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The work has focused on the characterization of natural, spatially variable,
semivegetated landscapes using a linear, stochastic, canopy—soil reflectance model. A
first application of the model was the investigation of the effects of subpixel and
regional variability of scenes on the shape and structure of red—infrared scattergrams
(See apbended report, Jasinski and Eagleson, 1988). Additionally, the model was
used to investigate the inverse problem, the estimation of subpixel vegetation cover,
given only the scattergrams of simulated satellite scale multispectral scenes. The
major aspects of that work, including recent field investigations, are summarized
below.

Theoretical Analyses. In many natural, semivegetated landscapes, modeling

reflected radiation in the visible and near infrared regions is difficult due to the
highly random nature of many subpixel scale properties of the plant (e.g. plant
geometry, leaf area, shape and orientations) and ﬁﬁe soil (e.g. surface roughness,
texture, moisture content, and organic matter content). In order to accommodate
the random subpixel fluctuations, yet keep the number of model parameters to a
minimum, Jasinski and Eagleson (1988) modeled the semivegetated landscape using a
‘ geometric canopy—soil reflectance model with random variables. The overall
approach was to retain the bulk plant and soil parameters which dominate scene
reflectance, such as fractional cover, plant geometry, plant and soil reflectance, and
shadows, but to absorb the numerous secondary parameters contributing to subpixel
variability into random reflectance terms. Such an approach is consistént with
mesoscale hydrologic investigations which require primarily the bulk scene

parameters for computing surface moisture and heat fluxes.
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The canopy—soil reflectance model was used to interpret the information
content of red-infrared scattergrams in terms of the physical structure of the scene.
That was achieved by the sequential introduction of each variable into the scene,
and observing its effect on the scattergram. In particular, the principal mechanisms
which contribute to the often observed triangular shape, or "tasseled cap" were
identified, including variable vegetation density, shadows, and variable soil
background reflectance. The importance of the pixel scale relative to the scale of
the plant and plant shadows was discussed. The results of that work are detailed in
the appended report.

Recently, it has been demonstrated that the fractional (i.e. subpixel) vegetation
cover of the simulated scenes can be retrieved by applying the method of moments
to the aggregated scene. The method consists of equating the theoretical moments
of the canopy—soil reflectance to the actual moments of the scene, and then solving
for the unknown variables. At least seven moment equations can be written for the
reflectance model, including five reflectance moments (i.e., the mean and variance of
the reflectance equation in the red and infrared bands, and the cross—covariance) and
two cover moments (i.e., the mean and variance). Conditional moments can also be
written through the a priori understanding of the structure of the red-infrared
scattergram. For instance, the means and variances of the soil reflectance terms can
be written for the locus of pixels which constitute the soil line.

The inverse problem was applied to two test cases. For the Case II simulation
(referred to in the appended report), the fractional vegetation cover was estimated
by writing conditional moment equations along lines parallel to the soil line, as
shown in the scattergram in Figure 1. For the Case V simulation, the analysis
includes the writing of conditional moments for statistically homogeneous areas as
shown in Figure 2. Comparisons of the estimated and actual mean vegetation cover

for a range of cover types are provided in Figures 3 and 4, respectively. Results



indicate very good agreement. Details of these results are currently being
summarized for publication in an appropriate journal.

The stochastic canopy-soil reflectance model has also provided a mechanism for
studying the influence of scene variability on common vegetation indices, such as the
normalized vegetation index (NVI). One important conclusion of that study is that
the maximum NV.I of a scene does not necessarily represent maximum vegetation
amount, but it is affected by both shadows and soil variability. A third journal
article detailing those results will be completed shortly.

Field _V\_/_(_)r_kl Work has included the application of the theoretical techniques
developed above to actual aerial and éatellite multispectral data. Two sets of aerial
multispectral data were obtained during the month of June, 1988. The first data set
was obtained over the Maricopa Agricultural Research Center, Arizona, as part of a
larger experiment coordinated by the U.S.D.A. Water Conservation Lab, Phoenix. A
second data set was conducted over three specified watersheds in the Beaver Creek
Basin of the Coconino National Forest in northern Arizona. Also, Landsat Thematic
Mapper Scenes of both areas are being acquired in order to test the model on actual
satellite data.

Hvpotheses Testing. Most of the climatological, hydrological, and soils data

required to test Eagleson's climate—soil-vegetation equilibrium hypotheses have been
obtained for the Beaver Creek Basin in northern Arizona. Testing will begin shortly

but its conclusion will require continued support.
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APPENDIX

THE STRUCTURE OF VISIBLE-INFRARED SCATTERGRAMS
OF SEMIVEGETATED LANDSCAPES

Michael F. Jasinski and Peter S. Eagleson

ABSTRACT - A physically-based linear stochastic canopy-soil reflectance
‘model s developed to investigate subpixel and regional wvariability of
semivegetated landscapes. In particular, the model is used to investigate. the
structure of multidimensional scattergrams and to explain the often observed
characteristic triangular shape of visible-infrared scattergrams of semivegetated
landscapes. Scattergrams of simulated semivegetated scehes are analyzed with

respect to the scales of the satellite pixel and subpixel components.
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[. INTRODUCTION

The physically-based parameterization of heat and moisture fluxes from
semivegetated landscapes is an unsolved problem in many mesoscale studies.
One difficulty is quantifying state variables (e.g., vegetation cover, soil moisture,
surface temperature) which exhibit important spatial and temporal variability at
scales smaller than the scale of the measurement. Examples arise in the
characterization, using satellite multispectral data, of semivegetated landscapes
such as the semiarid regions of the southwest United States and agricultural
lands during their early growing- stages. In both cases vegetation density varies
at characteristic scales (several meters) much smaller than the pixel scale of
current satellite muitispectral (MSS) sensors (several tens of meters). Pixel
scale measurements represent the integrated reflectance of soil and vegetation,
and as a result, techniques to disaggregate important subpixel components are
warranted.

In addition to subpixel variations, many landscapes exhibit regional
variations in soil and vegetation reflectance due to a variety of geoclimatic
factors. For instance, changes in slope and aspect induce corresponding changes
in scene reflectance through an effective altering in the illumination and viewing
angles. Changes in elevation, slope, and aspect also cause scene variability
through their indirect influence on such properties as soil moisture, and
vegetation species and density. Thus, many soil and \regetation properties
which exhibit small random subpixel scale fluctuations may be spatially
correlated at larger geoclimatic scales. Knowledge of that correlation provides

valuable insight into the solution of the parameterization problem.



This paper summarizes investigations of subpixel variability of regionally
variable semivegetated landscapes using a linear stochastic canopy reflectance
model. The purpose of the investigation 1is to develop a simple,
physically-based, yet flexible means of characterizing both subpixel and regional
variability without having to specify an inordinate number of plant and soil
parameters, such as species, leaf angle- and orientatioﬁ, and soil roughness.
Many of those parameters are of secondary importance to regional heat and
moisture balance studies, and therefore can be absorbed into the statistical
distribution of major variables such as plant size, percent vegetation cover, and
vegetation and soil reflectance. |

The present work demonstrates the utility of the canopy-soil reflectance
model for interpreting the information content of multidimensional scattergrams
through the use of simulated images. In particular, it examines the structure of
the two-dimensional (visible—infrared) scattergram of semivegetated scenes, and
the different mechanisms which contribute to its often observed characteristic
triangular shape or "tasseled cap" {1]. Such understanding is invaluable to the
solution of the inverse problem, the estimation of subpixel parameter variability

given the observed scattergram.

II. REFLECTANCE OF INHOMOGENEOUS CANOPIES
The vegetation density of most landscapes varies both horizontally and
vertically. The radiation reflected results from the complex scattering,
absorption, and emittance properties of the plant components and soil
background.
Physically-based radiative transfer models for horizontally hornogeneous
canopies have been developed in terms of leaf and soil hemispherical

reflectances, leaf hemispherical transmittance, leaf area index, leaf inclination
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angle distribution, and the fraction of diffuse incident solar radiation (for
example, (2], [3], [4]). While such models provide a physical basis for
understanding canopy reflectance, their application requires the estimation of a
large number of parameters. For instance, Goel and Thompson [5] have
demonstrated that the para.meters'of the Suits canopy reflectance model can be
estimated using MSS data recorded for about 25 combinations of solar zenith
angle and view angle. Thus, practical application of the technique using
existing satellites is not possible due to the limited data currently available.

An alternative approach to modeling canopy reflectance with radiative
transfer formulas is through the use of geometric models. These models, an
evolution of early mixed pixel studies [6], conceptualize clumps of vegetation as
solid three—dimensional geometric elements superposed on a flat soil background.
The soil and vegetation are assumed to be lambertian surfaces and the total
pixel reflectance depends upon the number, size, and spatial distribution of
vegetation elements in the pixel.

Geometric models have been successfully used to describe much of the
variability of actual and simulated scenes of vegetated landscapes. Otterman [7]
focused on the relation between reflection from vertical plants and that from the
planar surface. He modeled various vegetation types (forests, desert vegetation)
as thin vertical cylinders of random height and spacing, introducing a geometric
protrusion parameter as the fundamental unit characterizing canopy structure.

Richardson et al. [8] modeled crop canopies as rectangular rows, neglecting
scattering between the crop and soil. They assumed that the total reflectance
of an individual pixel was an area weighted sum of illuminated canopy
reflectance, illuminaied soil reflectance, and shadowed soil reflectance. Jackson

et al. [9] extended the above model to include shadowed canopy effects.



Strahler and Li [10] and Li and Strahler [11] modeled conifer forests as
randomly located cones of similar shape and random height. They
demonstrated the feasibility of estimating several tree parameters of
homogeneous areas using satellite data assuming constant tree and soil
background reflectances.

Since geometric canopy models employ the whole plant as the fundamental
unit of canopy structure (as opposed to leaves, stems, etc.), they are amenable
to regional scale applications in which the spatial distribution of the plant can
be prescribed. The statistical analysis of spatial patterns in botany has
- developed over the past fifty years (see for example, [12], [13]). Diggle [13]
Afocused on the problem of fitting stochastic models to spatial point patterns of
trees. He reviewed several investigations of the spatial patterns of trees and
found that the most appropriate stochastic representation for a given situation
was species dependent. For instance, the distribution of Japanese black -pine
saplings was found to follow a Poisson distribution. Redwood seedlings and
bramble canes followed a Poisson cluster process. .

Few researchers have incorporated the above information into the analysis
of remotely sensed data. Significant progress in that direction has only recently
been achieved [10], [11], [14]. Li and Strahler [11] and Strahler and Li [10]
assumed a homogeneous Poisson distribution of conifer tree locations.
Woodcock [14] used a similar model to examine the relation among the scale of
pixel components, resolution size, and two indicators of spatial correlation: the

variogram and the local variance.

III. SOIL REFLECTANCE
The spatial variability of soil reflectance is due to changes in complex

scattering and absorption processes at the soil surface, as determined by its
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physical structure and chemical composition. Major factors include mineral
content, water and organic matter content, partiéle size, soil texture, surface
roughness, and view angle. Numerous experimental investigations have
examined the relationship between bare soil reflectance and those parameters
(for a summary, see Myers [15]). -

Soil reflectance va.riability manifests itself in multispectral scattergrams
through the preferred location and orientation of bare soil pixels (see, for
example, [1], [16], [17]). For visible-infrared scattergrams of typical
semivegetated scenes, the data often take on the form of a triangle whose base
consists of a straight line emanating from approximately the origin. Researchers
have identified that base line, consisting primarily of pixels containing bare soil
and dry vegetation, as the "soil line".

While the existence of the soil line has been attributed to the spatial
variability of different soil properties, the important functional relationship
between its shape and orientation, and the soil physical properties on which it
depends, has received little attention. Such relationships can be established,
however, using knowledge of soil reflectance behavior from previous theoretical
and experimental studies (for example [18], [19], [20], [21]). That work
indicates that for a given type of variability, the soil reflectance at one
wavelength is often functionally related to the reflectance in another wavelength.

In many cases, the relation can be approximated by a simple linear expression
R(A2) = aR(\;) + 7 (1)

where the slope, o, and intercept, v, are coefficients dependent on both the
wavelength and the type of variability. Thus, variability of any one soil

- parameter can lead to a representative "line" in a two—dimensional scattergram.



For instance, Figure 1 contains three hypothetical visible-infrared
scattergrams, representing three different scenes, in each of which only one soil
parameter is allowed to vary. In Scene 1 only the amounts of two minerals are
allowed to vary, while all other soil parameters such as surface roughness,
moisture, -etc. are held constant. The resulting scattergram forms a '"soil
mineral line" in which the end points approacﬁ the respective reflectances of the
pure minerals. The shape and orientation of the line may be linear (as drawn)-
or nonlinear, and are determined by the location of the end points and the
nature of the mixing of the two mineral types [22].  Pixels lying between the
end points will contain mineral arﬁounts proportional to their distance along the
line.

Scene 2 contains hypothetical pixels in which only soil moisture is allowed
to vary. Soil moisture increases the radiation capacity of the soil in the visible
and near infrared regions. Analysis of published experimental data [20], [21],
indicates that, for many soil types, equatiqn (1) is applicable. Thus the locus
of points for Scene 2 pixels should form a "soil moisture line" as indicated in
Figure 1 with the pixels along the left portion of the line containing higher soil
moisture than those to the right.

Finally, Scene 3 contains pixels in which only surface roughness varies.
Soil reflectance generally decreases with increased surface roughness due to the
increase in shadow cast by the soil particles and aggregates onto itself [15], [18].
The resulting "soil shadow line" is approximately linear with an intercept of
near zero. The linearity occurs since the amount of shadow caused by the soil
aggregates is practically the same for the range of wavelengths being considered.
In fact, a near zero intercept for straight soil lines of real scenes (with low
diffuse radiation) may be an indication that soil shadow induced by its physical

structure is the dominant source of soil reflectance variability.
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In actuality, real soil scenes contain a composite of several types of
variability. The corresponding soil line-is generally linear in the mean although
considerable scatter can exist [1], [16]. A unique soil line will exist only if
either 1) one dorﬁinant type of soil variability is occurring or 2) the scatter due

to the different types of soil variability act in the same direction.

IV STOCHASTIC CANOPY REFLECTANCE MODEL

This section presents a method for incorporating soil and vegetation
variability which can occur over a range of length scales (subpixel to regional)
into a geometric canopy—soil reflectance model. The model is used to simulate
scenes which are then aggregated to various scales representative of typical
satellite pixels. Once generated, scenes are analyzed in terms of. the
visible-infrared scattergrams. The main variables include vegetation and soil
reflectance, percent™ vegetation cover, percent soil background, and percent

shadow. An understanding of the role of each variable is obtained by its

sequential introduction into the canopy cover model. Atmospheric effects are

not considered. Five different cases are presented. The input parameters for
each simulated scene are provided in Table 1.

The total reflectance of an individual pixel, R, is modeled as a linear
combination of four main components; illuminated and shadowed canopy
reflectance, and illuminated and shadowed soil background reflectance. It can

be expressed in its most general form as

Rlmy, m,, g 8, R, (0, K, (0, R (0, F, (] =

(2)



A = wavelength,

R-ml((\.)- = average reflectance of illuminated vegetation of a given pixel,

R mS(/\) = average reflectance of sha.dowéd vegetation of a given pixel,

_Rgl(/\) = average reflectance of illuminated soil background of a given
pixel,

—Rgs(/\) = average reflectance of -soil background shadoweq by canopy of a
given pixel,

m,m, = percentage of pixel covered with illuminated and shadowed

canopy, respectively, and
g8 = percentage of pixel occupied by illuminated and shadowed soil

background, respectively.

Average reflectances and percent covers are defined, for example

—_ 1 [ h
R_(\)= R_()\) dA (3)
m, A g m, m,
L[ g ~ (4)
m =
I Ay m,
where A = total area of a given pixel, .
dA =~ = area of smallest homogeneous element of illuminated '
I
canopy, and

R (A) = reflectance of smallest homogeneous element  of
I

illuminated canopy.



The total percent canopy cover, m, soil background, g, and shadow, s, in a pixel

are; respectively,

m = my + mg ()
g = g+ &g (6)
s = mg+ g ' (7
where
m +m +g +g =1 (8)

Each scene consists of eight segments, each 150 meters square with one meter
square pixels. Scenes are generated as follows. First, a soil backgrouhd is assumed
with a prescribed statistical distribution, including a covariance structure. Each
segment of the scene contains the same soil background distribution. Next, trees
represented by square cylinders of fixed height and diameter are superposed on the
soil background of each segment according to a Poisson distribution having a
different arrival rate for each segment. As for soil, a prescribed distribution for
vegetation reflectance is assumed with a covariance structure. Typical values of
soil and vegetation reflectivity are assumed (2], [15], [19] as indicated in Table 1.
Finally, the original grid is aggregated to pixel sizes of 5, 10, and 30 meters square
by averaging the reflectance values of the components of the grid. The latter two
represent SPOT and Thematic Mapper satellite scales, respectively. Information

regarding subpixel variables is recorded at each level of aggregation.

A. CASE 'I — CONSTANT REFLECTANCES, NO SHADOWS

This case represents an idealized two—component situation in which the
vegetation and soil each have a constant reflectance over the entire scene, and
observations are from the nadir. The sun is near zenith resulting in no shadows in

the field of view. Hence, the only variable is percent cover. The equation
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expressing total reflectance from an individual pixel is taken from equations (2)

through (8) with m, = g, =0, or

Rlm, Ry, (4, Rg (V] = mRy, (3) + (1= m)Rg (3 )

The visible-infrared scattergrams for the Case 1 simulation are shown in
Figures 2-a,b,c for the levels 5, 10, and 30 aggregation. They indicate that all the
data points fall on a straight line whose end points represent pixels containing the
maximum (upper left) and minimum (lower right) percent vegetation cover within
the scene. The length of the line decreases with increasing aggregation since the
standard deviation of the canopy density decreases as the pixel size increases. The
percent cover of any pixel lying along the line is proportional to the distance
between the end points. The end points do not necessarily represent pure

vegetation or soil cover, but only the extreme coverages in the scene.

B. CASE Il — VARIABLE SOIL REFLECTANCE, NO SHADOWS

In real scenes, variations in soil reflectance are apt to occur over a wide
range of scales. For instance, spatial fluctuations in surface roughness are likely to
occur at length scales of meters or centimeters. On the other hand, variations
associated with slope, aspect, or basin geomorphology will occur at scales of tens of
mefers or greater.

In addition to changing vegetation cover, the Case II simulation includes the
effect of spatial variability of soil reflectance. In order to simplify the analysis it
is assumed that only one soil parameter is varying (i.e., surface roughness, mineral
content, or soil moisture) and that there is no covariance between vegetation cover

and soil reflectance.
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In order to incorporate both small scale (subpixel) and large scale (regional)
variations, soil reflectance in the Case II simulation is treated as a -two—dimensional
random field with a prescribed covariance structure. For instance, random
fluctuations among adjacent elements in the simulated scene (level one aggregation)
might correspond to small differences in surface roughness, while changes in slope,
aspect, or. basin geomorphology are characterized through the length scale of an
appropriate covariance function:

While various funct-ional forms might be applicable, for demonstration
purposes the Case II simulation assumes that soil reflectance is normally distributed
‘with an exponential covariance function. The exponential covariance function is
expressed

cov(d)= ¢? exp(-Ad) (10)

~ where 02 = the variance of the soil reflectance distribution,
f = inverse length scale of the covariance function, and

d = distance between two points in the scene.

The simulated bare soil scene for the visible band is shown in Figure 3.
That scene, generated using the Turning Bands Method [23], contains a prescribed
mean reflectance (0.15), standard deviation (0.023), and exponential covariance. A
similar scene (not shown) was generated for the infrared band. ‘The mean and
standard deviations of both scenes are based on the hypothetical soil feﬂecta.nce
curve shown in Figure 4, which indicates a typical range of reflectances for a soil
with variable properties (e.g., soil moisture or surface roughness) [15], [20].

The length scale of the exponential covariance function was chosen to be 20

meters. While that might represent some geophysical scale, for the present case it
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is chosen for convenience. It is much larger than the grid scale of one meter, and

the two smaller aggregations (5 and 10 meters), but smaller than the largest

aggregation (30 meters). Thus, the choice of that scale allows one to examine the
_relation between covariance length scale and pixel size.

The total reflectance from a given pixel in the Case II simulation is,
Rlm, Ry (), Ry (V] = mRy, () + (1= m)Ry (3 (11)

The results of the Case II simulation for all three aggregations are shown in
Figures 5-a,b,c. (Regular spaces in the scattergrams, especiallyl at lower level
aggregations, are due to finite increments in percent cover as limited by the level
of aggregation. This effect occurs in subsequent cases as well.) They indicate that
the  visible-infrared scattergram tends to take on the characteristic shape of a
triangle.  The top of the triangle represents full canopy cover, and the base
represents the minimum vegetation cover in the scene. For areas in which it can
be assumed that bare soil exists, the base of the triangle represents the classic "soil
line."

While Case II is still a relatively simple example, it demonstrates the
usefulness of the scattergram for explainjng subpixel ‘variability. For instance, the
percent cover of any pixe1 lying within the triangle is approximately proportional to
its distance between the top-of the triangle and the soil line. An equivalent
statement is that all pixels falling on a line parallel to the soil line will have the
same percent vegetation. A second observation is that all pixels falling on a
straight line emanating from the top of the triangle will have the same value of
average soil reflectance. The above inferpretations of the scattergram are indicated

on Figure 6 (an expanded version of 5b) for the level 10 aggregation.

- 13 -



The importance of pixel scale relative to the covariance function is seen in
the size of the triangles at different levels of aggregation. The scattergrams
indicate that the length of the soil line and hence the width of the triangle
decrease with increasing aggregation.  Both the standard deviation and the
covariance length scalé contribute to that effect. Since scenes composed of large
pixels average over a greater area than scenes with small pixels, statistically, one
can expect the former case to have a lower standard deviation. However, that
effect is mitigated by the covariance length scale. Scenes with small length scales
(relative to pixel size) will exhibit short soil lines while scenes with large length

scales will exhibit long soil lines.

C. CASE III - VARIABLE VEGETATION REFLECTANCE, NO SHADOWS

In addition to variable percent cover and variable soil reflectance, the Case
I simulation introduces variable vegetation reflectance and examines its effect on
the visible-infrared scattergram. Vegetation reflectance will change at small and
large spatial scales due to variations in a number of plant parameters, including
plant species, leaf reflectance, growth stage, plant architecture, leaf orientation and
distribution, leaf area, and plant stress [2]. Regional scale variations in the pattern
of natural vegetation and dominant species are influenced by elevation, gradient,
and local climate [12].

As for soil, Case III treats the variation in vegetation reflectance as a
normally distributed random variable with an exponential covariance structure. It
further assumes that reflectances in the infrared and visible bands are linearly
related with negative slope. That relationship is not intended to represent all
types of vegetation variability, but may be a simple approximation for some cases.
For instance, increases in leaf area are generally associated with decreases in visible

reflectance and increases in infrared reflectance (see for example, [24]. [25]).
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For Case III, the total reflectance of a given pixel becomes

m

R[m, Eml(/\), Egl(z\)] = mR I(/\) + (1 - m)ﬁgl(z\) | (12)

where the three random variables are percent cover (m), vegetation reflectance

(RmI) and soil reflectance (Rgl).

The scattergram for Case III is presented in Figures 7-a,b,c for all levels of
aggregation. The difference from Case II is that the top of the triangle has spread
open, resulting in a quadrilateral data plot. An envélope curve along the top of
the quadrilateral represents pixels of maximum vegetation cover. For scenes
containing full canopy cover, that locus of points can be considered the '"canopy

line" analogous to the soil line at the base of the quadrilateral.

D. CASE 1V - SHADOWED SOIL BACKGROUND, CONSTANT

VEGETATION AND SOIL REFLECTANCE

Shadows cast by vegetation are an important component of total pixel
“reflectance. Shadows change diurnally with the position of the sun and with the
amount of atmospheric scatterers which affect diffuse solar radiation. Important
seasonal changes occur both with the sun's migration and with changes of plant
structure.

Case IV examines the effect of shadows cast by plants on soil That is
achieved by conceptualizing plants as vertical square cylinders, with horizontal tops
and equal height of five meters. Solar and view angles are assumed to be 30° and

0°, respectively.
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The reflectance equation for a given pixel is

Rm, g, g, R (A), RgI(A), R, (A)] =

my 8s

= mRmI(/\) + gIRgI(/\) + gSRgs(/\) (13)

The scattergrams associated with the three aggregation levels for the Case IV
simulation . are shown in Figures 8-a,b,c. They reveal several interesting relations
among percent cover and shadow, the level of aggregation, and the characteristic
shape of the scattergram.

All the data pairs fall within a space defined by a triangle.  This is
illustrated using the level 5 aggregation as indicated in Figure 9 (an expanded
version of 8a). The vertices of the triangle (labeled Points B, C, and D)
correspond to the assumed pure spectra of the full shadow (reflectance = 0.0), full
- canopy, and pure soil, respectively, as indicated in Table 1. }

Since pixels located within the triangle are linear mixtures of the three cover
types, the exact percentage of any cover type can be determined on the basis of its
location in the scattergram.

For instance, the percent covers for an arbitrary pixel A shown on Figure 9
can be determined graphically as follows. First, lines EF and GH are drawn
through pixel A parallel to CD and BD, respectively. It is then noted that line
EF is located about one-third of the distance between the line CD and point B.
That indicates that pixel A contains 33 percent shadow. Line GH is situated
about one—fourth the distance between the line BD and point C, indicating that
pixel A has 25 percent vegetation cover. The remaining cover, 42 percent, is bare
soil, which can be checked on the basis of pixel A's location between line BC and

point D.
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The above determination of the three cover types is simply a graphical
illustration of an analytical solution applicable within the limits of the Case IV
assumptions. It can be applied to any level of aggregation. The solution could
also be achieved algebraically using equation (13) for both wavelengths (two
equations) and equation (8).

" The Case IV scattergrams also reveal an important relation between shadow
length scale and pixel size. For instance, at the level 5 aggregation, since the
length scale of the shadow is :about the same or greater than the pixel scale, there
are numerous instances when the shadow of a tree in one pixel falls onto an
adjacent pixel. The three components of the pixel (vegetation, shadowed soil and
illuminated soil) are then independent of each other in a majority of cases. As a
result, pixels can occupy almost any space within the limits of the triangular
scattergram given a large enough sample size.

However, as the level of aggregation increases, the length scale of the shadows
becomes much smaller than the size of the pixel. As a result, shadows associated
with a given tree fall increasingly within the same pixel and the amount of ground
shadow becomes uniquely related to the amount of vegetation cover.

Mathematically, that dependence among the three cover variables is expressed
85 = gg(m) (14)
g = g(m) =1-m-g(m) (15)
and equation (15) becomes
R(A, m, g, g) = R\, m, g(m), g/(m)] (16)
A major consequence of the above relations is that it reduces the feasible

region in the scattergram. Even at the level 5 aggregation (Figure 8a), that effect

is manifested as a slight indentation in the upper right hand side of the triangular
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scattergram. At higher levels of aggregation, Equation (16) implies that there is
only one position in the scattergram associated with a given canopy cover. As a
result, one should expect the triangular scattergram observed at the level 5
aggregation to collapse to a single curved line when the shadow length scale
becomes small relative to the pixel size. That is indeed shown to be true in a
progreésive manner 'by examining the sequential shapes of the scattergrams in
Figure 8b (level 10 aggregation) and Figure 8c (level 30 aggregation).

Since shadow length scale is inherently a function of canopy height and
geometry, solar angle, and ground slope, understanding its effect on visible-infrared

scattergfams is vital to the interpretation of multispectral scenes.

E.  CASE V - SHADOWED SOIL BACKGROUND, VARIABLE SOIL
REFLECTANCE
Case V is a more realistic version of the shadow model in which soil
reflectance is assumed normally distributed as in Case II. The governing equation

for an individual pixel is

= mR_, (

) + gy () + &Ry () (17)

8s

The resulting scattergrams for the different levels of aggrégation are shown in
Figure 10.

The scattergrams of the Case V simulation represent a combination of the
effects illustrated in Case II (constant vegetation reflectance, variable soil

reflectance) and Case IV (shadow effects).
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For instance, the scattergram of the level 5 aggregation, Figure 10a, exhibits
a triangular shape overall, but with a pronounced indentation in the upper right
portion due to the shadow effects. It can be regarded as a superposition of many
triangular scattergrams, each for a homogeneous soil (constant background'
reflectance), similar to that of Case IV, level 5 aggregation (Figure 9). That is
illustrated. in Figure 11 (expanded version of 10a). Those triangles share two
common vertices at 1) the point of pure shadow reflectance (point B), and 2) the
point of pure vegetation reflectance (point C). The third vertex (labeled Dy, Do,
D3, ... etc.) is unique for each triangle, representing the reflectivity of a particular
soil which is homogenedus at that aggregation. The collection of all vertices, D,
constitutes the true soil line.

In the particular example shown, the true soil line has an intercept greater
than zero, and is thus situated slightly inside the boundaries of the overall
scattergram, as indicated in Figure 11. It is also possible, however, that the
shadowed soil reflectance lies above the soil line. Only in such cases will the
bottom of the scattergram accurately represent the true soil line.

An important consequence of the level 5 aggregation is that pixels containing
different mixtures of vegetation, shadow, and variable soil can occupy the same
location in the scattergram. As a result, the percent cover of individual pixels can
not be determined explicitly as shown in previous examples.

The scattergrams of the levels 10 and 30 aggregation are shown in Figures
10b and 10c, respectively. As in Case IV, because of the unique relation between
shadow and vegetation cover at this scale, the scattergrams collapse progressively to
the shape of a "tasseled cap" [1]. At the level 30 aggregation, the scattergram
consists of a series of juxtaposed curved lines, each line possessing constant average

soil reflectivity (similar to Case IV, level 30 aggregation, Figure 8c), extending
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from individual points on the true soil line to the tip of the tasseled cap. That is
illustrated in Figure 12 (expanded version of 10c).

Unlike the level 5 aggregation, percent cover can be estimated for Case V,
level 30 aggregation, in a manner similar to Cases II and IV. Percent cover is

proportional to the distance between the soil line and the tip of the tasseled cap.

VI. SUMMARY

In many semivegetated regions, important spatial fluctuations in vegetation
and soil reflectance can occur at scales much smaller than the pixel scale of current
satellite multispectral sensors. At the same time, regional variations can occur due
to geoclimatic factors. This report has demonstrated a flexible, physically—based
approach for characterizing both subpixel and regional spatial variability through
the development of a stochastic geometric canopy reflectance model.

A principal feature of the model is the inclusion of randomness and spatial
correlation in both the percent cover and reflectance terms. It is argued that
many plant and soil parameters which contribute to scene reflectance variability
can be absorbed into a few major variables. As a result, the model is amenable to
the investigation of the spatial variability of real scenes which are too complex to
study in a completely deterministic manner.

Although several applications of the canopy reflectance model are envisioned,
this report has focused on understanding the physical basis of the shape of
multidimensional scattergrams. In particular, the role that percent vegetation
cover, shadows (cast by vegetation on soil), and soil and vegetation reflectance play
in the evolution of the typical triangular shape of visible-infrared scattergrams of

vegetated scenes has been demonstrated.



Several characteristics of semivegetated landsurfaces lead to triangular
svcattergrams, although perhaps the most important condition is the existence of
vegetation of constant reflectivity and variable amount, without shadows, on a soil
background of variable reflectance (Case II). The triangular shape is observed at
all levels of aggregation, although the length of the soil line decreases with
increasing aggregation, in accordance yvith its covariance structure.  Percent
vegetation cover of a given pixel is proportional to its distance from the soil line.

For scenes characterized by shadows and constant reflectivities (Case IV), a
different triangular scattergram than above can occur when the length scale of the
shadow is about the same as or greater than the pixel size. Under those
circumstances, shadows cast by vegetation of a given pixel are apt to fall on
adjacent pixels. However, scattergrams formed in this manner should collapse to a
single curved line at higher aggregations.

For scenes characterized by constant vegetation reflectance, variable cover,
shadows, and variable soil background reflectance (Case V), a triangular
scattergram exists at all levels of aggregation. However, it collapses progressively
to a classic "tasseled cap'" as the pixel scale becomes greater than the shadow
length.

Although only relatively simple scenes have been investigated, they illustrate
the utility of the model for examining important elements of the scattergram. The
model can easily be extended to include other factors, including, for example,
variations in leaf area, plant‘ geometry, and the effect of shadows cast on
vegetation. The effect of alternative spatial distributions can also be easily
investigated.

A potential application of the model is the solution to the inverse problem,

the estimation of subpixel variability of real satellite derived scenes.



Two features make that possible. First, the joint analysis of multispectral bands,
as illustrated with the scattergrams, provides additional physically-based equations
without necessarily adding new unknowns. Second, the analysis requires only one
(cloud—free) scene, thereby avoiding the cumbersome task of registering several
'. multiview scenés required by some inversion techniques. This research application

is currently under way and will be summarized in a subsequent report.
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Vegetation Reflectance Parameters 1/

Visible Infrared Covariance
Case Mean S.Dev. Mean S.Dev. Structure
I 0.15 0.00 0.40 0.00 none
I1 0.15 0.00 0.40 0.00 none
III  0.15 0.02  0.40 0.04  exponential
b=10m
Iv 0.15 0.00 0.40 0.00 none
v 0.15 0.00 0.40 0.00 none

Table 1

Sunmary
Input Parameters of Simulated Scenes

Soil Reflectance Parameters

Visible Infrared Spatial Covariance .
Mean S.Dev. Mean S.Dev Distribn. Structure Shadow
0.20 0.00 0.25 0.00 uniform none No
0.15 0.023 0.20 0.023 normal exponential No

) ) b=20m
0.15 0.023 0.20 0.023 normal exponential No

b=20m
0.20 0.00 0.25 0.000 uniform none Yes 2/
0.15 0.023  0.20 0.023 normal exponential Yes %/
b=20m

1/Trees distributed according to a Poisson process with variable rate; tree height assumed to be 5 meters.

2/Solar angle assumed to be 30 degrees.
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