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ABSTRACT

Traditional approaches to hyperspectral target detection involve the application of detection algorithms to atmo-
spherically compensated imagery. Rather than compensate the imagery, a more recent approach uses physical
models to generate radiance signature spaces. The signature space is actually a representation of what the target
might look like to the sensor as the reflectance propagates through the atmosphere. The model takes into account
atmospherics, illumination conditions and target reflectivity. It is well known that the directional characteristics
of reflectance vary considerably fromspecular to ideally diffuse (i.e., Lambertian). The current physical models
assume the world is Lambertian. However, the reflectance properties are a function of wavelength, illumination
angle, and viewing angle. The bidirectional reflectance distribution function (BRDF), which is actually a scat-
tering function analogous to the angular scattering coefficient, describes the bidirectional reflectance values of all
combinations of input-output angles and wavelength. This paper examines the impact of using the Lambertian
assumption as it relates to physics bases material detection.

The bidirectional reflectance studied is parameterized, based on laboratory measurements, using the Beard-
Maxwell model. This parameterized reflectance is then coupled to the physics-based sensor-reaching radiance
model to generate signature spaces. The signature spaces, along with hyperspectral imagery, are used in a target
detection scheme where results are assessed through visual analysis.

Keywords: Physics based modeling, Target detection, Hyperspectral imaging, BRDF, BRDF modeling, Invari-
ant subspace

1. INTRODUCTION

Classical material detection involves the use of atmospheric compensation routines to provide estimates of ground
leaving reflectance. It is here in this domain that measured target reflectance’s are used in signature matching
schemes. Using an alternative physics based approach, one models the sensor reaching radiance given a target
reflectance. Typically, the reflectance signature is one that is assumed to be Lambertian. However, many real
man-made materials are not Lambertian. This paper addresses the ramifications of using a typical reflectance
spectrum, assumed to be Lambertian, in an application such as target detection.

2. BACKGROUND AND THEORY

2.1 Reflectance Bidirectional Reflectance Distribution Functions (BRDF)

Reflectance is defined to be the ratio of incident energy to that reflected and can be described spectrally or
as an integrated scalar. These reflectance quantities are actually referred to as unitless total reflectance values
and fail to provide one with any information about the directional distribution of the reflected flux. Formally,
reflectance can only properly be defined through the quantity called the bidirectional reflectance distribution
function (BRDF) which does provide information about directional nature of the reflected flux. The BRDF
provides the reflectance of a material as a function of illumination and viewing geometry and is wavelength
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Figure 1. Geometry of the terms used to describe the bidirectional reflectance distribution function.

dependent. It is formally defined as the ratio of the reflected radiance to the incident irradiance and has units
of [1/sr] (see Figure 1). Mathematically this can be expressed as

fBRDF (θi, φi, θr, φr, λ) =
L(θr, φr)
E(θi, φi)

[sr−1] (1)

The nature of the BRDF for a specific material is determined by the structural and optical properties of
the material. It is actually a scattering function analogous to the angular scattering coefficient used to describe
atmospheric scattering. If we wish to know what the total diffuse hemispherical reflectance (DHR) is for a
particular surface, we simply integrate of the hemisphere above the surface. That is

DHR(θi, φi, λ) =
∫

Ω

fBRDF (θi, φi, θr, φr, λ)dΩ (2)

In general, if a material does not have any directional dependence, it is called Lambertian. That is, there is
no directional character to its reflectance and will be perceived to have the same brightness at all viewing angles.
Therefore, for a Lambertian surface we have DHR(θi, φi, λ) = DHR(λ) and fBRDF (θi, φi, θr, φr, λ) = fBRDF (λ)
(i.e., the BRDF is constant), which leads to

DHR(λ) =
∫

Ω

fBRDF (θi, φi, θr, φr, λ)dΩ

=

2π∫
φ=0

π/2∫
θ=0

fBRDF (λ) cos θr sin θrdθrdφr

= fBRDF (λ) [sr−1] π[sr] (3)

That is, the DHR is related to the BRDF by a factor of π [sr], for a Lambertian surface. What does this mean
in terms of radiance? From Eq. (1), we can write

L(θr, φr, λ) = E(θi, φi, λ) fBRDF (θi, φi, θr, φr, λ) [Wm−2sr−1] (4)

For a Lambertian surface we have L(θr, φr, λ) = L(λ) and E(θi, φi, λ) = E(λ), therefore

L(λ) = E(λ) fBRDF (λ) [Wm−2sr−1]

= E(λ)
DHR(λ)

π [sr]
[Wm−2sr−1] (5)
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In general, there are many materials which exhibit non-Lambertian reflectance behavior. Many man-made
materials appear glossy and exhibit a strong reflectance value in the specular direction (view direction has
the same zenith as the incident angle, but are rotated 180 degrees apart in azimuth). Many naturally occuring
materials (such as grass and soil) exhibit a strong reflectance value in the backscattering geometry (view direction
has the same zenith and azimuth as the incident direction). These cases require a non-constant BRDF value to
accurately predict how the materials will appear in a remotely sensed scene.

2.2 Beard-Maxwell BRDF Model

Empirically measuring the BRDF for a material can be quite challenging employing many measurements as a
function of illumination angle, reflectance angle, and wavelength. Another means of generating data is through
BRDF models, which use physics-based principles to derive the directional reflectance. The model used in this
research to predict the in-plane BRDF is that originally developed by Beard and Maxwell1 and expressed, in
simplified form as

fBRDF (θi, φi, θr, φr) =
RF (β)fZBS(θN ) cos2 θN

RF (0) cos θi cos θr

1 + θN

Ω e−2β/τ

1 + θN

Ω

+ ρD +
2ρv

cos θi + cos θr
(6)

Major terms are described here while model specifics can be found in the original literature.1 RF is the Fresnel
reflectance, fZBS(θN ) is the BRDF from a zero angle bistatic scan (ZBS) which captures the relative roughness
or smoothness of the surface texture, θN is an angle that defines the facet normal, θi is the incident illumination
angle, θr is the reflecting angle, τ and Ω are free parameters that described shadowing and obscuration, and ρD

and ρv describes the Lambertian and non-Lambertian volume components of scatter.

2.3 Reflectance, Physics Based Modeling (PBM) and Material Detection

In material detection for example, we often seek to atmospherically compensate hyperspectral imagery so as to
convert sensor reaching radiance to ground leaving spectral reflectance. Once the imagery has been compensated,
detection algorithms are used to compare image reflectances to library or measured reflectances in search of a
desired target. Rather than compensate the imagery, an alternative is to estimate what the ground leaving
spectral reflectance would look like as seen by the sensor in radiance space.2 This approach entails modeling the
propagation of a reflectance spectrum through the atmosphere up to the sensor.

The advantage this technique has over that of compensated imagery is that target illumination variations,
for example, can be integrated into the process through use of a physical model thus making the approach
invariant to illuminations effects. Since we are using a model, we can potentially incorporate any variation in
the reflectance signature such as contamination or adjacency effects. If one wishes to implement variations on
an atmospheric parameter, for example, using the compensation approach, we would need to generate multiple
reflectance hypercubes. However, any variation of a sensor-reaching radiance spectrum, using a physical model,
simply manifests itself as multiple spectra in a signature or target space.

The physics-based model that has been used for this approach is one derived by Schott.3 In simplest form,
the spectral radiance reaching an airborne or satellite sensor can be expressed as

Lp(λ) =
∫
λ

βp(λ)
[(

E′s(λ)τ1(λ) cos θ + FEd(λ)
)
τ2(λ)

r(λ)
π

+ Lu(λ)
]
dλ (7)

where Lp(λ) is the effective spectral radiance in the pth band in units of [Wcm−2sr−1μm−1], E′s(λ) is the
exoatmospheric spectral irradiance from the Sun in units of [Wcm−2μm−1], τ1(λ) is the transmission through
the atmosphere along the Sun-target path, θ is the angle from the surface normal to the Sun, F is the fraction
of the spectral irradiance from the sky (Ed(λ)), incident on the target (i.e., not blocked by adjacent objects),
sometimes called shape factor, τ2(λ) is the transmission along the target-sensor path, r(λ) is the sometimes
called the spectral reflectance factor of the target and is analogous to the DHR. Here, r(λ)/π is the Lambertian
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BRDF in units of [sr−1], Lu(λ) is the spectral path radiance [Wcm−2sr−1μm−1], and βp(λ) is the normalized
spectral response of the pth spectral channel of the sensor under study where

βp(λ) =
β′p(λ)∫
β′p(λ) dλ

(8)

with β′p(λ) being the peak normalized spectral response of the pth channel. We can then use a radiative transfer
code such as MODTRAN4 to solve for each of the radiometric terms in Eq. (7) (i.e., E′s(λ), τ1(λ), τ2(λ), Ed(λ),
and Lu(λ)) given a set of atmospheric and illumination descriptors. Once the terms are solved for, the spectral
radiance signature or target vector x observed by a p-channel sensor can be expressed as

x = [L1(λ), L2(λ), . . . , Lp(λ)]T . (9)

When examining Eq. (7), we notice that the BRDF function used in the governing equation assumes a
Lambertian surface, as previously described in Eq. (5). In this study we will analyze the impact of using such
an assumption when applied to an application such as physics-based material detection.

2.4 Target Spaces

A PDSS can be used in any application where an estimate of a sensor-reaching radiance signature is required. For
instance, PDSS’s have been used for gas detection5 and for man-made target detection.6 The research presented
in this study demonstrates the PDSS approach for the latter application, showing the use of signature spaces
(target spaces) for hyperspectral target detection

The model of Eq. (7) generates a single estimate of the target, as seen by the sensor. In practice, how-
ever, a family of radiance vectors is usually generated to account for lack of knowledge about the atmospheric,
illumination and viewing conditions. This is accomplished by varying the inputs to MODTRAN (and/or the
physical model) to span a range of variables or levels. In doing so, a range of potential target spectral vectors
spanning a target space can be generated from a single target reflectance spectrum. In general, many of the input
parameters to MODTRAN are usually known at the time of image acquisition or can be reasonably estimated
(e.g., atmospheric and aerosol model, day of year, location, time of day, etc.). For this approach, emphasis is
placed on varying MODTRAN parameters that are more likely to be unknown. These include visibility (V),
water vapor scale factor (WV) and ground topography (T) or what might be thought of as change in ground
elevation. In the case of water vapor scale factor, a physics based atmospheric compensation algorithm can be
used to estimate per pixel total column water vapor which can then be converted to an appropriate range of
scale factors. In addition to classical MODTRAN input parameters, terms such as shape factor (SF) and target
orientation are also varied. Additional deteals on this approach can be found in the literature.6–8

2.5 Simulation Environment

2.5.1 The DIRSIG Model

The Digital Imaging and Remote Sensing Image Generation (DIRSIG) model is a complex synthetic image
generation application which produces simulated imagery in the visible through thermal infrared regions.9 The
model is designed to produce broad-band, multi-spectral and hyperspectral imagery through the integration of
a suite of first principles based radiation propagation submodels. These submodels are responsible for tasks
ranging from the bi-directional reflectance distribution function (BRDF) predictions of a surface to the dynamic
scanning geometry of a line scanning imaging instrument. In addition to submodels that have been specifically
created for the DIRSIG model, several of these components (e.g. MODTRAN and FASCODE) are the modeling
workhorses for the multi- and hyperspectral community.
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2.5.2 Geometric Complexity and Spatial-Spectral Diversity

The DIRSIG model utilizes scenes that are constructed of facetized and functional surfaces. These surfaces are
attributed with real world material properties. A ray tracer is used to determine surfaces along paths within
the scene that contribute to radiance fluxes at specific points. In general, image simulation models are faced
with the challenge of modeling a potentially infinite number of optical elements in the scene that have unique
optical properties. The strategy used by the DIRSIG model begins with the assumption that a real world scene
contains a finite set of classes or endmembers that an image analyst or algorithm would use to describe the
scene. These will include common background materials such as asphalt, grass, soil, building materials, etc. in
addition to target specific materials. In some cases, this class list may be further subdivided into fresh versus
aged asphalt, healthy versus stress grass, etc. These classes arise from the grouping of regions within the image
or scene that have similar spatial and/or spectral characteristics. Within each of these materials or classes
exists some degree of variation which is commonly referred to as texture. The appearance of texture in observed
imagery results from spatial variations in reflectance (arising from inhomogeneities and natural variation within
the material), orientation, surface structure, shading or a combination there of. These spatial and spectral
patterns are characteristic of the material itself, and they introduce a degree of uncertainty to the analyst and
algorithm alike regarding the categorization of a given observation. For example, a region of healthy grass and
region of stressed grass may eventually meet within a larger region. That boundary must be defined by some
threshold that categorizes one location as “healthy” and another as “stressed” when in fact they may be almost
identical.

To simulate texture in targets, DIRSIG utilizes a large database of reflectance curves for a given material
(presumed to represent the variations from inhomogeneities)10 and a directional reflectance model to introduce
variances due to orientation and surface structure.11 To introduce spatial variations in spectral reflectance,
a texture image is assigned to the material class which represents the spatial variation in reflectance for a
specified wavelength region. During the rendering process, a mapping mechanism identifies a pixel in the texture
image that is then used to drive the selection of a spectral reflectance curve from a large database of spectral
measurements. This mapping technique uses a statistical mechanism that relates the variation in the texture
image to variations in the spectral database. The selected spectral reflectance curve is then mapped to the
geometric location and utilized in all the spectral computations involving that location.

2.5.3 Directional Reflectance and Illumination Loading

The reflected energy from a surface is a product of the the illumination loadings incident upon the surface and the
geometry specific reflectance factor for each one of those loadings. These geometry specific reflectance factors can
be described for real world materials by the bidirectional reflectance distribution function (BRDF). Many models
make assumptions that the radiance by a surface is simply the directly reflected solar energy. In some cases,
models will incorporate a diffuse term that uses a diffuse reflectance in conjunction with an estimate of the diffuse
illumination load. In many cases, this diffuse illumination will be based on a unobstructed sky assumption. In
reality, the diffuse illumination load includes indirect solar energy that is scattered onto the surface from nearby
objects and the sky. When a target of interest is in shade (the absence of direct solar illumination), the indirect
solar load is the major illumination source. When this illumination is scattered by the sky, clouds or trees we
refer to this illumination as “sky shine”, “cloud shine” and “tree shine”, respectively. These illumination sources
have been given special names because the hyperspectral community has discovered that these sources “color”
the target of interest and make it harder to detect using traditional spectral detection methods.

The DIRSIG model attempts to incorporate many of these challenging mechanisms into the predicted signa-
tures by using a directional reflectance model and a background sampling method. In operation, the DIRSIG ray
tracer casts rays into the hemisphere above the target to predict both the direct and indirect illumination load
incident upon the target. For each of these rays, the incident irradiance is calculated, weighted by the geometry
specific reflectance factor and then added to the reflected radiance. This incident irradiance calculation incorpo-
rates the contribution from multiple scattered photons because the directly reflected energy from “background”
surfaces also is computed. For example, if one of the background rays hits a leaf, the sunlight scattered by the
leaf back toward the target will be computed. The same holds true for a cloud, building, etc. As a result of this
approach, the DIRSIG model has been used to demonstrate the influence of phenomenological effects including
tree shine on the reflected radiance spectrum of a target.
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Figure 2. Hyperspectral DIRSIG test scene with a series of six panel place out in an open field.

2.6 Test Scene and View Geometry
The hyperspectral test scene used for testing the impact of BRDF can be seen in Figure 2. The scene was
rendered with 210 spectral channel over a band pass from 0.4 to 2.5 microns. Gaussian distributed sensor noise
was added across both spatial dimensions and the spectral dimension of the synthetic data cube. The standard
deviation of the noise was 4× 10−5 [Wcm−2sr−1], which translates to an effective signal to noise ratio (SNR) of
200 for grass at 550nm. The scene was convolved down to 256 x 256 so as to include a variety of mixed pixels.
No additional optics, sensor, or platform motion MTF was applied to the data. The background is a grass-dirt
mix combined with a series of trees. As one can see, there are a series of panels placed out in an open field.
The panels are made of three distinct materials; glossy green painted metal, glossy tan painted metal and an 80
percent white Lambertian spectrum. Each material occurs in two instances, as a flat plate flush with the ground
and as a tilted plate rotated 25 degrees toward the observer. The labeling of all six panels can also be seen in
2. The tipped panel can be differentiated from the flat panels by the fact that there exists a shadow behind the
tipped panels. However, it is also noticed that a shadow exists behind the non-tipped tan panel. In fact, this
shadow is really due to the fact that this particular panel was not placed flush to the ground but rather elevated
a few feet. Thus this shadow may lead one to think the panel is tipped when in fact it is not.

The actual geometry, relative to illumination angle, observation angle, and BRDF, can be seen in Figure 3.
From this diagram we can first see the view geometry for the flat panel rotated zero degrees. The illumination
angle of the sun was placed at a zenith of 60 degrees relative to the ground normal. Thus the direct exiting
angle would also be 60 degrees. The BRDF associated with 550 nm light can also be seen in the figure. Here the
“distance” from the surface, as a function of angle, is representative of the magnitude in flux energy one would
see if viewing the surface from that angle. In Figure 3(a), we see a very large amount of energy being reflected
in the specular direction, as noted by the magnitude of the BRDF function in that direction. However, at the
viewing angle shown (i.e., nadir) we note that the observer will not see this large amount of energy. What is
sceen is a much “dimmer” surface. Also plotted, in a relative sense, is what the BRDF would look like if the
surface were Lambertian instead of specular. This can be seen as the small hemisphere above the surface. In
this case, if the surface were Lambertian, it would actually appear a little brighter to the observer at nadir due
to the fact that so much energy is scattered in the specular direction due to the smooth shiny texture of the
metal surface in question.

The geometry for the tilted surface can be seen in Figure 3(b). Here the panel is tipped 25 degrees in the
direction of the sun. As a result the BRDF specular lobe (for 550 nm light) is brought closer to the observers line
of sight, which is still nadir. From the graphic, we can see that based on this geometry the observer is looking
just off center of the specular lobe, which is about 30 degrees wide and as a result will see a much brighter surface
than that seen in the non-rotated case. Again, an angular Lambertian distribution is plotted over the surface
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Figure 3. (a) View geometry and BRDF (for 550 nm light) for specular flat panel rotated zero degrees and (b) view
geometry and BRDF (for 555 nm light) for tilted specular panel rotated 25 degrees.

as well. In this case, unlike the non-rotated geometry, if the surface were Lambertian the observer (at nadir)
would see the panel as being much darker. That is, for the flat panel geometry the observer may not be able
to tell if the surface were diffuse (i.e., Lambertian) or shiny and specular, if two panels (one diffuse, one shiny)
were swaped back and forth. However, that is not the case for the tipped illumination / view geometry. Here,
the observer would certainly be able to tell which of two objects, for example, were diffuse or shiny.

2.7 Detection Algorithm

For this research, though many detection schemes were used, only the results from the adaptive coherence
estimator (ACE)12 will be shown. This algorithm takes on the form

T (x) =
xtΣ−1

b T (TT Σ−1
b T )T tΣ−1

b x

xtΣ−1
b x

(10)

where we have the inverse covariance of the background data as Σ−1
b . The matrix T , for this research was either

an in-scene radiance spectrum from the image or a mean vector from the target space.

2.8 DHR and BRDF Spectra

The spectra used for this study were that of a glossy green metal surface and that of a glossy tan metal surface.
The total measured spectral or directional hemispheric reflectance (DHR) can be seen in Figure 4(a). These
curves were obtained from the Nonconvential Exploitation Factors (NEF) Database.13 Also seen in Figure 4(b)
are the modeled BRDF’s for both paints. These curves are labeled such that those with notation “0” (i.e., dotted
lines) are representative of what the spectral BRDF from the surface would be given the illumination and view
geometry of Figure 3(a) (i.e., panel rotated “0” degrees). The other set of BRDF curves use the notation “25”
to illustrate what the spectral BRDF would be given the illumination and view geometry of Figure 3(b) (i.e.,
panel rotated “25” degrees).

Shown in Figure 5 are all the spectra for gloss green and gloss tan paints. In Figure 5(a) in addition to the
zero and 25 degree rotated BRDF cases, we additionally over-plotted the DHR curves converted to a Lambertian
BRDF (i.e., scaled by π). From this we can see that the BRDF model of the zero tilted case is almost the same
as the Lambertian DHR. The DHR is a little larger in magnitude due the previous explanation of Figure 3.
Figure 5(b) shows the spectra for the glossy tan paint.
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Figure 4. (a) Spectral plot of measured DHR curves for glossy green and tan materials and (b) BRDF curves for panel
rotations of zero and 25 degrees.
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Figure 5. BRDF plots for glossy green and tan painted materials. Illumination and view geometry are that illustrated in
Figure 3.

3. RESULTS

3.1 Examining BRDF Spectra

It is now evident that a material’s reflectance (really BRDF) changes as function of wavelength, illumination
and view angle, as was shown in Figure 4(b). From this Figure, we see that curves representative of the specular
direction are much larger in magnitude, as expected. This applies to both the green and tan materials. In
detection, the question then arises, is there any more or less separability in these two materials when they are
placed flat on the ground versus tiled in the manner previously explained. Clearly the magnitudes have changed
but what about the spectral similarity or lack there of? This was addressed by computing the spectral angle
between the green and tan vectors in both the tilted and non-tiled geometries. The angles can be seen in Table
1. We see that as the sensor enters the specular lobe, for example, the BRDF’s for the materials become more
similar. For the geometry presented, this is about a 63% difference, which is fairly significant. That is there is
less of a difference between the BRDF’s at specular angles. This would imply that the the ability to discriminate
between the two would diminish as we look more into the specular direction, thus leading to false alarms in an
application such as target detection.

From examining Figure 4(b), not only are the magnitudes of the BRDF’s larger for both materials, but they
show less spectral character of the material with an increase in magnitude at longer wavelengths. The reason
for this is the fact that the two materials will look less independent of each other (tend to look more “white”)
and more like the illuminate as we approach the specular direction. This is even more pronounced for very

Table 1. Computing spectral angle between green and tan paints
Geometry Spectral Angle (rad)

Angle Between Green 0 and Tan 0 0.1856
Angle Between Green 25 and Tan 25 0.0971
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Figure 6. (a) Detection of non-tilted and (b) tilted green glossy panel using in-scene spectra.

shiny surfaces, such as the limiting case of a mirror where all we see is the incident illuminate. The reasoning
behind the increase in BRDF at the longer wavelengths is because the material tends to look more specular.
Put another way, the amount of interaction (i.e., coherent scattering) is directionally proportional to the the
materials texture and roughness and the wavelength of light in question. Therefore, at shorter wavelengths, there
is plenty of interaction with the material. However, at longer wavelengths, the waves are too long to interact or
scatter with the material’s surface structure. Therefore, there is reduced scattering and more reflection, hence
the increase in the BRDF at the longer wavelengths.

3.2 Trends in Material Detection, as a Function of BRDF

The goal of this study is to see if BRDF effects impact material detection. Typically, when performing radiance
modeling, one obtains a spectral measurement of a materials reflectance. That is, the total reflectance or DHR.
This then gets converted to a Lambertian BRDF (i.e., scaled by π) and used to estimate the sensor reaching
radiance. Such a Lambertian BRDF curve for green (and tan) glossy paint was shown in Figure 5 where it
resembled the BRDF curve for the non-tilted panel geometry of Figure 3(a). Therefore, when the DHR curve
is used in the sensor reaching model, and we have the geometry of Figure 3(a), we should be able to detect
green objects that look fairly Lambertian. This theory was tested using the DIRSIG simulated scene previously
described. Figure 6 shows detection results using the ACE algorithm. In Figure 6(a), we first obtained an
in-scene radiance pixel from the non-rotated green panel. We then used the ACE algorithm to re-detect the
green flat panel. Though both green panels were attributed (in the DIRSIG scene) with the same DHR, their
magnitude in detection is not the same. The tilted green panel has lower detect scores as visible by the darker
color (relative to the non-tilted panel) in the detection image. These lower scores are due to the geometry and
thus the BRDF associated with the material.

Figure 6(b) shows the detection results when we select an in-scene radiance pixel from the green tilted panel.
This time we get just the opposite effect. That is, we find the green glossy panel as well as the green non-tipped
(semi-Lambertian looking) panel. However, we now see false alarms from the tipped tan panel. This is because,
as previously mentioned in Section 3.1, the two targets are now less discernable in the specular direction. They no
longer look like separate green and tan panels but rather converge to look like one another, or more specifically,
the illuminate (as the surface tends to become more specular). Even though the white panel is tipped, we do
not see false alarms from it for it is made of a white 80 percent reflecting Lambertian material. Therefore, these
false alarms are strictly due to the specular BRDF of the material.

Similar experiments were performed using the tan panel in place of the green panel. These results can be
seen in Figure 7. In Figure 7(a) we obtain an in-scene radiance pixel from the tan non-tipped panel and search
for all similar pixels using the ACE detection algorithm. As with the green panel, we locate the non-tipped panel
and the tipped tan panel, though to a lesser extent. Again, this is because the non-tipped panel, both spectrally
and in magnitude, no longer looks exactly like the the tipped panel. If we now obtain the radiance pixel of the
tipped tan panel and search for similar pixels using the ACE algorithm, we get those results seen in Figure 7(b).
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Figure 7. (a) Detection of non-tilted and (b) tilted tan glossy panel using in-scene spectra.

We find both specular tan pixels and non-tipped (Lambertian-like) tan pixels, though the latter is to a lesser
degree. Again, we have false alarms from the specular, tipped, green panel for the same reasons as mentioned
previously. Finally, we see additional false alarms from the white panel, more from the tipped panel than the
non-tipped one. This is probably due to the fact that tan is somewhat spectrally flat, as can be seen in Figure
4, and therefore more likely resembles the white panel.

3.3 Trends in Material Detection, as a Function of BRDF, Incorporating PBM

We now turn to the more general situation of material detection utilizing the physics based modeling (PBM)
approach, as described in Section 2.3. In the first experiment, a target space was created based on the DHR
of green glossy paint. The target space was modeled with atmospheric conditions that were inherently different
(18 to 20 km perceived horizontal visibility) than that used in the DIRSIG rendering (10 km). This added
additional variability between the rendering and the target space, since they both used the same atmospheric
propagation code to determine the radiation transfer. A mean vector from the target space was then calculated
and used in the ACE detection algorithm to find similar pixels in the imagery. Results for this experiment can
be seen in Figure 8(a). Here we see that using the green DHR in the model resulted in the detection of both
the non-tilted and tilted (i.e., specular) green panels with about equal detection scores. It is apparent that
introducing variability into the process, either in the form of varying the atmospherics in the target space and/or
the imagery (i.e., visibility = 10km) changed the spectral color of the radiance prediction such that specular
green looked the same as diffuse green, though further investigation is needed. When the 25 degree tilted BRDF
estimate is used in the sensor reaching radiance model we get the results seen in Figure 8(b). Again, we see that
we have detected the 25 degree rotated green panel, as expected, as well as other specular surfaces such as the
tilted tan panel. Additionally, there are some false alarms from the non-tilted tan panel. This may be due to
the spectral variation introduced in both the target space and imagery. Future experiments should attempt to
only introduce variation in one domain so as to isolate the origins of the false alarms.

The previous experiment was then repeated using the tan material in place of the green material. These
results can be seen in Figure 9. Figure 9(a) shows the result of building the sensor reaching radiance with the
tan DHR of Figure 4(a). As in Figure 7(a), we detect both the tan non-tilted and tan tilted panels. This time,
however, the detection scores are about equal for both panels. If the 25 degree BRDF prediction is used in the
sensor reaching radiance model, we get the results of Figure 9(b). We have detected the specular tan panel as
well as the non-tilted tan panel, though to a lesser degree. Though both panels are tan, their BRDF (along with
view and illumination geometry) make them look spectrally different. We see false alarms from the specular
green panel as well. Finally there are false alarms from both the non-tipped and tipped white panels, due to
reasons previously explained (see results for Figure 7(b) above).
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Figure 8. (a) Detection of non-tilted and (b) tilted green glossy panel using the PBM approach.

(a) (b)
Figure 9. (a) Detection of non-tilted and (b) tilted tan glossy panel using the PBM approach.

4. CONCLUSIONS

This study examined the potential impacts of the bidirectional reflectance distribution function (BRDF) on
material detection. The study utilized BRDF models to simulation what the BRDF of two materials would look
like as a function of illumination angle, view angle and wavelength. Glossy hemispherical reflectance’s were then
used in a scene simulation code (i.e., DIRSIG), to predict what the overall sensor-reaching radiance would be.

In general, the spectral character of materials tends to converge to the illuminating source spectrum as the
specularity of the material increases, with the limiting case being a perfect mirror. In this research it was found
that different material spectra, examined in the specular lobe, tended to converge. That is, not only did the
spectral character of the colored materials change, but they started to look similar. This was evident when
examining synthetic images using in-scene derived target signatures. Searching for specular green resulted in
false alarms from specular tan and visa versa. Similarly, searching for diffuse green (i.e, a flat panel orientation)
resulted in finding specular green, but to a lesser extent.

When using a physics based target detection scheme, it was found that the BRDF effects, for the single
tilted and non-tilted panels, resulted in diffuse detection, for example, where the strength associated with the
probability of detection was about the same for both the tilted and non-tilted panels. That is, the BRDF
effect was not as strong as using the in-scene derived target signatures. In general, however, we have shown
that the spectral reflectance (i.e., the BRFD) for materials does change as a function of wavelength and could
(theoretically) cause potential false alarms in collected imagery.

Future work for this study would involve the use of receiver operating characteristic (ROC) curves to quantify
results as well as potential options for mitigation such as the building of invariant subspaces. Also investigated
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will the impact of other sources of error relative to the uncertainty in a materials BRDF as well as the impact
of energy from scatter backgrounds onto specular and non-specular targets.
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