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Modelling Directional Variance and Variograms
Using Geo Optical Models

David L-B- Jupp
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Abstract The image BRDF of forests and woodlands is a statistical function which operates at the scale of an average patch
of cover rather than at the scale of crowns- Studies of the image Hotspot effect using aerial photography and high spatial reso-
lution scanner data shows very high variance at this detailed scale- In addition, the directional effects of the sun and observer
positions interact significantly to create an angular anisotropic variation which persists up to aggregated scales- This has heen
called the BRVF or Bidirectional Reflectance Variance Function: There has been a recent growing interest in the directional
variance or variogram structure of high resolution images as a means to interpret structure and such data have become regular-
ly flown- This work is an extension of the use of image variance to interpret structure as pioneered by Strahler and Li and ex -
plored by various authors over the last 15 years. Directional variograms and BRVF functions for forests at the crown scale can
be computed using approximations to the overlap functions driving these second order statistics and compared with numerically
integrated simulations- It has been shown that the scaling of BRVF and the anisotropy introduces into the variogram can be
accurately modelled -
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or predicted -
1 INTRODUCTION The work described uses a set of models (called
Geometrical Optical, or GO models) for the changes

High local spatial variance and large, anisotropic observed in scene reflectance as the view and sun di-

change in recorded radiance with changing sun posi-
tion and sensor view angle are characteristic of images
of woodlands and open forest areas- In these ecosys-
tems, the canopy is discontinuous, or 7gappy ", and
the local spatial and view angle variation in images is
created by a number of ecologically significant fac-
tors- These include interactions between the discrete
nature of the canopy, the high natural spatial varia-
tion in canopy structure and the visible shadowing ef -
fects as the sun and view positions vary- The work
reported here addresses how this variation can be
modelled

canopies- Structural effects are often dominant in the

to estimate structure in some simple

evolution of vegetation cover and the structural pa-

rameters (for example; tree and shrub crown sizes
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well as grass cover patchiness) must be known if the

evolution of the system is to be effectively monitored

rection change- In the form used here, these were
1-1'), Strahler and Jupp[z] and

Li and Strahler’. A summary of the implications

outlined by Jupp et a

they have for the study of canopy structure is present -
ed by Jupp and Walker!'). These resulting scene
brightnessy variations so modelled are expressed in
the Bidirectional Reflectance Distribution Function
(BRDF ). The opportunity these models provide for
structural measurement is that the BRDF and the
scene hotspot function (which is one component of
the BRDF) contain significant information relating to
canopy structure and scales up in a way that makes it
equally useful for measurements from aircraft'’! and

satellite!”] platforms-
Geometrically based BRDF and hotspot effects

tion. various approximate and empirical hotspot func-

tions have been developed by Kuusk!"), Gerstl et
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al-'""), and Nilson and Kuusk!''!. Explicit geometri-
cally based models for the hotspot effect for tree
crowns were presented by Nilson!"], Jupp et al- (]
and Strahler and Jupp[lg]- The use of explicit geo-
metric optics for leal canopies was outlined by Jupp
and Strahler!”) and extended to include leaf shape and
stem effects by Qin[M] and others as well summarised

and evaluated by Qin and Goel!"™) and Qin et al- (1]

The benefit of the geometric approach is illus-
trated in the development of relationships between the
hotspot size and shape and scalefree ratios such as
crown width to height and diameter to depth in the
case of trees and leaf diameter to height and leaf
length to width in the case of canopies- These struc-
tural ratios define the hotspot component of the
BRDF even when the pixel size is very large relative
to the sizes of crowns and leaves- Geometrical models
have also been used to investigate the way image vari~
ance and covariance change as scale changes and how
much information the covariance data from the image
provides about the vegetation structure in the under-
lying scene being imaged- This work uses the tools
relating scene and image models and scale described
by Jupp et al- (7181 Jupp and Woodcock- The
change in variance with view has been observed em~-
pirically; but the work described here provides an a-
bility to model this ‘BRVF ~ (Bidirectional Re-
flectance Variance Function) and assess its value for
determining the land surface structure-

The changing mean and variance effects which
arise when the same scene is viewed from different di-
rections and with different sun positions lead to a sig-
nificant image ‘brightness " and texture variation is
sue in remote sensing- The images concerned arise
from aerial photography: airborne scanners and video
systems and will derive from the newer satellite borne
sensors such as those of EOS. The changing means
and variance/texture must either be incorporated into
new methods of image analysis or (at least) taken in-
to account before traditional image processing is ap-
plied to (mosaics of ) images with widely varying look

and sun angle combinations -

2  GEOMETRICAL OPTICAL SCENE
MODELS FOR FORESTS AND WOOD-
LANDS

In the Geometrical Optical (GO ) model for
forests and woodlands!'”"*"!, there are four kinds of
ground cover ‘visible ' from a given direction- These
are referred to as scene components and consist of
sunlit canopy (symbol C). shaded canopy ( T), sun-
lit background ( G ), and shaded background (7).
Each component is assumed to have a characteristic
radiance and the radiance of a pixel is modelled as the
area weighted combination (or linear mixture) of the
characteristic component radiances- That is, the ob-
served radiance of a single pixel (r,) is modelled as:

re = kcRct krRe T keRe 1 kzRz
where ¢, T, G, and Z indicate the radiances of the
four components as named above, Rx represents the
(mean) radiance of component ‘x  and k indicates
the sensed proportion of each component within the
pixel from the given view direction. Since there are
only the four components
ket kr ket k=1

The mean radiance over the scene ( R;), assum~-
ing the view and sun directions are constant, can be
written as;

R, = KcRe¢ T KRy 1+ KoRo + K2Rz
where; capital K, represents the mean or expected
value of the varying proportions k, over the scene-
This mean value, as a function of sun and observer
position, defines the BRDF of the scene-

In order for the scene BRDF model to be com-
puted. a description of the size and shapes of the ob-
jects; their density and how they are distributed over
the background is needed and the geometrical rela-
tionships between the objects and the four compo-
nents must be established- Jupp et al- ), Jupp and
Strahler”) and Li and Strahler'*! describe such a mod-
el for spheroids which is valid for any view (subscript
v ) or illumination (subscript i) angles using the

(1. 1 the Boolean model,

‘Boolean.” model of Serra
the object centres  are assumed to be randomly dis-

tributed in a Poisson  distribution with density A-
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By defining the geometry and the distributions, ex-
pressions for the K, may be derived- In general[z],
the proportions have the following relationships:

Ket Kp=1—¢ ™
and

Ko= efX(AiJrA,fom(el_,eﬁ,‘#p))

=, Mp
where A;is the projected shadow area of a crown (not
necessarily spheroidal) from the sun (ie illumination)
direction, A, is the projected ' shadow ’ (or ob-
scured) area from the sensor (ie, view ) direction and
O;, is the area of overlap between the projected
‘shadows " of the object on the background from the
two directions, which depends on the sun and view
zenith angles (Gi, 9,,) and the azimuthal difference
between them ( pr )-

The projected ‘ shadow overlap function 0,

(0., 0,, %) depends on the (unitless) ratios D/ h and
b/ D where h is the height of the trees and D is the

1,13 . ..
[155] a5 well as the illumination and

crown diameter
view directions- The quantity Ar is the composite
area of the object formed by the union of the sun and
observer ‘shadow ' areas (see Fig- 1) and the scene
behaves like a Boolean model with this composite pri-
mary ‘grain g

Fig- 1 Overlap function driving BRDF of forest canopy

In the woodlands and open forest areas typical of
the area df- Australiad/ wihere the \nibdell st udies are bec

ing made and in appropriate spectral bands, the pixel

to pixel behaviour of the image is quite well described
by a simpler form of the model in which the shaded
background: sunlit (but still relatively dark) tree and
shaded tree components are combined into one so
that .
re = Ryt ke(Rc — Rx)

where X is a composite component combining sunlit
and shaded tree and shaded background- This simpler
model has the advantage for this discussion that it
shows how , in many woodland areas, the image pixel
to pixel variation is driven primarily by the variation
in the proportion of sunlit background which is visible
in the pixels and the contrast between this sunlit
background and the other components- It also pro-
vides a simple estimate for k¢ from images where R
and Ry are known for an appropriate image channel
as;

L R Ry
“  Rs— Ry

For such a model: the mean radiance (ie BRDF)
over all pixels in a patch with the same basic underly -
ing type of cover and structure is therefore

E(ry) = R, = Rx T (R¢— Rx) K¢
where K¢ is the mean value of kg, or the expected
proportion of visible sunlit background- Moreover,
the variance of the pixel radiance is:.
var(r,) = (R¢ — Rx)"var(ke)

from which it is clear that variance of a scene, for
which this simplified form of the model is appropri-
ate is defined by that of k¢ and the contrast between
the sunlit background and the composite of tree and
shadow -

In the simplified model, the viewed scene con-
sists of objects made up of a composite of projected
tree plus shadow silhouettes scattered over a sunlit
background - The sensor integrates the radiance over a
pixel so the model for the resulting image is one of
objects on a contrasting background regularised by the
integration into pixels- Such models may be handled
by the tools described in Jupp et al- (7151 from which
expressions for the way var(kg) changes with pixel
size can be derived- ,In general, the expressions are
quite complex and must be computed numerically -

General expressions for the variance have also been
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used to invert structure through the Li Strahler

modell1:20:221

3 INVESTIGATING CANOPY VARIANCE
& COVARIANCE

The pixel data change significantly with view
position and the variance (also the spatial covariance)
changes with both view angle and pixel size- Even an
(apparently ) uniform area of forest cover will there-
fore create significant variation in both brightness and
texture in airborne scanner data- The variation in the
mean is effectively what has been termed the ‘BRDF ’
(or Bidirectional Reflectance Distribution Function)
and our work suggests that attention should also be
given to the ‘BRVF ~ or Bidirectional Reflectance
Variance Function for situations where multiangle

viewing is possible- The variance and variogram are

also dependent on pixel size and; since their expres-
sions are rather complicated, must generally be com-
puted numerically -

In experiments discussed by Jupp and Wood-
cock!™, low level aerial photography was used to in-
vestigate the BRDF of a woodland area in Australia at
high spatial resolution- It was clear from this experi-
ment that the spatial variance was extremely high- By
compositing frames of photography it was possible to
extract a stable mean BRDF and show it could be
modelled adequately by the simple model described
above.- However; the number of frame that would be
need for the variance to become low was found to be
quite large- In other more recent work, Pickup and
et al- " have had to stack up to 30 video frames for
the BRDF related frame brightness variation to sta-
bilise- In that case, the objective was to ‘normalise
the run of video frames and remove the frame bright -

ness-
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Fig-2 Fig- 1 BRDF (for SWIR) along the Principal Plane and 90 degrees to Principal Plane modelled data

compared to DAT M scanner data

As an alternative method of investigating BRDF
where the averaging could ‘be made very high: "a

Daedalus scanner was flown over the same forest in -

The data were flown at three altitudes to obtain
nominal pixel sizes of 2.9 metres: © metres and’ 10

metres- In the case of the 2.5 and 5 metres cases:
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runs were made at right angles so that the scanner
was scanning into and at 90° to the Principal Plane-
By averaging long runs of lines where the scanner
flew over relatively homogeneous land covers, the
mean BRDF and the residual BRVF could be ob-
tained- Fig- 2 shows the fit to the BRDF obtained by
averaging more than 1000 lines for the © metre data-
Fig- 3 shows the standard deviations for the flights-
Clearly. as the pixel size increases (aircraft altitude

increases) the variance decreases-
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Fig- 3 Angular variation of standard deviation for daedalus

data from goonoo

To model the variance and its scaling properties
we can use the work reported by Jupp et al- (17, 15]
with the geometric Boolean model derived above in
the simple case- That is, the probability of hitting a
sunlit patch in the simple model is:
K, = ¢ r
and the point covariance and variogram can be written

as:
cov(h) = Kz(;(emk(h) — 1)

Y(h) = Ku(1/ K¢ — eﬁ*(h’)

where h is a vector and 0" (h) is the area of overlap
between the composite union of projected tree
“shadow " from the view and sun directions and itself
(7151 \hich is il-

lustrated in Fig- 4. When there is no averaging into

shifted by Serral”] Jupp .et ol -

pixels, the variance (the point variance) has the sim-

ple form .

Fig- 4 Overlap function driving scale variance of a forest

When the data are averaged into pixels, the
work outlined in Jupp et al- (7151 which is based on
the ideas of reqularisation described in Serral”') allows

us to write:

Y,(h) = 64— Hy * Covs(h)
G2Z = Hz* Covs(0)

where Z represents the pixel area, Hj is the pixel

overlap function and
Hz* Covs(h) = JR"HZ( R+ p)Cov(p)dp

In order to approximate the variation observed in
Fig- 3. it might seem to be possible to approximate
the composite area by a disk with the same area and
the same mass centre- If this is done; and the view
and observer directions are (at least locally ) constant
the variance may be approximated by the simple ex~
pressions for the disk model given by Jupp et al- (181,

If this is done, the expected variances at the different
positions in the image and different view and sun an-
gles are shown in Fig- 5. It is clear that the variation
and scaling found in Fig- 3 is being well explained - It
is also interesting how for the cover being modelled in
this area (40%) that the variance is high in the
vicinity of the hotspot at the finest pixel scale but be-
comes much lower than its neighbourhood when the
pixel size reaches 10 metres. this effect can be seen in

the images as well as in comparisons of the low and

high altitude aerial photography taken previously -
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Fig- 5  Modelled scaled angular variance of daedalus data for

nominal pixel sizes

However; this approximation is obviously defi-
cient if for no other reason that it does not describe
the anisotropy clearly visible in images of trees with
their strongly directionally cast shadows: To model
the full directional and anisotropic effect it is neces™
sary to compute the complex overlap function- This
may be done but some of the final expression must
computed numerically- The result for the point co-
variance of trees with cover and structure chosen to be
similar to that described by Woodcock et al- (%3] s
shown in Fig- 6. Comparing Fig- 6 with the direc-

tional variograms by Woodcock et al- [**1 shows how

Fig- 6 Modelled anisotropic multi-directional variogram for

Forpst)dsta

the anisotropy can be well captured by the model-
There has been some recent interest in empirical di-
rectional variograms in forest studies using low level

[25] . In

scanner data outlined by St-Onge and Cavayas
that study the directional variogram was modelled
empirically - This paper has illustrated the underlying
geometric model on which the anisotropy is based. It
is clearly a strong indicator of structure- How it scales

will be discussed in future work-

4 CONCLUSIONS

Using angular variations (the BRDF and BRVF)
derived from multi-sun and observer angle sensing of
the earth offers the possibility of monitoring struc-
tural changes at a finer grain than image resolution
within broad mosaics of different covers- Data of this
type are currently available from aerial photography
and airborne scanners (such as the DATM, CASI,
airborne Video systems and ASAS)- The results ob-
tained to date are also useful for interpreting AVHRR
data- In the future, MISR and POLDER on the EOS
platform will enable multiangular space data to be
analysed- In particular, the hotspot model, with its
scaling propertiess offers a new opportunity to moni-
tor land surface structure from space. Unlike much
currently operational image processing, however, its
complete exploitation depends on achieving a balance
between empirical study and physical modelling-

Models for the resulting primary statistics of
Bidirectional ~Reflectance Distribution
Function (BRDF ). the Bidirectional Reflectance

Variance Function (BRVF') and the anisotropic direc-

imagesthe

tional variogram have been tested using low altitude:
wide angle photography and airborne scanner data
from an Australian open forest area- The conclusion is
that the models can explain the angular variation at a
variety of scales- This variation and the (anisotropic)
variation in radiance in remotely sensed images and its
spatial variance and scaling effects. which are created
by the combination of land surface structure, the sun
position and view angle, . provide a significant oppor-
tunity for detecting temporal changes in woodland and

open forest cover and structure- The BRDF models



100 JOURNAL OF REMOTE SENSING

Vol 1

have been considerably simplified recently through the
‘kernel " models outlined by Wanner and Strahler!™
and are providing practical tools for balancing mosaics
of airborne scanner and video data- However; the dif-
ferent textures which accompany the changes in scene
‘brightness " also need parallel work and simplifica-

tion-
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