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In the standard reflectance model for inhomogeneous materials it is assumed that light is reflected by two
independent mechanisms. One component is reflected at the interface of the material and air. Light reflected by
this mechanism does not interact with surface colorant, and its spectral composition is assumed to equal that of the
incident light. The second component is reflected after entering and interacting with the subsurface structure of
the material. This interaction substantially changes the spectral composition of the reflected light. We adopt a
vector analysis technique for testing the standard reflectance model. Further, we develop a computational method
to determine the components of the observed spectra, and we obtain an estimate of the illuminant without using a
reference white standard. Finally, we evaluate the accuracy of the standard model and the feasibility of the
illuminant spectral estimation by using several test objectives.

1. INTRODUCTION

The visual information that we use to judge the color appear-
ance of an object is derived from the light reflected from the
object and the light reflected from nearby objects. The
spectral composition of the reflected light depends on the
surface-reflectance properties of the objects and the spectral
composition of the ambient lighting. For many broadband
light sources an object's color appearance often is predicted
more closely by the object's surface reflectance than by the
spectral composition of the light reflected from the object,
which depends on the ambient lighting. This rough approx-
imation, that the effects of the spectral variation of the
ambient lighting are discounted and the object appearance
is approximately constant, is called color constancy.

The human ability to discount the effect of some changes
in the ambient lighting has motivated the construction of a
number of algorithms to demonstrate how this feat may be
accomplished. In most of these algorithms significant as-
sumptions are made about the surface-reflectance proper-
ties of objects. Some of these algorithms are designed to
estimate object surface-reflectance functions from the re-
sponses recorded by a small number of spectrally distinct
sensors even when the ambient lighting is unknown. Within
this group of algorithms, some are based on models of sur-
face specularity,1- 3 and others are based on other assump-
tions concerning the properties of surface-reflectance func-
tions. 4-6 Accurate modeling of surface-reflectance func-
tions has become important in the field of computer
graphics, 7 where knowledge of surface-reflectance proper-
ties permits more accurate rendering of object appearance.

From these algorithms we can now appreciate the close
relationship between the mathematical structure of the sur-
face-reflectance functions and the algorithms that can accu-
rately estimate or render surface properties. As we learn

more about the mathematical properties of the surface-re-
flectance functions, reflectance estimation can be accom-
plished by using fewer sensors or using more-efficient algo-
rithms.

In the fields of computer graphics and computer vision, a
few central ideas are used widely to summarize the mathe-
matical structure of surface-reflectance functions on inho-
mogeneous substances, which are substances composed of
different component materials, such as a vehicle at the sur-
face layer and embedded pigments at the colorant layer.
For example, plastics and paints are inhomogeneous. Typi-
cal examples of homogeneous objects are metals and crys-
tals. For homogeneous materials, the incident light suffers
no scattering; the light is reflected in accordance with Fres-
nel's law.8 Homogeneous objects are not represented by a
simple reflectance model.

In all reflectance models it is postulated that light reflect-
ed from an object is composed of light reflected from two
different physical paths. Some light is reflected at the in-
terface between the object's surface and the air. This type
of reflection is mirrorlike; light reflected in this way from a
point source can be seen only over a narrow range of viewing
geometries. This light is said to be the specular (or inter-
face) reflection.

The second reflectance path occurs for light that crosses
the object's interface. Once the light enters the pigment
colorant layer, significant scattering of the light among the
pigment particles in this layer occurs. The light is observed
only after it crosses the surface boundary again into the air.
Light reflected from this type of path is said to be the diffuse
(or subsurface) reflection.

The characterization of the reflected light by the additive
component of a small number of terms is implicit in the
studies of many authors and was summarized well by Cook
and Torrance. 7 Beyond this general formulation, Shafer 9
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proposed that, for measurement purposes, specifically for
computer vision, several approximations are useful. These
approximations are based on the assumption that for inho-
mogeneous materials the wavelength functions are invariant
with respect to the angle of the incident light. Shafer refers
to these ideas as the dichromatic reflection model. We
believe that the ideas draw on such widely held approxima-
tions that the collection of ideas might well be called the
standard reflectance model.

First, in the standard reflectance model it is assumed that
the ratio between the spectral composition of the light that
enters the material and the light that leaves the material is
the same for all angles. This ratio of the incident and re-
flected light is the surface-reflectance function of the diffuse
component. Second, in the standard model the specularly
reflected light is approximated as being invariant, except for
a change in intensity, with respect to viewing geometry.
Fresnel's equations for specular reflectance do vary with
respect to angle, but this variation is asserted to be suffi-
ciently small (see, e.g., Ref. 9) as to be negligible for many
observational conditions.

Although the standard reflectance model is used widely to
describe empirical properties of data, there are relatively few
experimental results to evaluate the adequacy of the model.
Recently Klinker et al.1 used the model to analyze color
images including highlights. Their measurements are based
on three-color-filter (RGB) camera data. Lee et al.10 pre-
sented some spectral wavelength experimental data to show
that the standard reflectance model is reasonable for some
objects. These models were based on the assumption of the
two components of light reflection.

Given the importance of the model for applications, we
believed that some further empirical examination of the
model and some further examination of algorithms that de-
pend on the model would be of value. In this paper we
describe new measurements of the spectral power distribu-
tions of lights reflected from objects under a variety of geo-
metric conditions. We use a principal-component decom-
position of these observed spectra to test the adequacy of the
two-component reflection model.

Several authors have pointed out that, if the standard
model is correct and if the spectral composition of the specu-
lar component of the light is the same as the spectral compo-
sition of the incident light," then some simple algorithms
can be designed to estimate the spectral power distribution
of the light from sensor data. For example, Lee2 proposed a
method for computing the illuminant chromaticity from the
color coordinates of specular highlights, as did D'Zmura and
Lennie.3 In this paper we extend the work of these authors.
We define an algorithm that permits one to combine infor-
mation from two or more surfaces to estimate the spectral
composition of the ambient lighting. We show that the
problem of estimating the illuminant spectrum is reduced to
that of finding the common spectral information from all the
measurements from the surfaces.

The illuminant estimation method that we describe can be
useful for remote sensing applications. When we measure
light reflected from objects at a distance, say, 100 km away,
we cannot place a white standard at the remote site. Our
method can be used to infer the illuminant spectral power
distributions at remote image locations. However, the read-
er should note that the standard reflectance model applies to

inhomogeneous surfaces and is not appropriate for homoge-
neous materials, such as metallic surfaces. Highlights from
metallic surfaces are not equal to the illuminant spectral
power distribution.

In Section 2 we give a mathematical formulation of the
standard reflectance model. In Section 3 we state the basic
principle of our spectral analysis approach to the color re-
flection problem. The computational method is developed
in Section 4. In Section 5 we present our experimental
results. The performance and the application are discussed
in Section 6.

2. STANDARD REFLECTANCE MODEL

It is generally supposed that light reflected from an object
surface can be decomposed into two additive components,
the interface reflection and the subsurface reflection (see
Fig. 1). In the general case the radiance of the reflected light
Y is described as a function of wavelength and geometric
parameters,

Y(6, X) = Y(°, X) + Ys(O, ), (1)

where the wavelength X ranges over a visible spectrum and
the parameters 0 include the direction angles needed for
describing a reflection geometry, such as the incident angle,
the viewing angle, and the phase angle. The subscripts I
and S denote the interface and subsurface components, re-
spectively. The key additional assumption of the standard
reflectance model is the separability between the wave-
length composition and the geometrical conditions.

Additivity and Separability
The spectral composition of each reflected light component
is independent of the geometric conditions; that is, the re-
spective components of the spectral radiances Y and Ys are
separated into the wavelength factor and the geometric vari-
ables as follows:

incident light
interface
reflection

subsurface
re ection

colorant vehicle
Fig. 1. Light reflected from a surface is modeled as the sum of two
components. Each component represents a different light path.
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Y(G, X) = c1 (O)L1 (X) + cs(O)Ls(). (2)

The terms LI(X) and Ls(X) are the spectral power distribu-
tions of the interface and subsurface reflection components,
respectively. The terms cl(O) and cs(O) are the geometric
scale factors.

Equation (2) states that the color signals from an inhomo-
geneous object are described by the linear combination of
two spectral power distributions. The weighting coeffi-
cients of each term are geometric scale factors. The impor-
tant aspect of this assumption is that the spectral composi-
tion of each of the reflection components is unchanged as the
viewing angle varies.

If we wish to estimate the surface-reflectance functions
from the color signal Y, then we must express the reflection
model in terms of the surface reflectance of an object and the
spectral power distribution of an incident light. Let SA(X)
and Ss(X) be the spectral surface reflectances for the two
components. Let E(X) be the spectral power distribution of
the incident light. We can represent the reflected light as

Y(0, X) = c(O)SI(X)E(X) + cs(O)Ss(X)E(X).

LS (X)
Fig. 2. Color signal plane by a linear combination of the interface
reflection component LI(X) and the subsurface reflection compo-
nent Ls(X).

(3)

The interface component of reflectance SI(X) is determined
by Fresnel's law. If the refractive index at the surface is
constant over the visible wavelength, then the interface com-
ponent is independent of wavelength. It was reported that
many types of material serving as vehicles are some sort of

oil and have constant indices of refraction. 2 For these sur-
faces, the specular reflection appears to have the same color
as the illuminant source. A satisfactory approximation for
many materials is as follows.

Constant Specular Reflectance
The interface component of surface spectral reflectance is
constant over the visible wavelength as SI(X) = constant;

Note that, from radiometric concepts, the spectral reflec-
tance has the dimension of inverse nanometer inverse stera-
dian (nm-1 sr'1). However, the data analysis of color signals
is done in relative values through this paper, and thus the
physical dimensions do not play a significant role.

3. TEST OF THE STANDARD REFLECTANCE
MODEL

In the standard reflectance model it is assumed that the
color signals Y(O, X) can be expressed as a linear combination
of the two component vectors of light reflection LI(X) and
Ls(X). The two vectors LI(X) and Ls(X) span a two-dimen-
sional plane, that is, a subspace, of the possible observations.
All the color signals observed from an inhomogeneous sur-
face should fall in a subspace that lies on this plane. We call
this plane the color-signal plane P. Figure 2 shows the plane
as a parallelogram. All the color signals must be located
inside the parallelogram. It is important to note that this
color-signal plane is defined by both the object surface re-
flectance and the spectral power distribution of the illumi-
nant. The color-signal plane will change with different illu-
minants. The first test of the standard reflectance model,
then, is to determine whether the color signals observed
from an inhomogeneous material fall within a two-dimen-
sional subspace of the set of possible color signals.

If the key requirement of the standard reflectance model

F X

P(1)

P(2)

Fig. 3. The intersection of two color-signal planes P(1) and P(2).

is met, namely, additivity and separability, then we may
proceed to test the additional assumption of constant specu-
lar reflectance. An important practical consequence of this
assumption is that the color-signal information can be used
to estimate the spectral power distribution of the illuminant.
Conversely, the reliability of the estimate may also be used
to test the assumption of constant specular reflectance,
which is the method that we use here.

Suppose that we measure color signals reflected from two
surfaces of inhomogeneous material under the same light
source. When we measure the reflected lights with different
geometric conditions, then by the first assumption the data
will form two different color-signal planes P(1) and P(2) in
the space. If the assumption of constant specular reflec-
tance is true, then the spectral power distributions of color
signals for the surfaces can be described as follows:

Y1(0, X) = c,(0)E(X) + cs,(O)Ss,(X)E(X),

Y2(0, X) = c 2(0)E(X) + cs2(0)Ss2(X)E(X).

(4)

(5)

The planes P(i)(i = 1, 2) are constructed by a set of two
vectors [E(X), Ssi(X)E(X)]. Note that the illuminant vector
E(X) is contained in both planes. This vector represents the
common spectral information that is due to the light source.
The two planes must intersect at this vector, as shown in Fig.
3.

We test the assumption of constant specular reflectance as
follows. If the assumption is true, then two color-signal

-

- -
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planes from objects under the same illuminant must inter-
sect. Moreover, the vector of their intersection must be in
the direction of the illuminant vector. As a useful practical
consequence, the standard reflectance model along with the
assumption of constant specular reflectance predicts that we
can estimate the illuminant spectrum from the color signals
reflected from two object surfaces. The estimation problem
of an illuminant spectrum can be reduced to a computation-
al problem of finding an intersection of two color-signal
planes.

The above-described property can be extended to the case
of many surfaces. If there are three or more object surfaces
of inhomogeneous material, then more than three color-
signal planes are constructed in a vector space of the spectral
power distributions. All the planes must intersect at only a
common line, which corresponds to the illuminant spectrum.

The points of the present spectral analysis are summa-
rized as follows:

(1) If the assumption of additivity and separability of
the reflection model is true, the spectral data must form a
two-dimensional subspace.

(2) If the assumption of constant reflectance is true,
then the color signal planes from different object surfaces
intersect at a common line in the direction of the illuminant.

We evaluate the standard reflectance model by measuring
the spectral power distributions of light reflected from inho-
mogeneous material at various geometric angles. For any
single surface material, we test to determine whether the
color signals are described well by a plane. We then test to
determine whether the subspaces for two different materials
intersect and whether the intersection falls in the direction
of the illuminant. Notice that strong specular highlights are
not required to determine the color-signal plane. In this
analysis we require only a wide range of measurements that
includes specular and diffuse components. From this pat-
tern of results, we should be able to obtain reliable estimates
of the illuminant.

4. COMPUTATIONAL METHODS

A. Determining a Color-Signal Plane
Let us assume that we observe m color signals reflected from
an object surface under various geometric conditions but
with a constant illuminant. We sample each spectral power
distribution at n points in the visible-wavelength region.
The m color signals are represented by n-dimensional col-
umn vectors denoted by Yi (i = 1, 2,... ., m). If a set of data
vectors falls in a subspace, their normalized representations
fall in the same plane. Thus the absolute radiance values
are not necessary to our analysis. We perform all our calcu-
lations by using the normalized spectral power distributions;
that is, we normalize the measurements to unit power in the
sense that j1y,112

= 1. The notation J|yJJ2 is defined as yTy,

where T denotes a matrix (or vector) transposition. All the
normalized spectral power distributions are summarized in
an n X m matrix Y defined by

Y W hl l Y 2 d e c o o Yt (6 )

We use the singular-value decomposition (SVD) to deter-

mine a color signal plane from the observed light spectra.
The SVD is a useful tool for orthogonal decomposition of
general rectangular matrices. The application to data anal-
ysis is similar to the idea of the well-known principal-compo-
nent analysis. The SVD of the matrix Y is given in the
following form12 :

Y = UVT,

or, equivalently,

Y = uvT + 2U2V2 T+ . . + mUmVm T

(7)

(8)

where U (= [, u2, .. ., un]) and V (= [v1, v2, .. ., v]) are
the n X m left-hand singular matrix and the m X m right-
hand singular matrix, respectively, and is the m X m
diagonal matrix with, elements of the singular values a,
02,..., am. The n-dimensional left-hand singular vectors
U1 , U 2 ,..., un and the m-dimensional right-hand singular
vectors v1, v2 , ... ., vm are orthonormal eigenvectors of yyT

and YTY, respectively. The singular values ai are the square
roots of the eigenvalues of yyT or YTY. We assume the
descending order a-i i+.

The dimensionality of the space spanned by the measured
color signals can be estimated from the rank of the matrix Y.
Let us denote the n-dimensional vector space by the symbol
Rn. The measured color signals then fall into a two-dimen-
sional subspace of Rn when the rank of Y is 2. This occurs
when a1 a2 > 0 and a-3 = 4 = ... = m = 0. In practice
these strict equations are not satisfied perfectly because
nonzero singular values appear as a result of measurement
noise and computer roundoff error. A fairly reliable way to
estimate the rank is to compare the singular values by using
the following performance index:

K

E ai2

I(K) = =_

ori2

i=l

K

Z a'i2
= i=l

m

By hypothesis we expect that 1(2) = 1.0. If (1) = 1.0, then
the measured data are one dimensional. In this case the
observation conditions reveal only one component of the
interface and subsurface reflections from an object. If I(2)
«< 1, then the data have a higher dimensionality than 2. In

this case we must consider whether the object might be a
homogeneous material or whether the standard reflectance
model is in error for this material.

The left-hand singular vectors u and 2 are a set of basis
vectors that span a two-dimensional subspace of R . When
I(2) = 1, all the measured spectral power distributions are
described in a linear combination of u and u2, since

Yi = Ci1 ul + i2u 2 (i = 1, 2,..., m), (10)

where c = ajvij ( = 1, 2). Therefore the color-signal plane
of the object surface can be determined from

P= y ly = cu + c2u 2, ci E RI. (11)

(9)
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The set R is a set of real numbers such that y is nonnegative
and physically realizable.

B. Estimating an Illuminant Spectral Distribution
Let us assume that two object surfaces are observed under
the same light source. Two color-signal planes are deter-
mined from the SVD's of the two data sets. The vectors ul
and U2 are an orthonormal basis that defines the color-signal
plane. [Note that these vectors do not correspond to the
physically defined components of the two reflections, LI(G)
and Ls(X).]

Let [Ul(1), U2 (1)] and [ul(2), U2(2 )] be the basis vectors of
the color-signal planes P(1) and P(2). Since the intersection
line must lie in both P(1) and P(2), we have the relation

clul(1) + c2U2 (1) = cl'ul(2) + c2
1U2 (2). (12)

This relationship is equivalent to the homogeneous equation

[Ul(1), U2 (l), ul(2), U2 (2)] - 0. (13)

-C2/

A nontrivial solution of Eq. (13) defines the intersection of
the planes. A reliable solution method is to apply the SVD
algorithm to the above n X 4 matrix again. We then have

[X, 0 0 0]

10 2 0 0

[ul(1), U2 (l), ul(2), U2 (2)] = [a, a2, a3, a 4] 0 0 X3 0

O O 0 \4

X [bl, b2 , b 3 , b 4 ]T, (14)

where the definitions of ai, bi, and Xi (i = 1, 2, 3, 4) corre-
spond to those of ui, yi, and ai in Eq. (8). If X4 = 0 and X3 > 0
(i.e., rank = 3), the planes P(1) and P(2) intersect in a line in
the n-dimensional space Rn. The vector b4 is a solution for
the vector at the intersection. The intersection line is de-
scribed by the elements of b4 as

el = zJ2[b4 lUI(M) + b4 2 U2 (1)] (15)

(el + e 2)

2
(17)

The above procedure can be extended straightforwardly to
the case of more than three object surfaces under the same
light source. The computation to obtain an estimate is
based on the repetition of the process presented here for
every pair of objects in a scene.

5. EXPERIMENTS

To test the standard model experimentally and to evaluate
the precision of the computational methods, we measured
the light reflected from plastics and fruits under two differ-
ent lighting conditions. The light sources were a flood lamp,
for a daylight photograph, and a tungsten halogen lamp from
a slide projector.

A. Measurement
The objects were placed on a table covered with a black cloth
in a black room. The light sources were placed at the same
height as the objects for a horizontal projection of the illumi-
nant. Figure 4 shows a monochrome scene of a red plastic
cup (left) and a green plastic ashtray (right), -80 cm apart,
illuminated with a flood lamp. Specular highlights are seen
clearly at several parts of the surfaces. We used a spectrora-
diometer to measure the spectral power distributions of the
reflected light. The spectroradiometer was placed -130 cm
from the objects and at the same height. The angle between
the illumination and the viewing directions was 30 deg.

The surface of each plastic object is uniform and smooth.
We measured the spectral radiance reflected from many
spots on the surfaces by the angle of the spectroradiometer
changing slightly. The power of the reflected light depends
greatly on the viewing angle because the intensity in the
highlights is several orders of magnitude greater than the
intensity in the matte areas. The dynamic range of the
spectrometer (and a fortiori that of conventional digitizing
cameras) does not allow us to make all our measurements
with a fixed aperture size. As we measured different posi-
tions we increased the aperture size from 6 min. to 1 deg.
About half of the measuring spots were selected near the
highlight areas and thus contained significant specular con-
tributions. The other spots were from the matte areas and

or

e2 = -C2[b 43Ul(2) + b4 4 U2 (2)], (16)

where the line vectors are normalized as ||eI12 = ile2ll = 1.
The signs of the coefficients b4i are chosen so that the com-
ponents of the illuminant vectors el and e2 are positive,
consistent with the requirement that the illuminants be
physically realizable. For example, when the right-hand
side of Eq. (15) is negative, the signs of both b4 l and b42 are
reversed.

In real measurement, the value of X4 will not be exactly
zero. However, we expect it to be small if the second condi-
tion, that of constant specularity reflectance, is satisfied.
The same performance index, I(K), may be used to evaluate
the hypothesis in this case as well. We can regard el and e2

as the estimates of the spectral power distribution E(X) in
planes P(1) and P(2), respectively. A reliable estimate e of
the illuminant spectrum is obtained from the mean

Fig. 4. A red cup (left) and a green ashtray (right) of plastic illumi-
nated by a flood lamp.
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Fig. 5. Normalized curves of the measured spectra of the red plas-
tic cup.

0.50

0.40

0.30

0.20

0.10

0.00

400.00

Fig. 6. Normalized
plastic ashtray.

500.00 600.00 700.00

wavelength
curves of the measured spectra of the green

lemon (right), illuminated by a slide projector lamp and
-100 cm apart. It should be noted that the surface condi-
tions of these natural products are quite different from those
of the plastic industrial products. The skins of fruits are
covered with a waxy tissue, and some of the light reflects at
the interface. However, the surfaces are not so hard and
smooth that a mirrorlike specular reflection is observed. In
Fig. 7 only a weak glossy reflection appears on the lemon
surface. A detailed inspection, moreover, shows that the
glossy areas consist of fine textures and that the colors are
not necessarily the same from a microscopic point of view.

Figures 8 and 9 show the normalized curves of the spectral
power distributions measured at 10 different spots on the
surfaces of the apple and the lemon, respectively. The spec-
tral curves from the apple are separated into two types of
pattern. There is relatively little variation in the spectral
curves of the lemon because the glossy points are relatively
small compared with the aperture size of the measurement
instrument.

B. Results

The measured spectral data have been analyzed according to
the computation procedure in Section 4.

1. Plastics

First, a 31 X 9 observation matrix Y for the red cup was
constructed from the normalized spectral curves y-yo, in
which each curve was sampled at intervals of 10 nm. The
SVD of Y gave the singular values of al = 2.9627, 2 = 0.4698,
a3 = 0.0389, ... The performance index was (1) = 0.9753
for the first component only and 1(2) = 0.9998 for the first
two components. The contributions of the remaining seven
components were negligibly small. From this result, we
accept the hypothesis that the color-signal space measured
from the red cup spans a 2-dimensional subspace of the 31-
dimensional measured vector space. Figure 10 shows curves
of the basis vectors u and u2. These curves are the princi-
pal-component curves for the measured spectral curves; that
is, all the curves in Fig. 5 can be approximated with good
accuracy by a linear combination of u and u2. These vec-
tors determine P(1).

Next, a 31 X 8 observation matrix Y for the green ashtray
was decomposed into its principal components. In the same

thus contained only small or no specular contributions. All
the spots were confirmed visually in advance to have the
same color appearance under an ordinary lighting condition
without specular reflection. We believe, therefore, that
variations in the measurements depend only on the geomet-
ric factors.

Figure 5 shows the normalized curves of the spectral pow-
er distributions measured at nine different spots on the red
cup surface. One well-separated curve in the figure corre-
sponds to the strongest highlight spectrum. Figure 6 shows
the normalized curves measured at eight spots on the green
ashtray surface. These data were obtained separately to
eliminate any possible interreflections between the two ob-
jects.

Next, we observed fruits with a measuring arrangement
similar to that used for the plastics but with a different light
source. Figure 7 shows the scene of an apple (left) and a

Fig. 7. An apple (left) and a lemon (right) illuminated by a tung-
sten halogen lamp from a slide projector.
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Fig. 8. Normalized curves of the measured spectra of the apple.
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Fig. 11. Basis curves of the measured spectra of the green plastic
ashtray.
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Fig. 9. Normalized curves of the measured spectra of the lemon.

500.00 600.00 700.00

wavelength

Fig. 10. Basis curves of the measured spectra of the red plastic cup.

400.00

of superflood lamp

500.00 600.00 700.00

wavelength

Fig. 12. Estimation results of the illuminant spectral power distri-
bution of a flood lamp. Filled squares represent the estimate from
the two plastic objects, and open circles represent the measurement
by the standard white.

way as described above, we obtained two basis vectors to
determine the plane P(2), where I(1) = 0.9288 and I(2) =

0.9999. Figure 11 shows plots of these basis vectors.
From these two sets of curves, we have computed the

intersection of P(1) and P(2). The SVD of the joint matrix
[u0(1), u2(1), ul(2), u2(2)] gave the singular values X, = 1.414,
2 = 1.2404, X3 = 0.6792, and X4 = 0.0162. We conclude that

the rank of the joint matrix is 3 and that the planes P(1) and
P(2) intersect. The fourth right-hand singular vector b4

specifies the coordinates of the line. The line vector with a
unit length is described as follows:

= 0.4207u,(1) + 0.2702u2(1) + 0.4567u 2(2)

- 0.2036u2(2). (18)

Equation (18) expresses an estimate of the spectral power
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distribution of the super flood lamp used. The estimate is 0.30
shown in a solid line marked with black squares in Fig. 12.
We compare the estimate with a direct measurement of the
spectral power distribution of the light source measured by
using a standard white reflectance surface. For the stan-
dard white we used a pressed powder of magnesium oxide a 0.20
(MgO). The pressed powder was placed at the same loca-
tion as the object. The spectral distribution predicted from
this measurement is shown by open circles in the figure. A N \
fairly good coincidence between the two curves is seen in the
range of middle to long wavelengths. o 0.10

2. Fruits
We were able to use the same analysis method for the fruits,
although the surfaces of the fruits are complicated. The
SVD of the 31 X 10 matrix Y for the apple gives a- = 3.0513, 0.00 ,
a2 = 0.8244, 3 = 0.0821,..., and 1(2) = 0.9990. Figure 13 400.00 500.00 600.00 700.00
shows the basis curves ul and u2. In contrast, the values for
the lemon are a = 3.1592, a-2 = 0.1342, a3 = 0.0272, .. , and wavelength
1(2) = 0.9999. Figure 14 shows the basis curves. In this case Fig. 15. Estimation results of the illuminant spectral power distri-

bution of a slide projector. Filled squares represent the estimate
from the two fruits, and open circles represent the measurement by

0.40 the standard white.

the joint matrix gives the four values X, = 1.414, 2 = 1.288,
3 = 0.5838, and X = 0.0415. We estimate the spectral

0.20 power distribution of the slide projector lamp (Fig. 15, filled
squares) to be

= 0.4226u,(1) + 0.2672u 2(1) + 0.4655u2(2)
ID 0.00 - .1825u2(2). (19)
E I

The spectral power distribution measured by the reference
white is shown by open circles in Fig. 15. A comparison of-0.20 the two curves shows the reliability of the illuminant spec-
tral estimation for a slide-projector lamp.

These two example measurements are typical of the re-
-0.40 sults that we have obtained with natural products and plas-

I l l l tics in our laboratory.
400.00 500.00 600.00 700.00

wavelength 6. DISCUSSION AND CONCLUSION
Fig. 13. Basis curves of the measured spectra of the apple.

From our experiments we conclude that the two-component
reflection model is adequate for describing color signals from

0.40 some inhomogeneous materials. For the surfaces that we
report here and others that we have measured, the two as-
sumptions of the standard model appear valid. The mea-
sured spectral power distributions are described well as fall-
ing within a two-dimensional subspace, and the data in the

0.20 specular highlights are consistent with an interface compo-
nent that does not affect the spectral composition of the
incident light.

We have presented a computational method for estimat-
E f f \ ing the illuminant spectral power distribution based on the
0 0.00 two-component reflectance model. An interesting aspect of

the computational procedure that we use to measure the
illuminant spectrum is that no calibrated reflectance stan-
dards are required to measure the light source. Equipped
with only the knowledge that the two surfaces are inhomo--0.20 geneous and with no knowledge of their reflectance func-

400.00 500.00 600.00 700.00O tions, the algorithm accurately infers the illuminant spec-
trum. Since the cost of computational power is often less

wavelength than that of calibrated, special-purpose materials, this esti-
Fig. 14. Basis curves of the measured spectra of the lemon. mation algorithm may prove to be of practical value.
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Finally, the algorithm does not require us to establish
measurement conditions in which we observe pure specular
highlights. Establishing these viewing conditions can be
quite difficult. Yet the algorithm estimates the illuminant
fairly well under much less elaborate viewing conditions.
For example, the fruits are far from being ideal inhomogen-
eous materials and do not have strong specular reflectance at
the spatial resolution of our measurement device. Although
the shape of the illuminant spectrum could not be measured
directly, since the gloss could never be measured in isolation,
an estimate accurate to within a few percent can be extract-
ed from the combined data of the two objects.
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