering.
Hoofdstuk 3 bestudeert de haalbaarheid van opschaling van gegevens met een zeer hoge ruimtelijke
resolutie (QuickBird) naar hyperspectrale gegevens met hoge ruimtelijke resolutie (Hyperion) voor de
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extractie van de endmembers: belichte vegetatie, belichte achtergrond en schaduw. Geconcludeerd kan
worden dat de door regionale schaling afgeleide endmembers, berekend in het overlapgebied van
QuickBird en Hyperion met behulp van het lineaire unmixing model, de beste zijn om gebruikt te
worden in combinatie met de inversie van het Li-Strahler model voor het in kaart brengen van CC en
CD in het Longmenhe bosnatuurreservaat. Bovendien is de schatting van CC beter dan die van CD
door inversie van het Li-Strahler model op een per-pixel basis.
Het geïnverteerde Li-Strahler model gecombineerd met de regionale scalingsmethode, die op lokale
schaal in het Longmenhe studiegebied met QuickBird en Hyperion beelden is gebruikt, kan ook
worden toegepast op de schaal van de Drieklovenregio door gebruik te maken van de combinatie van
Landsat TM en MODIS beelden, zoals aangetoond in hoofdstuk 4. Voor de twee jaren 2002 en 2004
levert deze methode vergelijkbare nauwkeurigheden op in de CC schatting gebaseerd op 25
veldvalidatiemonsters (R22002=0.614, RMSE2002=0.060; en R22004=0.631, RMSE2004=0.052). De
geproduceerde kaart met veranderingen in CC van 2002 tot 2004 toont een daling aan van de CC in de
oostelijke provincies van de Drieklovenregio gelegen nabij de Drieklovendam en een stijging van de
CC in andere provincies, hetgeen een positieve reactie inhoudt op bepaalde beleidsmaatregelen
genomen ter bescherming van de boshulpbronnen.
De inversie van twee vegetatiereflectiemodellen (het Kuusk-Nilson bosreflectie en
–transmissie (FRT) model en het Li-Strahler geometrisch-optische model) voor het schatten van CC
met Hyperion gegevens in het Longmenhe studiegebied is vergeleken in hoofdstuk 5. De
"onmogelijke" gebieden (i.e. pixels waarvoor de geschatte fractie belichte achtergrond niet in het
bereik tussen [0, 1] valt) uit de inversie van het Li-Strahler model zijn ingevuld door gebruik te maken
van een ruimtelijk interpolatie-algoritme gebaseerd op regressie kriging. Validatieresultaten (40
veldmonsters) tonen aan dat de geschatte CC door de inversie van het FRT-model een beperkte
variatie heeft en minder nauwkeurig (R2=0.53, RMSE=0.072) is dan de schatting via de inversie van
het Li-Strahler model gecombineerd met de schalingsmethode en de interpolatie (R2=0.67,
RMSE=0.043). Bijgevolg zijn in hoofdstuk 6 ruimtelijk continue CC kaarten voor de Drieklovenregio
in zowel 2002 als 2004 geproduceerd door het integreren van de resultaten van hoofdstuk 4 en deze
ruimtelijke interpolatietechniek. De uiteindelijke, verbeterde kaart met veranderingen in CC is meer
geschikt voor het analyseren en voorspellen van de algemene situatie met betrekking tot de
veranderingen in bosstructuur in de hele Drieklovenregio.
De belangrijkste bijdrage van dit werk is de integratie van het geïnverteerde Li-Strahler model, een
op regionale schaling gebaseerde endmember extractiemethode en een ruimtelijke interpolatietechniek
om een kwantitatieve monitoring van veranderingen in bosstructuur te bereiken. De aanpak omvat de
zorgvuldige bepaling van de verschillende aspecten van schaal, namelijk variërend van multispectraal
tot hyperspectraal, van hoge ruimtelijke resolutie tot lage ruimtelijke resolutie, van monotemporeel tot
multitemporeel en van lokale tot regionale studiegebieden. Systematische en structurele monitoring
van veranderingen in het bosecosysteem zullen haalbaar worden met ongekende kwaliteit gebaseerd
op de voorgestelde aanpak.
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人类赖以生存的生态环境，为我们提供了不可或缺的生命维持系统以及丰富的物质资源。
森林作为陆地生态系统的重要组成部分，是维系大气、土壤和水分的自然纽带。森林冠层结构
参数及其变化是区域乃至全球生态环境变化的重要指示，是生态模型、碳循环、生物多样性等
研究领域中的重要特征参量。遥感作为二十一世纪日趋成熟的对地观测技术，可提供大范围多
尺度的地面观测数据，还可实现对地表参数的同步实时监测。因此，遥感技术为定量获取森林
参数及其变化提供可能，从而更好的满足森林生态系统功能评价、森林资源保护、管理和政策
制定的需要。
中国拥有丰富的森林自然资源，随着人口剧增及社会经济的快速发展，对生存环境的不断
改变必将导致森林生态系统的变化。本论文的研究区特别选在位于中国长江流域的三峡库区，
由于三峡工程的建设，三峡库区的生态环境变化已成为世界瞩目的焦点。另外，还选择位于三
峡库区东端的龙门河森林自然保护区，作为库区内常绿阔叶林、落叶阔叶林及针叶林的典型分
布区，重点进行提取森林冠层结构参数的方法研究，并在此基础上，实现对整个三峡库区的森
林参数及其变化的定量监测。
利用遥感技术提取森林冠层结构参数，通常可分为基于统计学的经验模型方法，以及基于
物理学的冠层反射模型反演方法。后者较之前者具有更强的适用性，也是当今定量遥感的研究
热点。遥感数据在光谱、空间及时间尺度上的多样性，使得尺度转换问题成为定量遥感领域的
另一个热点。如何充分利用不同尺度遥感数据的优势，获取森林结构参数及其变化特征，并应
用于大范围的森林监测，是急需解决的问题。因此，本论文的研究目标为：提出基于定量遥感
技术的森林冠层结构参数提取方法，综合利用多元遥感数据，探索从样区尺度到区域尺度的外
延方法，实现对森林冠层参数的动态监测。
基于在龙门河研究区获取的 EO-1 Hyperion 高光谱遥感数据，反演 Li-Strahler 几何光学模
型，提取以像元为单位的森林冠层平均郁闭度（CC）及平均冠幅（CD）参量，是本论文第二
章的研究重点。根据研究区的地面调查数据，利用 Hyperion 影像中提取的四分量（光照树冠、
光照地表、阴影中树冠、阴影地表）端元光谱，结合线性光谱混合模型，可得到 Li-Strahler 模
型反演所需的逐像元光照地表分量。通过 37 个样地的实测数据获得的验证结果（R2CC=0.61,
RMSECC=0.046, R2CD=0.39, RMSECD=0.984），表明了此方法的可行性。

论文第三章主要分析了从甚高空间分辨率 QuickBird 数据到高空间分辨率 Hyperion 数据的
尺度转换方法，探讨如何利用 QuickBird 数据信息，提高 Li-Strahler 模型在 Hyperion 影像上的
参数反演精度。研究结果表明，利用反演线性混合模型方法，在 QuickBird 和 Hyperion 影像重
叠区域获取的各分量端元光谱，与利用 PPI 技术得到的端元光谱相比，能使 Li-Strahler 模型得

113

内容概要

到更准确的参数反演结果。此结论不但证明了区域性尺度转换方法的适用性，还实现了从小范
围样区到龙门河研究区的信息外延。另外，基于观测数据的验证结果还表明，Li-Strahler 模型
对郁闭度参数更加敏感，因此冠层的平均郁闭度反演结果与平均冠幅相比具有更高的精度。
利用 2002 及 2004 年获取的高空间分辨率 Landsat TM 数据和中等空间分辨率 MODIS 数
据，应用上一章的研究方法在三峡库区提取森林冠层郁闭度参数，并得到两年郁闭度变化分析
图，是本论文第四章的主要研究内容。通过三峡库区 25 个样地的观测数据得到的验证结果表
明，两年的两组数据，可分别采用尺度转换方法结合 Li-Strahler 模型反演提取以像元为单位的
平均郁闭度参量，并获得较相似的提取精度（ R22002=0.614, RMSE2002=0.060, and R22004=0.631,
RMSE2004=0.052）。从 2002 年到 2004 年的冠层郁闭度变化图中可以看出，三峡库区的东部，

尤其是距三峡大坝工程施工地点较近的森林覆盖区，郁闭度值明显降低，而库区内的其他县
市，由于退耕还林及绿化带工程的实施 ，郁闭度值都有相应增加。
基于物理学的 Li-Strahler 几何光学模型与 Kuusk-Nilson 森林冠层反射模型，针对反演森林
冠层郁闭度参量的方法，在第五章进行了详细的比较分析。同时，采用 regression kriging 的空
间差值方法解决了 Li-Strahler 模型在异常区域（光照地表分量值大于 1 或小于 0）无法获得反
演参数的问题。利用龙门河研究区全部 40 个样地的观测数据进行结果验证，可以看出：由于
反演 Kuusk-Nilson 模型输入参数的限制，导致提取的郁闭度参量的变化范围十分有限，而且精
度（R2=0.53, RMSE=0.072）低于 Li-Strahler 模型反演方法（R2=0.67, RMSE=0.043）。此外，
空间差值方法不但弥补了 Li-Strahler 模型在逐像元参数反演上的缺陷，还提高了反演的准确
度，尤其是在郁闭度较高的森林地区。因此，在第四章三峡库区 2002 及 2004 年冠层郁闭度监
测结果的基础上，结合第五章的空间差值方法，最终在论文的第六章，得到三峡库区具有极高
空间连续性的森林冠层郁闭度分布图及两年的变化图。
本论文的创新点在于结合 Li-Strahler 几何光学模型反演、区域性空间尺度转换方法和空间
差值技术，实现了森林冠层结构参数的定量提取及变化监测。研究涉及到遥感领域的多层次尺
度转换问题，包括从多光谱到高光谱、从高空间分辨率到低空间分辨率、从单一时相到多时
相、以及从小范围研究样区到大面积研究区域。论文的研究结果将为建立森林生态系统动态监
测体系提供示范。

114

Acknowledgements

Acknowledgements
When I finished my MSc study in Wageningen at the beginning of 2003, I started to think
about my future career. Even after completing the proposal for my PhD thesis in the tulip
season of 2004, I questioned myself if I would be suitable for an academic life. Over the past
four years, the road has become clearer, and here it is: my final book, even though it is not
that thick. This work could not have been accomplished without the support of the
Wageningen Sandwich PhD programme, initiated by Wageningen University and the Institute
of Remote Sensing Applications, Chinese Academy of Sciences (IRSA). Certainly, it also
would not have been completed so smoothly without the help of many people. Therefore, I
saved some space in this book especially for them.
Firstly, I would like to express my gratitude to Prof. Michael Schaepman, my intelligent
promoter. During the “unclear” period of my study, you always helped me recover my selfconfidence and provided me several avenues for dealing with difficulty. Thanks for your
positive attitude, your valuable recommendations at any time, your respect for my own
opinion, and for guiding me into the world of scientific research, particularly in scientific
writing. In addition, the skiing training in Davos, the typical Swiss dinner prepared by
Gabriela and the hospitality of your family impressed me also very much.
My special appreciation goes to Prof. Wu Bingfang, my Chinese promoter, also my boss.
You gave me the opportunity to start my PhD study and the freedom to choose the research
project based on my own interests. You showed me how to work smartly and efficiently. I
have learnt from you not only about the scientific innovation, but also about professional
project management. I appreciate your trust, support and kind concern about my past, current
and future career.
I am extremely grateful to my daily supervisor, Dr. Jan Clevers. Every time, when I ran into
a problem and went upstairs to your office without earlier notice, you always stopped your
work and spent much time helping me. I still remember your correction of the English of my
first draft paper, almost each sentence had to be rewritten. Many thanks for your patience,
scientific comments, careful reading of my all documents, Dutch translation of the summary,
and quick response to every email from me.
I would also like to extend my sincere acknowledgements to Prof. Arnold Bregt. You made
it possible to continue my studies in Wageningen through the Sandwich PhD programme, and
you were my promoter at the initial stage of my PhD application. Thank you for all the
helpful ideas, your contributions to my papers, and your supervision from when I was a
master student till today. Your strict attitude towards scientific work influenced me a lot.
Special thanks to my supervisor of MSc thesis, Dr. Sytze de Bruin. You introduced me to
the interesting field of remote sensing research. I am grateful to Prof. Zhongbo (Bob) Su for
guidance when writing the proposal for my PhD work. Thanks for all of your help and
concern, even from the first day I was in Wageningen. I appreciate the scientific suggestions
and encouragement from Dr. Li Jia. You were always the only person, almost everyday, who

115

Acknowledgements

worked until the closing time of Gaia building together with me. Your help with my life in
Wageningen and the delicious Chinese food you made will never be forgotten.
Many thanks go to all the PhD students and staff members in Center for Geo-information,
Wageningen University. I enjoyed very much our discussions at group meetings, the contacts
during coffee breaks or lunchtime, and the general research atmosphere. Your encouragement
and help, especially with translations from the Dutch language, made my daily life much
easier in the Netherlands. Furthermore, I would like to thank all my colleagues and students at
IRSA, China. Without your support of my work, the understanding of my study, and the
coordination of our field campaigns, this thesis would not be here.
Working and having a colorful life are both important to me. Therefore, I must thank all my
friends and family, who live in Beijing, Tianjin, Fujian, Wageningen, New Jersey, Chicago,
Sydney, and everywhere in the world. You bring me happiness and inspire me with warmhearted words at all time.
And of course, my highest gratitude goes to my parents. Many people have said that I am a
lucky girl. But I think all of my good luck comes from you. Your love and support are always
by my side wherever I am. You provide me everything you can, which caused my dreams
come true one by one. Your optimistic attitude towards life and serious attitude towards work
impress me deeply. I am so proud to be your child, your only child.
Finally, I want to express my appreciation to my husband, Dino. I know that in the last year,
I had a more intimate relationship with my office in Wageningen, and you endured the
loneliness in Beijing. Thanks for understanding me and allowing me to complete this work.
Also thanks for your fantastic power to make my life so beautiful.

116

Curriculum Vitae

Curriculum Vitae
Personal information:
Sure name
First name
Date of birth
Place of birth
Nationality
Contact

Zeng
Yuan
February 7, 1979
Beijing
Chinese
yuan.zeng@wur.nl; yuanz@irsa.ac.cn; yuanz27@gmail.com

Education:
1997 – 2001

BSc degree in Science, Beijing Normal University, China
Major: Information Systems and Management

2001 – 2003

MSc degree in Geo-Information Science,
Wageningen University, the Netherlands
MSc thesis ‘Using hyperspectral data for identifying geological and
soil units in the Alora region, Southern Spain’

2003 – 2008

PhD studies at Wageningen University, the Netherlands and Institute of
Remote Sensing Applications, Chinese Academy of Sciences, China
PhD thesis ‘Quantitative remote sensing for monitoring forest canopy
structural variables in the Three Gorges region of China’

Work experience:
2003 – Present

Assistant research scientist, Institute of Remote Sensing Applications,
Chinese Academy of Sciences, Beijing, China
Research interests: hyperspectral remote sensing, variable retrieval and
modeling, remote sensing applications in forests and crop monitoring

117

List of Publications

List of Publications
Peer reviewed journals:
Zeng, Y., Schaepman, M., Wu, B., Clevers, J., Bregt, A., 2008. Quantitative forest canopy structure
assessment using an inverted geometric-optical model and up-scaling. International Journal of
Remote Sensing, in press.
Zeng, Y., Huang, J., Wu, B., Schaepman, M., de Bruin, S., Clevers, J., 2008. Comparison of two
canopy reflectance models inversion for mapping forest crown closure using imaging
spectroscopy. Canadian Journal of Remote Sensing, accepted with revisions.
Zeng, Y., Schaepman, M., Wu, B., Clevers, J., Bregt, A., 2008. Scaling-based forest structural change
detection using an inverted geometric-optical model in the Three Gorges region of China.
Remote Sensing of Environment, in review.
Zeng, Y., Schaepman, M., Wu, B., Clevers, J., Bregt, A., 2007. Forest structural variables retrieval
using EO-1 Hyperion data in combination with linear spectral unmixing and an inverted
geometric-optical model. Journal of Remote Sensing (China), 11(5): 648-658.
Huang, J., Wu, B., Zeng, Y., Tian, Y., 2006. Forest canopy BRDF simulation using Monte Carlo
method. Journal of System Simulation, 18(6): 1671-1676. (In Chinese)
Huang, J., Wu, B., Tian, Y., Zeng, Y., 2006. Crop canopy BRDF simulation and analysis using Monte
Carlo method. Transactions of the Chinese Society of Agricultural Engineering, 22(6): 1-6. (In
Chinese)
Huang, J., Wu, B., Zeng, Y., Tian, Y., 2005. Review of tree, shrub, and grass cover of horizontal and
vertical scale retrieval from remotely sensed data. Advances in Earth Science, 20(8): 871-881.
(In Chinese)
Wu, B., Zeng, Y., Huang, J., 2004. Overview of LAI/FPAR retrieval from remotely sensed data.
Advances in Earth Science, 19(4): 585-590. (In Chinese)

Conference contributions:
Zeng, Y., Schaepman, M., Wu, B., Clevers, J., Bregt, A., 2007. Using linear spectral unmixing of high
spatial resolution and hyperspectral data for geometric-optical modeling. In Proceedings of 10th
ISPMSRS, 12-14 March, Davos, Switzerland, Vol. xxxvi (7/C50), pp. 304-309.
Zeng, Y., Schaepman, M., Wu, B., Clevers, J., Bregt, A., 2006. Deriving regional scale forest
structural variables using EO-1 Hyperion data in combination with an inverted geometricoptical model. In Proceeding of ISPRS: Mid-term symposium: From pixels to processes, 8-11
May, Enschede, the Netherlands, pp. 31-37. (Best Paper Award)
Zeng, Y., Wu, B., Huang, J., Tian, Y., Clevers, J., Bregt, A., Schaepman, M., 2005. Deriving forest
biophysical variables using processed EO-1 Hyperion hyperspectral data. In Proceeding of 9th
ISPMSRS, 17-19 October, Beijing, China, Vol. xxxvi (7/W20), pp. 557-559.
Zeng, Y., Bartholomeus, H., de Bruin, S., Epema, G., Clevers, J., 2003. Using hyperspectral remote
sensing data for identifying geological and soil units in the Alora region, Southern Spain. In
Proceeding of 3rd EARSeL Workshop on Imaging Spectroscopy, 13-16 May, Oberpfaffenhofen,
Germany.

118

PE&RC PhD Education Certificate

PE&RC PhD Education Certificate
With the educational activities listed below the PhD candidate
has complied with the educational requirements set by the C.T.
de Wit Graduate School for Production Ecology and Resource
Conservation (PE&RC) which comprises of a minimum total of
32 ECTS (= 22 weeks of activities)

Review of Literature (5.6 ECTS)
- Quantitative remote sensing for monitoring forest by the integration of multiple scale remote
sensing techniques (2004-2007)
Writing of Project Proposal (7 ECTS)
- Quantitative remote sensing for monitoring the Longmenhe nature reserve of the Three
Gorges Region, China (2004)
Post-Graduate Courses (5.6 ECTS)
- Quantitative remote sensing; IRSA&PKU (2004)
- Multivariate analysis; PE&RC (2006)
- IDL course; CGI/WU (2008)
Competence Strengthening / Skills Courses (2.0 ECTS)
- Time planning and project management; PE&RC (2004)
- Information literacy; PE&RC (2006)
Discussion Groups / Local Seminars and Other Meetings (7.0 ECTS)
- Forest and Conservation Ecology (2004-2006)
- Three Gorges Eco-environment; IRSA (2004-2006)
- Thematic Group of Remote Sensing (2006-2007)
PE&RC Annual Meetings, Seminars and the PE&RC Weekend (1.8 ECTS)
- PE&RC weekend (2004)
- Seminar: applications of airborne and satellite imagery (2004)
- Workshop: multiple views on scales and scaling (2007)
- PE&RC day (2007)
International Symposia, Workshops and Conferences (6.4 ECTS)
- MODIS workshop; Wageningen, the Netherlands (2003)
- The 9th ISPMSRS; Beijing, China (2005)
- ISPRS: mid-term symposium; Enschede, the Netherlands (2006)
- The 10th ISPMSRS; Davos, Switzerland (2007)
- The 1st WIMEK workshop; Wageningen, the Netherlands (2007)

119

