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Chapter 6 

Recovering the Spectral 
Power Distribution of the 
Illumination in Multispectral 
Images * 

Abstract 

Color constancy is achieved by separating the spectral power distribution of the illu
mination from the surface albedo. We therefore investigate a computational method 
to estimate the spectral power distribution (SPD) for multispectral images. We use a 
clustering technique to partition automatically the multispectral image into a number 
of regions. Each region corresponds to a uniformly colored object. The spectra of 
the regions are decomposed by principal-component analysis. A method is studied 
which estimates the SPD of the illumination using the obtained principal components. 
The estimates of the SPD of the illumination are compared empirically to the real 
distribution. 

6.1 Introduction 

The spectrum of a surface patch measured by a camera depends on the color of the 
illumination, the color of the object and on the filters, and is commonly modeled as 

h(\n) = f fn(X)E(\)c(\)d\ (6.1) 

where h(X) is the measured sensor value, /n(A) is a narrow band filter modeled as 
a unit impulse shifted over n wavelengths, E(X) is the spectral power distribution 
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(SPD) of the incident light, and c(X) the spectral albedo of the surface patch. To 
measure the object color independent of the SPD of the light source, c(A) needs to 
be recovered. Suppose the SPD of the illumination is given as 

S(Xn)= f fn(X)E(X)dX (6.2) 

Correction of image h(Xn) by the spectral distribution of the illumination gives 

§ g = c(A„) (6.3) 

if and only if the filters are narrow band width. Equation (6.3) solves the well known 
problem of color constancy. The new problem however is to obtain (6.2). Our aim 
in this paper is therefore to investigate computational methods to estimate the SPD 
of the light source. In this chapter, we consider an imaging spectrograph to obtain 
spectral data at 5-nm intervals The spectrograph transforms a monochrome CCD 
camera to a line scanner: one axis displays the spatial information, whereas along 
the other axis the visible wavelength range is displayed. Given an image containing 
two or more shiny surfaces, we first apply a clustering technique to partition the 
multispectral images into a number of regions. Each of the regions corresponds to a 
uniformly colored object. We then investigate a computational methods to retrieve 
the SPD of the illumination. 

The paper is organized as follows: In section 6.2 we discuss literature related to 
our research. In section 6.3 we give a mathematical formulation of the dichromatic 
reflection model. In section 6.4 we describe the underlying principle of our method 
for estimation of the color of the illumination. In section 6.5 we present experimental 
results. We finish the paper with a discussion in section 6.6. 

6.2 Related Work 

Various methods have been proposed for recovering the color of the illumination from 
highlight analysis. The reported methods are based on the dichromatic reflection 
model described by Shafer [9] and assume that highlights have the same color as the 
illumination source. 

Lee's method [6] operates in the CIE 1931 (x,y) space in order to recover the 
chromaticity of the illumination. Since the light reflected from a shiny surface is a 
mixture of highlights and the color of the object surface, the colors from the same 
surface fall on a straight line in the {x,y) chromaticity diagram, connecting the illu
mination color with the surface color. For two differently colored highlighted object 
surfaces, two different lines will be generated. The intersection of these lines defines 
the chromaticity of the illumination. The method described by Klinker et al. [4] lo
cates highlight regions and object color regions in RGB images. Taking these labeled 
regions as input, the method proposed by Healey [3] recovers an approximation of the 
chromaticity of the illumination up to a multiplicative constant. The method is more 
general compared to the one proposed by Lee in that only one highlight (instead of 
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two) is required. Tominaga and Wandell [11] measure the spectral distribution re
flected from highlight regions and object regions using a spectroradiometer. The SPD 
of the illumination is obtained from the intersection of two higher-dimensional planes 
in multispectral space. 

6.3 Dichromatic Reflection Model 

Consider an image of an infinitesimal surface patch. Using JV narrow-band filters ƒ 
to obtain an image of the surface patch, the measured sensor values are given as 

h{Xn) = mb{n,s) f fn{X)E{X)cb(X)dX + ms(n,s,v) f fn(X)E(X)cs(X)dX (6.4) 

Here ft denotes the surface patch normal, s*is the direction of the illumination source, 
and v is the direction of the viewer. Further, cb(X) and cs(X) are the albedo and 
Fresnel reflectance respectively. Geometric terms mb and ms denote the geometric 
dependencies of ft,s,v. In this paper, we make no specific assumptions for functions 
rnb and ms but simply require that 

0 < mb(n,s),ms(n,s,v) < 1 (6.5) 

It is important to observe that (6.5) captures one of the attractive features of the 
dichromatic reflection model: the model is far more general than typical models used 
in computer vision and computer graphics, and includes most such models as special 
cases. For instance, a possible instantiation of mb is Lambert's cosine law (then 
ms = 0). Similarly, a possible instantiation of both mb and ms is Phong's model for 
specular reflection [1]. 

Matte surfaces are described by the body reflection alone, shiny surfaces are de
scribed by both the body and surface reflection. Under the assumption of neutral 
interface reflection where the spectral distribution of the reflected light is indepen
dent of the wavelength cs(X) = cs, the specular term of (6.4) rewrites to 

ms(n,s,v) / fn(X)E(X)cs(Xi)dX = ms{n,s,v)cs{x) ƒ fn(X)E(X)dX (6.6) 

Figure (6.1) shows uniformly colored blocks of wood satisfying the dichromatic 
reflection model [7]. In figure (6.2a), two of the blocks are oriented such that they 
reflect a substantial amount of highlights. Figure (6.2b) shows the resulting scatter 
plot in red-blue color space. The vectors labeled 1 and 2 represent the body reflection 
of the red and blue objects. The orientation of these vectors is determined by the term 
fx fn(X)E(X)cb(X)dX. The vectors labeled 3 and 4 represent the surface reflection, the 
orientation of the vectors is determined by the term Jx fn(X)E(X)dX. 
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Figure 6.1: Experiments are conducted on uniformly colored blocks of wood. The 
image is taken under halogen illumination. Due to the texture of the wood, the images 
objects exhibit various amounts of body reflection. Depending on the orientation of the 
illumination, camera and objects, the objects reflect highlights, as is shown in figure 
(6.2a). See also the color plate at page 126. 

6.4 Estimation of the Spectral Distribution of the 
Illumination 

A uniformly colored shiny surface may give rise to a broad variance of sensor values due 
to the varying circumstances induced by the image-forming, process such as a change 
in the object orientation, the illumination intensity, the direction of the light source 
and the surface normal. Consider figure (6.3). The body reflection is represented by 
color cluster vector B, the surface reflection is represented by vector S. For a given 
point on a shiny surface, the color value is obtained by addition of vectors B and S, 
see equation (6.4). Hence, the observed colors of the surface are located on a plane 
in multidimensional sensor space. Given two shiny objects drawing planes in color 
space, our interest is in the intersection S of the planes which defines the illumination. 

To extract the orientation of the planes drawn by shiny objects, the Ar-dimensional 
spectral image is partitioned into K regions. The partitioning is achieved through the 
A"-means based clustering method described in [10]. The number of object regions, 
A', needs to be known in advance. In short, the spectra are first transformed to 
a polar angle representation. The representation maps rays onto points. The K-
means clustering method operating in polar angle space corresponds to clustering 
on lines (if-lines) in sensor space. The method is capable of partitioning the image 
into uniform regions. In fact, regions are detected corresponding to shiny surfaces as 
illustrated in figure (6.4). The lines in the figure correspond to the detected cluster 
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(a) 

(b) 

Figure 6.2: (a) Wooden blocks reflecting highlights, (b): Scatter plot in red-blue color 
space, arrow 1 corresponds to the body reflection of the red block, arrow 2 to the body 
reflection of the blue block, arrows 3 and 4 to the surface reflections. See also the 
color plate at page 126. 
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white 

Figure 6.3: Color cluster vector B of a matte surface in RGB, and color cluster vector 
S of a shiny surface in RGB. 

centers in polar angle representation. 
Consider a detected region, denoted A, consisting of M pixels of Ar-dimensional 

spectral data. Singular values decomposition [8] (SVD) of the M x N matrix A gives 
A = UWVT, under the conditions that M > N. Similarly, the M data points are 
required to be stochastical independent. W is a diagonal matrix with nonncgative 
diagonal elements sorted in decreasing order. The square matrix V is row and column 
orthogonal: 

V -VT = 1 (6.7) 

Let the vectors U^),i = 1, • • • ,N denote the columns of U. The first two vectors 
£/(i) and U(o\ encode the largest variance in the image data. As a consequence, the 
plane spanned by vectors t/(i) and E/(2) encodes the variance due to the body and 
the surface reflection. Let JE7(i) denote the ith. column of the j th region, 2 < j < K. 

According to the dichromatic reflection model, there exists a S, (the spectral power 
distribution of the illumination), which is the intersection of the plane spanned by 
lU(i) and *£/(2) and the plane spanned by J'ï/(2) and jL\o) so that 

S = / i l , l 1 f / ( l ) + f.l-2,1 lU{2) = ••• = Hi,2KU(l) + H2,2KU(2) 

(6.8) 

if and only if S passes through the origin. Our aim is to determine the SPD of the 
illumination S. Therefore, our interest is in finding /zi,1,^2,1, • • • , fJ-i,K,fJ-2,K such 



6.4. Estimation of the Spectral Distribution of the Illumination 103 

100 -

CD 

-Q 

150 -

200 -

250 -

100 150 
red 

200 

Figure 6.4: Cluster result for the image shown in figure (6.2a). 
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which is of the form 

Ax = 0 (6.10) 
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Avoiding the trivial solution, decomposition by SVD of A gives 

UW(VTx) = 0 (6.11) 

Consider 

y = VTx (6.12) 

Using (6.7) we rewrite (6.12) as 

x = Vy (6.13) 

Since the K planes encoded in U theoretically share the same surface reflection factor, 
the rank of matrix W is 2K — 1. Therefore, it is assumed that OOK — 0 giving the 
diagonal elements of W as o\, • • • .o-ik-\,0. As a consequence, we have that 

y = ( 0 ••• 0 1 f (6.14) 

and therefore 

X= ( / i i , i (I-2A ••• P\,K V2,K ) =V(2K) (6-15) 

Using (6.8), each pair /Lii,»,/i2,i yields an estimation Si giving the final estimate of the 
SPD as 

1 K 
S=^E5« (6-16) 

In the next section, the approach is verified empirically for recovering the SPD of the 
illumination in multispectral images. 

6.5 Experiments 

Experiments are conducted on uniformly colored blocks of wood shown in figure (6.1). 
Due to the texture of the wood, the blocks exhibit various amounts of body reflection. 
Further, depending on the orientation of the illumination, camera and objects, the 
objects reflect highlights. The blocks are illuminated by three arbitrary light sources, 
a 500 Watt halogen illumination, and 60 Watt Philips R80 Partytone light sources in 
the colors yellow and purple. 

Multispectral images are recorded using an Imspector V7 spectrograph with the 
aid of a Jain CV-M300 gray value camera. The multispectral images contain spatial 
information on the horizontal axis, and spectral information on the vertical axis. The 
top of the vertical axis corresponds with transmittance of the sample of wavelengths 
of 410 nm, the bottom of the spectral axis corresponds to 705 nra. Due to the low 
sensitivity of the spectrograph and CCD camera to low wavelengths, the observed 
transmittance in the 400 to 450 nm range is low compared to higher wavelengths. 



6.6. Discussion 1Q5 

The SPD of the three light sources is obtained from an image of a calibrated Spec-
tralon white reference [5] with almost constant reflectance in the visible wavelength 
range as R(X) = 0.990 ± .002. The SPD obtained this way is referred to as the 'real' 
color of the illumination. To compare the estimated SPD to the real SPD independent 
of the intensity, the spectra are normalized as 

s'(Ai) = v " 5 ( A ^ ; ( (U7) 

2-^=1 &\Aj) 

where Si denotes the reflectance factor at wavelength Aj in the vector 5. 
The first experiment is shown in figure (6.5a). A red and yellow block are illu

minated with a halogen light source. The objects reflect highlights. The occurrence 
of these highlights can be seen in the spectral image as vertical bright stripes. Fig
ure (6.5b) shows the real and estimated SPD of the illumination in the graph. The 
experiment is repeated for purplish illumination as shown in figure (6.6), and for 
yellowish illumination as shown in figure (6.7), this time for three objects. The two-
sided Kolmogorov goodness-of-fit test [2] is used to compare the real and estimated 
distributions. The 0.95 quantile of 0.158 is obtained for Ar = 60-dimensional data. 
For the experiment of figure (6.5a), the value T = 0.083 is less than 0.158. The 
hypothesis that the estimated distribution corresponds to the real distribution is ac
cepted. Similarly, for the experiment of figure (6.7), the value T = 0.067 is less than 
0.158. However, for figure (6.6), the value T = 0.267 and exceeds 0.158. Therefore, 
the hypothesis that the estimated distribution corresponds to the real distribution 
is rejected. This may be explained as follows: The two objects are colored red and 
yellow. However, the purplish illumination does not contain much power in the green 
part of the spectrum. As a result, both objects appear reddish. The intersection of 
two opposite planes is expected to give a robust estimation of the illumination. The 
intersection of two almost parallel planes is not expected to provide a good estimate 
of the SPD of the illumination. This appears to be the case for the experiment shown 
in figure (6.6). 

6.6 Discussion 

Our goal is to obtain estimates of the SPD of the light source. We have applied a 
clustering technique to partition automatically the multispectral image into a number 
of regions corresponding to uniformly colored objects. The regions are decomposed by 
principal component analysis to obtain the parameterization of planes described by 
the body and surface reflection. The multispectral intersection of the planes yields the 
SPD of the illumination for multispectral images. The method is restricted to images 
containing objects reflecting a substantial amount of body reflection and highlights. 
The reflection of the objects needs satisfy the dichromatic reflection model. A serious 
limitation of the method is that the number of regions, K, needs to be known in 
advance. A further requirement is that these regions need to be homogeneously and 
differently colored. However, if these requirements are met, then the experiments 
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Figure 6.5: (a) Multispectral image obtained under halogen illumination depicting a 
yellow colored object on the left and a red colored object on the right. Both objects 
reflect highlights, (b): Real vs. estimated special distribution of illumination. 
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Figure 6.6: (a) Multispectral image obtained under purplish colored illumination de
picting a red colored object on the left and a yellow colored object on the right. Both 
objects reflect highlights, (b): Real vs. estimated special distribution of illumination. 
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Figure 6.7: (a) Multispectral image obtained under yellowish colored illumination de
picting a red colored object on the left, a yellow colored object in the middle and a 
green object on the right. The objects reflect highlights, (b): Real vs. estimated spectal 
distribution of illumination. 
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Figure 6.8: Result for image shown in figure (6.2a). real (black bars) vs. estimated 
(gray bars) chromaticity of illumination for a red (filter nr. 1), a green (filter nr. 2), 
and a blue (filter nr. 3) color filter. 

described in the chapter show that the proposed method yields reasonable estimates 
of the SPD of the illumination for multispectral images. 

Appendix 

To estimate the chromaticity of the illumination in RGB images, consider a RGB 
image depicting two uniformly colored shiny objects. The image is partioned in two 
regions A and B. Let the regions be decomposed by SVD. For N = 3-dimensional 
data, the vector [7(3) is perpendicular to the plane spanned by £/(1) and £/(2). The 
chromaticity of the illumination S is obtained as the outer-product 

S = AU{3)x
 BU{3) (6.18) 

of the two vectors. To evaluate the method, RGB images are taken with a Sony 
3CCD XC-003P color camera. Experiments are conducted on images containing two 
differently colored objects, see figure (6.2a). Two wooden blocks are illuminated with 
a halogen light source. The objects reflect significant amounts of highlights. Figure 
(6.8) shows the real and estimated chromaticity of the illumination in the bar graph. 
A similar experiment is shown in figure (6.9) for a yellowish light source. The objects 
show a significant amount of highlight. Figure (6.9b) shows the real and estimated 
chromaticity of the illumination in the bar graph. Both experiments shows that a 
reasonable estimate is obtained for the chromaticity of the illumination. 
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(a) (b) 

Figure 6.9: (a) Wooden blocks reflecting highlights, (b): Real (black bars) vs. esti
mated (gray bars) spectal distribution of illumination for a red (filter nr. 1), a green 
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