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Comparison of the inversion of two canopy

reflectance models for mapping forest crown

closure using imaging spectroscopy

Yuan Zeng, Jianxi Huang, Bingfang Wu, Michael E. Schaepman,
Sytze de Bruin, and Jan G.P.W. Clevers

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 Li–Strahler 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 using a spatial interpolation algorithm (regression kriging) in infeasible regions. Field-

measured CCs 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

yield a final, continuous CC map for the Longmenhe forest nature reserve in China, which is used as a study area for this

work. The advantages and disadvantages of these two models inversion combined with imaging spectrometer data for

mapping forest CC are discussed.

Résumé. Nous comparons l’inversion de deux modèles de réflectance de canopée pour l’estimation du taux de couvert à

partir d’une image Hyperion EO-1: le modèle de réflectance et transmittance de forêt (FRT) de Kuusk et Nilson et le modèle

utilisant l’optique géométrique de Li et Strahler. Pour la prédiction du taux de couvert par pixel, le modèle FRT est inversé

en minimisant une fonction de mérite qui mesure la différence entre la réflectance simulée par le modèle FRT et la

réflectance fournie par une combinaison optimale de canaux des données Hyperion. L’inversion du modèle de Li et Strahler

dépend principalement de la relation entre le composant « arrière-plan ensoleillé » de la scène et les paramètres structuraux

de la forêt. Nous complétons les pixels pour lesquels l’inversion du modèle de Li et Strahler n’est pas possible en utilisant

un algorithme d’interpolation spatiale (krigeage). Les mesures du taux de couvert de 40 sites de terrain sont utilisées pour

valider la qualité de l’inversion des deux modèles. Les résultats indiquent que l’inversion du modèle de Li et Strahler

(R2 = 0,67, RMSE = 0,043) donne de meilleurs résultats que l’inversion du modèle FRT (R2 = 0,53, RMSE = 0,072) pour

l’estimation du taux de couvert. La combinaison de l’inversion du modèle de Li et Strahler et de l’interpolation spatiale

produit une carte continue du taux de couvert pour la forêt de la réserve naturelle de Longmenhe qui était utilisée comme

zone d’étude. Les avantages et inconvénients de l’inversion des deux modèles en combinaison avec des données d’imagerie

hyperspectrale pour l’estimation du taux de couvert sont discutés.

244Introduction

Forests represent one of the most important components of

the biosphere, regulating the global atmospheric cycles,

influencing ecosystems with respect to carbon storage and

release, and affecting human well-being through recreational

value. Estimating forest conditions and monitoring the changes

of various forest structural, biophysical, or biochemical

variables can enable better 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
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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 local, regional, and global scales, respectively.

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; 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., 2007). A main

advantage of inverting CR models as compared to empirical

methods is their physical foundation and their better general

applicability to different sites and sampling conditions (cf.

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

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, imaging

spectroscopy has been increasingly used in recent years for

estimation of canopy attributes by inverting CR models (e.g.,

Zarco-Tejada et al., 2001; 2005; Kötz et al., 2004; Meroni et al.,

2004). The spectral contiguous criterion 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 (cf., Ustin et al., 2008).

In this study, we estimate forest CC on a per-pixel basis from

Earth Observing-1 (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 is made concerning the

procedure, applicability, and accuracy of inversion of these two

models. The advantages and disadvantages of the inversion of

these two models combined with imaging spectrometer data for

mapping forest CC are discussed. Lastly, a CC map with the

estimated values from the best model inversion is derived for

the study area of the Longmenhe forest nature reserve in Hubei

Province, China.

Background

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 layer and cylinders in the lower layer.

Model inputs consist not only of the traditional forest structural

parameters widely used in forest inventory, but also of the

parameters concerning the understory vegetation, the

atmosphere, and the chemical properties of the leaves, which are

included separately 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 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 then the required

parameter can be derived. The benefits and limitations of this

inversion approach have been extensively discussed in the

literature (e.g., Gong et al., 1999; Kimes et al., 2002; Dorigo et

al., 2007).

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 reflect

negligible amounts of radiation, which does not correspond to

reality and causes errors when the shadowed areas are viewed
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by the sensor. Therefore, Li and Strahler (1992) included the

mutual shadowing effects in the model. This enabled the model

to better simulate the high brightness of a forested scene when

the illumination and (or) 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. To deal with topographic effects and to accommodate

a sloping surface, some corresponding transformations were

later 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 regularly dispersed

within the pixel (Woodcock et al., 1997). Hence, the reflectance

of each pixel can be modeled as a simplified linear combination

of three viewed scene components: sunlit background (G),

sunlit canopy (C), and shadow (T) (Li and Wang, 1995). The

fraction of each component 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; 2003; Scarth and Phinn, 2000; Scarth et al.,

2001; Zeng et al., 2007). A successful inversion of the Li–

Strahler model is particularly dependent on good estimates of

the contributing fractions of the three scene components.

Methods

Study area and data

The Longmenhe forest nature reserve (centred at 31°20′N,

110°29′E) is located in Xingshan County of Hubei Province,

which is northeast of the Three Gorges region in China (Zeng et

al., 2007). This study area covers an area 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 elevation of this area is around

1300 m above sea level; the average precipitation is about 100–

150 mm per month, but in the spring and summer seasons

(April–September) it can be about 200–300 mm per month. The

study area lies in the subtropical 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 ×

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 global

positioning system (GPS) with an accuracy of about 5 m. At

every sample site, five sample plots (20 m × 20 m) were

selected and field measurements were made for all the

parameters required for the two CR models. These

measurements include the forest canopy structural parameters,

namely crown closure (CC), crown radius, stem diameter at

breast height (DBH), tree height, trunk height, and stem

density. The positions of all trees with DBH ≥ 5 cm in each

sample plot were drawn on a crown map from which CC could

be estimated. In addition, measurements also include the leaf

parameters, namely 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 seven forest

species mentioned earlier. The understory vegetation

parameters, namely vegetation composition, coverage, height,

leaf size, and leaf angles, were measured in five squares (5 m ×

5 m) and averaged to represent the mean value at each sample

site. Lastly, the leaf area index (LAI) was calculated for the

overstory and understory based on the measurements at

different heights in the forest 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 AM local time. Solar

zenith and azimuth angles during the nadir-viewed acquisition

were 23.5° and 104.5°, respectively. The preprocessing of this

image includes conversion of digital numbers (DNs) to

radiances (Beck, 2003), striping correction (Han et al., 2002),

and optimal spectral bands selection and geometric correction

(Zeng et al., 2007). To perform the atmospheric correction, we

use ACORN (Analytical Imaging and Geophysics LLC, 2002)

and select two water absorption channels (940 and 1140 nm) to

evaluate the amount of water vapor in combination with the

horizontal visibility (30 km) at the moment of data acquisition.

Lastly, a geocorrected 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).

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 seven

species. We use the spectral angle mapping (SAM) (Kruse et

al., 1993) algorithm to classify the Hyperion image based on

image-derived end-members for each species. The map with

the forest classification result and its accuracy were given in

Zeng et al. (2007). Other ancillary data include a QuickBird

image with 0.61 m spatial resolution located in the centre of the

Hyperion image (Zeng et al., 2008) and a digital elevation

model (DEM) with 30 m spatial resolution that is used to obtain

the slope and aspect data for the region.

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

© 2008 CASI 237
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CC = 1 – exp(–πNr2) (1)

where N (no. of trees/m2) is the stem density, and r (m) is the

mean crown radius in the horizontal direction (Woodcock et al.,

1997; Scarth and Phinn, 2000; Gemmell et al., 2002). In the

model inversion, N is selected as the unique variable to alter CC

and is estimated from the inversion of the FRT model by fixing r.

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 in the following.

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

comparison is needed between the simulated reflectance from

the FRT model and the surface reflectance from the processed

Hyperion image after a topographic correction using the

Minnaert algorithm (Minnaert, 1941; Woodham and Lee, 1985;

Teillet, 1986). 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 that

from the Hyperion image (Kuusk, 1991; Kuusk et al., 2004):
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where X = (x1, x2, �, xn) is the vector for the model input

parameters; m is the number of Hyperion reflectances (ρ j
* ); 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 to 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 (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 1 are all set

at a specific value in each pixel. The parameters related to the

tree crown and ground vegetation are fixed, respectively, by the

mean value of the measurements (Huang, 2006). Based on a

forest classification map, each parameter for the pixels with the

same forest class is fixed at the same value. 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). Lastly, the inversion of the FRT model is performed for

each pixel of the Hyperion image based on the reflectance of

these 17 bands.

According to the principle of 3D 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):
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where the symbols are explained in the following. In this study,

the pixel-based Kg is obtained by forward linear spectral

unmixing of the Hyperion image using the end-members of three

scene components (G, C, and T). These end-members 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., 2008). Other inputs for the

model inversion involve the solar and viewing angles (θi, ϕi, θv,

ϕv), the tree height from ground to midcrown (h), the crown

radius in the vertical direction (b), the crown radius in the

horizontal direction (r), and the pixel-based slope and aspect (θs,

ϕs). These symbols are shown in Equations (3) and (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; Zeng et al., 2007). All the required inputs for the Li–

Strahler model inversion are listed in Table 1, and the values of

these inputs were reported in Zeng et al. (2007; 2008). 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 end-members, some pixels of the Hyperion image do

not produce reasonable 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.

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
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CC T
GLS

T
GLS( ) ( )x 0 0 0= ⋅ + ⋅ − ⋅q q� � �CC (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; �GLS is a vector of

regression coefficients obtained by generalized least squares

(GLS) fitting; CC − ⋅q �GLS are n observed residuals in the

neighborhood of x0; and � 0 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):

� � �GLS
T T= ⋅ ⋅ ⋅ ⋅ ⋅− − −( )q q q

1 1 1 CC (6)

where � 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 � from a (semi)

variogram that describes spatial dependence as a function of the

distance between locations (Isaacs and Srivastava, 1989).

Typically, it suffices to approximate this function 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).
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FRT model Li–Strahler model

Variables

Reflectance of 17 Hyperion bands (5VIS, 8NIR, 4SWIR:

498, 610, 681, 691, 722, 783, 844, 895, 1054, 1094,

1104, 1215, 1285, 1659, 1709, 2082, and 2234 nm)

Fraction of sunlit background, Kg

Slope (°)

Aspect (°)

Fixed parameters based on forest classification

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/m2)

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)

Dry matter content (% of SLW)

Refraction index ratio

Leaf structure parameter

Shoot length (m)

Ground vegetation parameters (upper and lower layers)

LAI

Leaf linear dimensions/canopy height

Markov parameter

Eccentricity of leaf angle distribution (LAD)

Mean leaf angle of elliptical LAD

SLW (g/m2)

Leaf chlorophyll content (% of SLW)

Leaf water content (% of SLW)

Dry matter content (% of SLW)

Brown pigment content (% of SLW)

Refraction index ratio

Leaf structure parameter

Fixed parameters (same value in each pixel)

Soil parameters

Weights of Price functions s1, s2, s3, and s4

External parameters

Solar zenith angle (°) Solar zenith and azimuth angle (°)

6S parameters Viewing zenith and azimuth angle (°)

Table 1. Input parameters and variables used for inversion of both the FRT and the Li–Strahler models on

a per-pixel basis.



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., the normalized difference vegetation index

(NDVI), the simple ratio (SR), the reduced simple ratio (RSR)

(Brown et al., 2000), and also a single near-infrared (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, and they are also readily derived from the

Hyperion image.

Results and discussion

We first report on the result of FRT model inversion for CC

as depicted in Figure 1a. Following this, the Li–Strahler model

is inverted to estimate CC with the pixel-based Kg in the

forested region as well (Figure 1b). The infeasible areas

occupy 35.8%, which corresponds to pixels where the linear

unmixing model produces a negative Kg, as well as in areas of

high crown closure, as expected.

With a linear correlation R = 0.42, SR (895/681) is selected as

the auxiliary variable for interpolating CC in these infeasible

areas. Figure 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 1c. A two-dimensional scatterplot (Figure 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 (y coordinate).

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 fixed. The uncertain factors related to the

model inversion include the accuracy of a large number of field
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Figure 1. Spatial distribution of crown closure (CC) after inversion of (a) the FRT model and (b) the Li–Strahler model. (c) Interpolated (Int.)

CC predicted using the Li–Strahler model inversion and regression kriging. (d) Two-dimensional scatterplot between (a) and (c).



measurements and the forest classification, the suitability of the

selected bands, and the quality of the image preprocessing.

Owing to the reasons mentioned earlier, the predicted CC by

the FRT model inversion has a limited range of variation, i.e.,

between 0.8 and 0.95 (Figures 1a, 1d), 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 (1). However,

missing Kg data forces the Li–Strahler model inversion to

infeasible pixels. Comparing Figures 1b and 1c, we can

conclude that most of the infeasible areas are located in very

dense forested regions (e.g., CC > 0.8). Since only one sample

site with a CC > 0.8 is covering an infeasible value, the

conclusion can only be drawn by comparing two modeled

results. With the help of interpolation, the final CC map is

produced based on the inversion of the Li–Strahler model, and

the range of variation is from 0.6 to 1.0 (Figures 1c, 1d).

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 (Figure 3). The 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 CC predicted by

this method has a good agreement with the measured CC.

Therefore, Figure 1c can be used as the final CC map for the

Longmenhe study area.

Conclusions

In this study, we apply an inversion of two different canopy

reflectance (CR) models to derive the forest structural

parameter crown closure (CC) from Hyperion data. The forest

reflectance and transmittance (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 sensitivity of the estimated parameter to

the reflectance data 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 model has an inherently physical foundation, the

simultaneous supporting field measurements of all the input

parameters remain scarce, and this may lead to overly rigid
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Figure 2. Experimental variograms (symbols) and fitted models

(lines) for CC from the inverted Li–Strahler model and for

residuals after ordinary least squares detrending with the simple

ratio vegetation index.

Figure 3. Validation of the estimated CC from the FRT model (a)

and the Li–Strahler model combined with interpolation (b) 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.



constraints. Consequently, the FRT inversion may not predict

the real CC variability 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 FRT 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. Very 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

Li–Strahler model inversion and to monitor the forest structural

properties using the Li–Strahler model inversion combined

with interpolation at a regional scale.

Imaging spectrometer data have certain advantages for

characterizing forests. They not only provide the possibility of

an optimal spectral band selection for the FRT model inversion,

but they also support the determination of end-members for

deriving accurate Kg values used for the Li–Strahler model

inversion. Model inversion needs both a model that can

simulate spectral signatures adequately for the object of interest

and very accurate spectral signatures from remote sensing

images. Hence, the image preprocessing is very important.

Attention should be paid to further calibration and correction of

images as a next step.

Acknowledgements

This paper is dedicated to Dr. John R. Miller, who initiated

and continues to stimulate the development and evaluation of

physical models for the quantitative interpretation of data from

imaging spectrometers. We acknowledge the support from the

Knowledge Innovation Program of the Chinese Academy of

Sciences (KZCX1-YW-08-01-01 and KZCX3-SW-334). We

appreciate Xu Wenting, Tian Yichen, and the College of Life

Sciences, Wuhan University, for participation in the field

campaign.

References

Analytical Imaging and Geophysics LLC. 2002. ACORN 4.0 user’s guide.

Analytical Imaging and Geophysics LLC, Boulder, Colo.

Beck, R. 2003. EO-1 user guide — version 2.3. University of Cincinnati,

Cincinnati, Ohio. 74 pp.

Brown, L., Chen, J.M., Leblanc, S.G., and Cihlar, J. 2000. A shortwave

infrared modification to the simple ratio for LAI retrieval in boreal forests:

An image and model analysis. Remote Sensing of Environment, Vol. 71,

pp. 16–25.

Chen, X., Vierling, L., Rowell, E., and DeFelice, T. 2004. Using lidar and

effective LAI data to evaluate IKONOS and Landsat 7 ETM+ vegetation

cover estimates in a ponderosa pine forest. Remote Sensing of Environment,

Vol. 91, pp. 14–26.

Cohen, W.B., Maiersperger, T.K., Spies, T.A., and Oetter, D.R. 2001.

Modelling forest cover attributes as continuous variables in a regional

context with Thematic Mapper data. International Journal of Remote

Sensing, Vol. 22, pp. 2279–2310.

Cohen, W.B., Maiersperger, T.K., Gower, S.T., and Turner, D.P. 2003. An

improved strategy for regression of biophysical variables and Landsat

ETM+ data. Remote Sensing of Environment, Vol. 84, pp. 561–571.

Couteron, P., Deshayes, M., and Roches, C. 2001. A flexible approach for

woody cover assessment from SPOT HRV XS data in semi-arid West

Africa. Application in northern Burkina Faso. International Journal of

Remote Sensing, Vol. 22, pp. 1029–1051.

Cressie, N.A.C. 1993. Statistics for spatial data. Wiley Series in Probability

and Mathematical Statistics, Wiley, New York.

Deutsch, C.V., and Journel, A.G. 1998. GSLIB: Geostatistical software library

and user’s guide. Applied Geostatistics Series, Oxford University Press,

New York. 369 pp.

Dorigo, W.A., Zurita-Milla, R., de Wit, A.J.W., Brazile, J., Singh, R., and

Schaepman, M.E. 2007. A review on reflective remote sensing and data

assimilation techniques for enhanced agroecosystem modeling.

International Journal of Applied Earth Observation and Geoinformation,

Vol. 9, pp. 165–193.

Eriksson, H.M., Eklundh, L., Kuusk, A., and Nilson, T. 2006. Impact of

understory vegetation on forest canopy reflectance and remotely sensed

LAI estimates. Remote Sensing of Environment, Vol. 103, pp. 408–418.

Franklin, J., and Strahler, A.H. 1988. Invertible canopy reflectance modeling

of vegetation structure in semiarid woodland. IEEE Transactions on

Geoscience and Remote Sensing, Vol. 26, pp. 809–825.

Franklin, S.E., and McDermid, G.J. 1993. Empirical relations between digital

SPOT HRV and CASI spectral response and lodgepole pine (Pinus

contorta) forest stand parameters. International Journal of Remote

Sensing, Vol. 14, pp. 2331–2348.

Gascon, F., Gastellu-Etchegorry, J.P., Lefevre-Fonollosa, M.J., and Dufrene,

E. 2004. Retrieval of forest biophysical variables by inverting a 3-D

radiative transfer model and using high and very high resolution imagery.

International Journal of Remote Sensing, Vol. 25, pp. 5601–5616.

Gemmell, F. 1999. Estimating conifer forest cover with thematic mapper data

using reflectance model inversions and two spectral indices in a site with

variable background characteristics. Remote Sensing of Environment,

Vol. 69, pp. 105–121.

Gemmell, F., Varjo, J., Strandstrom, M., and Kuusk, A. 2002. Comparison of

measured boreal forest characteristics with estimates from TM data and

limited ancillary information using reflectance model inversion. Remote

Sensing of Environment, Vol. 81, pp. 365–377.

Goel, N.S., and Strebel, D.E. 1983. Inversion of vegetation canopy reflectance

models for estimating agronomic variables. I. Problem definition and initial

results using the suits model. Remote Sensing of Environment, Vol. 13,

pp. 487–507.

242 © 2008 CASI

Vol. 34, No. 3, June/juin 2008



Gong, P., Wang, D.X., and Liang, S. 1999. Inverting a canopy reflectance

model using a neural network. International Journal of Remote Sensing,

Vol. 20, pp. 111–122.

Hall, F.G., Shimabukuro, Y.E., and Huemmrich, K.F. 1995. Remote sensing of

forest biophysical structure using mixture decomposition and geometric

reflectance models. Ecological Applications, Vol. 5, pp. 993–1013.

Hall, R.J., Franklin, S.E., Gerylo, G.R., and Roberts, A. 1999. Estimation of

crown closure and species composition from high resolution multispectral

imagery. In Automated Interpretation of High Spatial Resolution Digital

Imagery for Forestry, Proceedings of an International Forum, 10–

12 February 1998, Victoria, B.C. Edited by D.A. Hill and D.G. Leckie.

Canadian Forest Service, Victoria, B.C. pp. 309–320.

Han, T., Goodenough, D.G., Dyk, A., and Love, J. 2002. Detection and

correction of abnormal pixels in hyperion images. In IGARSS’02,

Proceedings of the International Geoscience and Remote Sensing

Symposium, 24–28 June 2002, Toronto, Ont. IEEE, Piscataway, N.J.

pp. 1327–1330.

Hengl, T., Heuvelink, G.B.M., and Rossiter, D.G. 2007. About regression-

kriging: from equations to case studies. Computers and Geosciences,

Vol. 33, pp. 1301–1315.

Huang, J. 2006. Research of tree and shrub cover retrieval on vegetation

vertical scale using remote sensing model [in Chinese]. Ph.D. dissertation,

Institute of Remote Sensing Applications, Chinese Academy of Sciences,

Beijing. 147 pp.

Huang, J., Wu, B., Zeng, Y., Tian, Y., and Kuusk, A. 2005. Retrieval of

overstory and understory leaf area index in forest stands using forest

canopy reflectance model. In Proceeding of the 9th International

Symposium on Physical Measurements and Signatures in Remote Sensing

(ISPMSRS), 17–19 October 2005, Beijing. Edited by S. Liang, J. Liu, X. Li,

R. Liu, and M.E. Schaepman. International Archives of Photogrammetry

and Remote Sensing (ISPRS), ITC, Enschede, The Netherlands.

Vol. XXXVI, Part 7/W20, pp. 554–556.

Isaacs, E.H., and Srivastava, R.M. 1989. An introduction to applied

geostatistics. Oxford University Press, New York. 561 pp.

Jacquemoud, S., and Baret, F. 1990. PROSPECT: A model of leaf optical

properties spectra. Remote Sensing of Environment, Vol. 34, pp. 75–91.

Jacquemoud, S., Bacour, C., Poilve, H., and Frangi, J.P. 2000. Comparison of

four radiative transfer models to simulate plant canopies reflectance: direct

and inverse mode. Remote Sensing of Environment, Vol. 74, pp. 471–481.

Kimes, D., Gastellu-Etchegorry, J., and Esteve, P. 2002. Recovery of forest

canopy characteristics through inversion of a complex 3D model. Remote

Sensing of Environment, Vol. 79, pp. 320–328.

Kitanidis, P.K. 1993. Generalized covariance functions in estimation.

Mathematical Geology, Vol. 25, pp. 525–540.

Kötz, B., Schaepman, M., Morsdorf, F., Bowyer, P., Itten, K., and Allgower, B.

2004. Radiative transfer modeling within a heterogeneous canopy for

estimation of forest fire fuel properties. Remote Sensing of Environment,

Vol. 92, pp. 332–344.

Kruse, F.A., Lefkoff, A.B., Boardman, J.W., Heidebrecht, K.B., Shapiro, A.T.,

Barloon, P.J., and Goetz, A.F.H. 1993. The spectral image processing

system (SIPS) — interactive visualization and analysis of imaging

spectrometer data. Remote Sensing of Environment, Vol. 44, pp. 145–163.

Kuusk, A. 1991. Determination of vegetation canopy parameters from optical

measurements. Remote Sensing of Environment, Vol. 37, pp. 207–218.

Kuusk, A. 1995. A Markov chain model of canopy reflectance. Agricultural

and Forest Meteorology, Vol. 76, pp. 221–236.

Kuusk, A., and Nilson, T. 2000. A directional multispectral forest reflectance

model. Remote Sensing of Environment, Vol. 72, pp. 244–252.

Kuusk, A., Lang, M., and Nilson, T. 2004. Simulation of the reflectance of

ground vegetation in sub-boreal forests. Agricultural and Forest

Meteorology, Vol. 126, pp. 33–46.

Kuusk, A., Nilson, T., Paas, M., Lang, M., and Kuusk, J. 2008. Validation of

the forest radiative transfer model FRT. Remote Sensing of Environment,

Vol. 112, pp. 51–58.

Lang, M., Nilson, T., Kuusk, A., Kiviste, A., and Hordo, M. 2007. The

performance of foliage mass and crown radius models in forming the input

of a forest reflectance model: a test on forest growth sample plots and

Landsat 7 ETM+ images. Remote Sensing of Environment, Vol. 110,

pp. 445–457.

Li, X., and Strahler, A.H. 1985. Geometric–optical modeling of a conifer

forest canopy. IEEE Transactions on Geoscience and Remote Sensing,

Vol. 23, pp. 705–721.

Li, X., and Strahler, A.H. 1992. Geometric–optical bidirectional reflectance

modeling of the discrete crown vegetation canopy: effect of crown shape

and mutual shadowing. IEEE Transactions on Geoscience and Remote

Sensing, Vol. 30, pp. 276–292.

Li, X., and Wang, J. 1995. Vegetation optical remote sensing models and

vegetation structure parameterization [in Chinese]. Science Press, Beijing.

118 pp.

Lobell, D.B., Asner, G.P., Law, B.E., and Treuhaft, R.N. 2001. Subpixel

canopy cover estimation of coniferous forests in Oregon using SWIR

imaging spectrometry. Journal of Geophysical Research, Vol. 106,

pp. 5151–5160.

McDonald, A.J., Gemmell, F.M., and Lewis, P.E. 1998. Investigation of the

utility of spectral vegetation indices for determining information on

coniferous forests. Remote Sensing of Environment, Vol. 66, pp. 250–272.

McKenzie, D., Peterson, D.W., Peterson, D.L., and Thornton, P.E. 2003.

Climatic and biophysical controls on conifer species distributions in

mountain forests of Washington State, USA. Journal of Biogeography,

Vol. 30, pp. 1093–1108.

Meroni, M., Colombo, R., and Panigada, C. 2004. Inversion of a radiative

transfer model with hyperspectral observations for LAI mapping in poplar

plantations. Remote Sensing of Environment, Vol. 92, pp. 195–206.

Minnaert, M. 1941. The reciprocity principle in lunar photometry.

Astrophysical Journal, Vol. 93, pp. 403–410.

Nilson, T., and Kuusk, A. 2004. Improved algorithm for estimating canopy

indices from gap fraction data in forest canopies. Agricultural and Forest

Meteorology, Vol. 124, pp. 157–169.

Pebesma, E.J. 1997. Gstat user’s manual. Utrecht University, Utrecht, The

Netherlands. Available from www.gstat.org.

Pebesma, E.J., and Wesseling, C.G. 1998. Gstat: a program for geostatistical

modelling, prediction and simulation. Computers and Geosciences,

Vol. 24, pp. 17–31.

Peddle, D.R., Hall, F.G., and LeDrew, E.F. 1999. Spectral mixture analysis and

geometric–optical reflectance modeling of boreal forest biophysical

structure. Remote Sensing of Environment, Vol. 67, pp. 288–297.

© 2008 CASI 243

Canadian Journal of Remote Sensing / Journal canadien de télédétection



Peddle, D.R., Franklin, S.E., Johnson, R.L., Lavigne, M.B., and Wulder, M.A.

2003. Structural change detection in a disturbed conifer forest using a

geometric optical reflectance model in multiple-forward mode. IEEE

Transactions on Geoscience and Remote Sensing, Vol. 41, pp. 163–166.

Powell, M.J.D. 1964. Efficient method for finding minimum of function of

several variables without calculating derivatives. Computer Journal, Vol. 7,

pp. 155–162.

Price, J.C. 1990. On the information content of soil reflectance spectra.

Remote Sensing of Environment, Vol. 33, pp. 113–121.

Pu, R., and Gong, P. 2004. Wavelet transform applied to EO-1 hyperspectral

data for forest LAI and crown closure mapping. Remote Sensing of

Environment, Vol. 91, pp. 212–224.

Pu, R., Yu, Q., Gong, P., and Biging, G.S. 2005. EO-1 Hyperion, ALI and

Landsat 7 ETM+ data comparison for estimating forest crown closure and

leaf area index. International Journal of Remote Sensing, Vol. 26, pp. 457–

474.

Roberts, G. 2001. A review of the application of BRDF models to infer land

cover parameters at regional and global scales. Progress in Physical

Geography, Vol. 25, pp. 483–511.

Scarth, P., and Phinn, S. 2000. Determining forest structural attributes using an

inverted geometric–optical model in mixed eucalypt forests, Southeast

Queensland, Australia. Remote Sensing of Environment, Vol. 71, pp. 141–

157.

Scarth, P., Phinn, S., and McAlpine, C. 2001. Integrating high and moderate

spatial resolution image data to estimate forest age structure. Canadian

Journal of Remote Sensing, Vol. 27, pp. 129–142.

Schaaf, C.B., Li, X.W., and Strahler, A.H. 1994. Topographic effects on

bidirectional and hemispherical reflectances calculated with a geometric–

optical canopy model. IEEE Transactions on Geoscience and Remote

Sensing, Vol. 32, pp. 1186–1193.

Schaepman, M.E., Kötz, B., Schaepman-Strub, G., and Itten, K.I. 2005.

Spectrodirectional remote sensing for the improved estimation of

biophysical and chemical variables: two case studies. International Journal

of Applied Earth Observation and Geoinformation, Vol. 6, pp. 271–282.

Schaepman-Strub, G., Schaepman, M.E., Painter, T.H., Dangel, S., and

Martonchik, J.V. 2006. Reflectance quantities in optical remote sensing —

definitions and case studies. Remote Sensing of Environment, Vol. 103,

pp. 27–42.

Schlerf, M., and Atzberger, C. 2006. Inversion of a forest reflectance model to

estimate structural canopy variables from hyperspectral remote sensing

data. Remote Sensing of Environment, Vol. 100, pp. 281–294.

St-Onge, B.A., and Cavayas, F. 1997. Automated forest structure mapping

from high resolution imagery based on directional semivariogram

estimates. Remote Sensing of Environment, Vol. 61, pp. 82–95.

Strahler, A.H., and Jupp, D.L.B. 1990. Modeling bidirectional reflectance of

forests and woodlands using Boolean models and geometric optics. Remote

Sensing of Environment, Vol. 34, pp. 153–166.

Teillet, P.M. 1986. Image correction for radiometric effects in remote sensing.

International Journal of Remote Sensing, Vol. 7, pp. 1637–1651.

Ustin, S.L. 2004. Remote sensing for natural resource management and

environmental monitoring. Wiley, New York. 736 pp.

Ustin, S., Asner, G., Gamon, J., Huemmerich, K., Jacquemoud, S., Zarco-

Tejada, P., and Schaepman, M.E. 2008. Retrieval of quantitative and

qualitative information about plant pigment systems from high resolution

spectroscopy. Remote Sensing of Environment. In press.

Van Coillie, F.M.B., Verbeke, L.P.C., and De Wulf, R.R. 2007. Feature

selection by genetic algorithms in object-based classification of IKONOS

imagery for forest mapping in Flanders, Belgium. Remote Sensing of

Environment, Vol. 110, pp. 476–487.

Vermote, E.F., Tanre, D., Deuze, J.L., Herman, M., and Morcrette, J.J. 1997.

Second simulation of the satellite signal in the solar spectrum, 6S: an

overview. IEEE Transactions on Geoscience and Remote Sensing, Vol. 35,

pp. 675–686.

Woodcock, C.E. 1994. Estimation of forest stand structure from Landsat TM

through inversion of the Li–Strahler model. In IGARSS’94, Proceedings of

the International Geoscience and Remote Sensing Symposium, 8–

12 August 1994, Pasadena, Calif. IEEE, New York. Vol. 2, pp. 1245–1247.

Woodcock, C.E., Collins, J.B., Jakabhazy, V.D., Li, X., Macomber, S.A., and

Wu, Y. 1997. Inversion of the Li–Strahler canopy reflectance model for

mapping forest structure. IEEE Transactions on Geoscience and Remote

Sensing, Vol. 35, pp. 405–414.

Woodham, R.J., and Lee, T.K. 1985. Photometric method for radiometric

correction of multispectral scanner data. Canadian Journal of Remote

Sensing, Vol. 11, pp. 132–161.

Xiong, Y., and Li, Q. 1987. Soils of China [in Chinese]. Science Press, Beijing.

Zarco-Tejada, P.J., Miller, J.R., Noland, T.L., Mohammed, G.H., and

Sampson, P.H. 2001. Scaling-up and model inversion methods with

narrowband optical indices for chlorophyll content estimation in closed

forest canopies with hyperspectral data. IEEE Transactions on Geoscience

and Remote Sensing, Vol. 39, pp. 1491–1507.

Zarco-Tejada, P.J., Berjon, A., Lopez-Lozano, R., Miller, J.R., Martin, P.,

Cachorro, V., Gonzalez, M.R., and de Frutos, A. 2005. Assessing vineyard

condition with hyperspectral indices: leaf and canopy reflectance

simulation in a row-structured discontinuous canopy. Remote Sensing of

Environment, Vol. 99, pp. 271–287.

Zeng, Y., Schaepman, M.E., Wu, B., Clevers, J.G.P.W., and Bregt, A.K. 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), Vol. 11, pp. 648–658.

Zeng, Y., Schaepman, M.E., Wu, B., Clevers, J.G.P.W., and Bregt, A.K. 2008.

Quantitative forest canopy structure assessment using an inverted

geometric–optical model and up-scaling. International Journal of Remote

Sensing. In press.

244 © 2008 CASI

Vol. 34, No. 3, June/juin 2008


