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Abstract. We review the physics based illuminant estimation methods,
which extract information from highlights in images. Such highlights are
caused by specular reflection from the surface of dielectric materials,
and according to the dichromatic reflection model, provide cues about
the illumination. This paper analyzes different categories of highlight
based illuminant estimation techniques for color images from the point
of view of their extension to multispectral imaging. We find that the use
of chromaticity space for multispectral imaging is not straightforward
and imposing constraints on illuminants in the multispectral imaging
domain may not be efficient either. We identify some methods that are
feasible for extension to multispectral imaging, and discuss the advantage
of using highlight information for illuminant estimation.
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1 Introduction

Color constancy is the ability of the human visual system to perceive constant
color of surfaces despite the change in spectral composition of the illuminant.
Creating such capability for a computer vision system is called “computational
color constancy”, and it can be achieved through two major techniques. One
method is to use the statistical properties of the scene, while the other is to uti-
lize the physics-based analysis of surfaces. Statistics-based methods can provide
fairly accurate results when the assumptions are satisfied. One such common
assumption is the presence of a variety of surfaces and objects in a scene. Gen-
erally, these methods work poorly in images with low color complexity [1].

In physics based illuminant estimation approaches, the analysis of interac-
tion of light with surfaces is performed for estimating the scene illuminant. The
optically inhomogenous objects (e.g. plastics, ceramics, paints, etc) create a neu-
tral interface reflection [2] condition, where the spectral power distribution of
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the specular reflection is the same as the incident illumination; and this prop-
erty is used to estimate the scene illuminant. The basis of illuminant estimation
from specular highlights in images is the dichromatic reflection model [3], which
describes the reflected light from an object as a combination of the diffuse and
specular reflection. The specular reflection is also termed as highlights in an
image, and therefore, the problem of illuminant estimation is treated as the
analysis of highlights from surfaces [4,5].

With advancement in sensor technology, use of multispectral and hyperspec-
tral imaging is increasing for close range imaging applications [6]. Those images
also contain diffuse and specular reflections which can be helpful for estimation
of scene illuminant. The information of scene illumination is helpful in achieving
multispectral constancy [7,8]. In this paper, we discuss different categories of
highlight based illuminant estimation methods for color images and their possi-
ble extension to spectral images. This paper is organized as follows; In Sect. 2,
dichromatic reflection model and its use for illuminant estimation in images is
discussed. In Sect. 3, different categories of work on illuminant estimation from
highlights in color images are analyzed from the point of view of their pos-
sible extension towards multispectral imaging. In Sect. 4, use of highlights in
multispectral imaging and the existing works dedicated to spectral imaging is
discussed, followed by conclusion in Sect. 5.

2 Dichromatic Reflection Model

In a simplified color imaging model, the image values f(x) (where x represents
spatial coordinates) are dependent on the light source e(λ), the surface albedo
s(x, λ) and the camera sensitivity function c(λ). It is represented as:

f(x) =
∫

ω

e(λ)s(x, λ)c(λ)dλ. (1)

Shafer [3] proposed to decompose the light into its diffuse mb(x) and specular
ms(x) components:

f(x) = mb(x)
∫

ω

e(λ)s(x, λ)c(λ)dλ + ms(x)
∫

ω

e(λ)c(λ)dλ (2)

In the dichromatic reflection model, the diffuse reflection is of low intensity
and is Lambertian, while the specular reflection is generally of high intensity,
directional, independent from the surface albedo and dependent on the viewing
direction. The illuminant in the sensor domain e is defined as:

e =
∫

ω

e(λ)c(λ)dλ (3)

Equation 3 is the second part of Eq. 2. This relation states that the specular
reflection part of Eq. 2 provides information about the illuminant. For a camera
with c(λ) = {R(λ), G(λ), B(λ)}, this linear combination defines a plane in the
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RGB color space. The data points from the RGB color space are projected onto a
space normalized by r + g + b = 1, where they form a line. The two points defin-
ing the line consist of the diffuse and specular points on a surface. Data points
from a uniformly colored surface are distributed along this line which is called
the dichromatic line. Assuming uniform illumination in a scene, all the dichro-
matic lines have one point in common, which corresponds to the scene illuminant.
Therefore, if there are two or more materials being illuminated by the same light
source and their dichromatic planes are identified, the vector containing illumi-
nant information can be estimated by the intersection of these planes. There are
some methods that do not explicitly use the dichromatic reflection model, but
still use highlights for illuminant estimation. In the following section, we discuss
different categories of highlight based illuminant estimation models along with
an analysis of their potential extension towards multispectral imaging.

3 Inversion of Dichromatic Reflection Model

In this section, we analyze the methods based on the dichromatic reflection
for illuminant estimation and present empirical observations for their extension
towards multispectral imaging.

3.1 Illuminant Estimation in Two-Dimensional Chromaticity Space

Using two-dimensional chromaticity space allows the removal of intensity com-
ponent and simplifies the illuminant estimation problem in color images. One of
the earlier attempts in highlight based illuminant estimation are by Lee [9], and
D’Zmura and Lennie [10], who proposed the use of color coordinates of specu-
lar highlights for estimation of illumination. Lehmann and Palm [11] extended
Lee’s red diagram [9] to the rg-diagram and called it “color line search”. Recently,
Uchimi et al. [12] proposed estimation of illumination from u′v′ chromaticity, xy
chromaticity space is used in [13], and the rg color space in [14,15].

One way to think about extension of dichromatic reflection model for mul-
tispectral imaging is to extend the results obtained in two dimensional chro-
maticity space. For example, if estimation is performed in rg space, the third
component can be calculated directly as b = 1− (r + g). However, this approach
may not lead to an accurate three dimensional estimation because the errors
of estimation in each component are accumulated in the third component [15].
If we imagine the same procedure for multispectral images, then there are two
major issues. The first is the choice of base components or channels for creation
of dichromatic lines. It is not intuitive to call any combination of two channels
from multispectral channels as a chromaticity space. The second problem is that
a space satisfying the condition c1+c2+ . . .+cN = 1, where ci is the ith channel,
leads to very small values. This causes instability in any numerical computation.

Lakehal and Ziou [15] proposed that to minimize the error in illuminant
estimation while extending the two dimensional estimate into three dimensions,
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the chromatic coordinates in the rg and gb sub-spaces can be used. For each sub-
space, the intersection of dichromatic lines is computed and the error for each
coordinate of both sub-spaces are combined to form an objective function. They
proposed to minimize this function individually for each R, G and B channel.
That method shows promising results for color images, but if we want to extend
it to multispectral imaging then we have to create at least (N − 1) sub-spaces,
where N is the total number of channels in a multispectral camera. It might
be possible to create a reduced number of sub-spaces but it is not obvious how
the spectral correlation may permit the reduction of number of planes. Even
if somehow the dichromatic lines and their intersections are computed for each
subspace, projecting them to N dimensions will be computationally expensive
and unstable because of being very sensitive to errors in estimation in any sub-
space. In the presence of such issues, extending these methods is not expected
to bring promising results.

3.2 Constraint on Possible Illuminants

For reducing the estimation error in a sub-space, some authors propose to impose
constraints on the set of possible illuminants. Some algorithms [16–19] aim at
finding the chromaticity of an illuminant by intersecting a dichromatic line with
the Planckian locus, or a set of known illuminants. The basic idea of such meth-
ods is to calculate the projected area for a set of candidate illuminants along the
Planckian locus and pick the candidate that gives the minimum error in terms
of distance, as an estimate of the scene illuminant. Toro and Funt [20] assumed
the presence of a fixed number of different materials in an image patch. This
method requires a discrete set of candidate illuminants. Each of the illuminants
from the given set is tested sequentially, and the illumination is estimated by
solving a set of simultaneous linear equations using a veronese projection of mul-
tilinear constraints. Toro [21] proposed optimizing a cost function on the color
of illuminant. The scene illuminant is found by fitting the color of candidate illu-
minants to the image colors. Shi and Funt [22] proposed two Hough Transforms
for computation of a histogram that represents the likelihood that a candidate
intersection line is the image illumination axis. In these methods, illumination
estimation is obtained from a set of candidate illuminations.

Here we discuss the feasibility of extending the algorithms based on find-
ing the intersection of dichromatic lines along the Planckian locus. Using this
technique for color images, the possibilities are to find either none, one or two
points of intersection. In case of no intersection, the closest point between the
line and the curve of Planckian locus is identified as the scene illuminant. If
there are two intersections, then one of them is selected as the correct intersec-
tion on the basis of some heuristics. Therefore, in theory it is possible that the
constraint of approximating the illuminants to the curve of the black-body radi-
ator may help in determination of scene illuminant from a single surface in color
images. However, it was found in [23] that approximating the illuminants by the
curve of black body radiator is not advantageous for illuminant estimation in
color images. Also, the Planckian locus needs to be defined for the multispectral
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imaging domain. Constraining the set of possible illuminants also have the same
issues of computational complexity and instability as discussed in Sect. 3.1, and
therefore, it does not guarantee better results. Exhaustive quantitative investiga-
tions would need to be performed for evaluation of the complexity, assumptions
and results for the extension of such algorithms as their extension to multispec-
tral imaging is not straightforward.

3.3 Inverse Intensity Chromaticity Space

The inverse intensity chromaticity space (IICS) was introduced by Tan et al. [24].
It is spanned by the chromaticity of a single channel and the inverse of image
intensity. A linear correlation between the image chromaticity and illumination
chromaticity is formed in the IICS. This correlation allowed the estimation of
scene illumination without segmenting the color beneath the highlights. This
method has the potential of extension for multispectral imaging, since it deals
with each channel separately. One of the limitations of this algorithm is the
detection of highlight regions, which can be improved by selecting a suitable
method for multispectral imaging [25]. Riess et al. [26] proposed local estimates
of scene illuminant by decomposing the image into mini-regions and then using
those estimates for computing the dominant illuminant of the scene by using the
inverse intensity chromaticity space. The proposed method is an extension of
[24] and also has the potential for extension to higher dimensional multispectral
data.

3.4 Use of Polarizing Filter

The use of polarizing filter for obtaining specular only image is proposed in
[27,28]. In [27], knowledge of geometry of surfaces is required and its extension
for multispectral imaging is not obvious. However, Badawi et al. [28] proposed
the use of spatially constrained independent component analysis (ICA) and the
mutual information-based ICA for estimation of scene illumination. This method
has the potential to be extended for multispectral imaging. It is also worth
noting that the proposed method in [28] is tested on hyperspectral images after
thresholding the bright pixels and promising results are obtained.

4 Illuminant Information from Multispectral Images

4.1 Statistics Based Methods

The statistics based methods for illuminant estimation in color images are
extended by Khan et al. [29] for multispectral images and they found that algo-
rithms based on bright pixels (Max-RGB) and edge information (Gray-Edge)
provide good results. Use of highlights may further improve those methods. We
identified the method by Gijsenij et al. [30] who proposed the use of specular
and shadow edges in an image for estimation of scene illuminant. In their app-
roach, initially the illuminant estimation is performed in the same way as in
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the gray-edge algorithm [31]. The obtained estimate is improved by iteratively
removing the color cast and assigning weights to the edges. The illuminant is
estimated again by using the updated weights until a stable estimate of scene
illuminant is found. Use of edge information suggests that there is some sheen
reflection around the edges and this can be a valuable cue for the estimation
of scene illuminant. It can be anticipated that extension of [30] to multispectral
imaging can also bring promising results.

Drew et al. [32] proposed to estimate the scene illuminant by taking the mean
of specular pixels or pixels from near-white materials. In their method, a planar
constraint is imposed which assumes that the log-relative-chromaticity values for
near-specular pixels are orthogonal to the illuminant chromaticity. They defined
zeta-image which is formed by taking dot product of the log-relative-chromaticity
and the light direction. Their method works well when there are strong specular-
ities in the scene but the performance is significantly reduced when the specular
reflection from colored surfaces is low. However, when their proposed planar
constraint is used along with gray-world and gray-edge algorithms, the perfor-
mance of illuminant estimation is increased. It will be interesting to evaluate the
effect of imposing planar constraint and creating the so-called zeta images from
multispectral data, for estimation of scene illumination.

4.2 Low-Rank Matrix Factorization of Multispectral Data

There are some methods for highlights based illuminant estimation in multi-
spectral imaging that use the factorization property of data matrix. An et al.
[33] proposed illuminant estimation from highlight in multispectral images by
assuming that the chromaticity of specular components is uniform over all the
pixels. They also assumed that the surfaces with specular reflection have their
diffuse counterparts in the specular free regions. With this assumption, it is sug-
gested that the diffuse component of a specular pixel can be reconstructed from
another diffuse pixel containing the same material and the correlation between
the spectra of specular and diffuse reflection is low. By assuming a single light
source, or multiple light sources with normalized spectrum, a low-rank matrix is
formed by the specular pixels and is used to estimate the scene illuminant. The
proposed method in [33] requires more than 4 channels for its implementation.
Low-rank matrix factorization is further analyzed by Zheng et al. [34] for signal
separation. This method works well even with non-uniform illuminations but the
performance is degraded in presence of multiple illuminants or shadows. Their
work is improved by Chen et al. [35] by introducing a conditional random field
model for handling scenes with multiple illuminations and shadows.

4.3 Use of Singular Value Decomposition

Tominaga and Wandell [36] observed that color planes from different objects
intersect in a certain line, which gives the information of scene illumination.
They computed the color planes of reflected light through singular value decom-
position (SVD). This method is used for illuminant estimation in multispectral



Towards Highlight Based Illuminant Estimation in Multispectral Images 523

imaging by Huynh and Robles-Kelly [37]. They assumed that a scene is uni-
formly illuminated and used the uniform-albedo patches for illuminant estima-
tion. Using this technique, satisfying performance is obtained for monochromatic
patches. However, the pre-processing of images before applying this method is
the key factor which can significantly degrade the performance if not done prop-
erly. Imai et al. [38] proposed that the surface containing specular reflection is
two dimensional. They projected the segmented high dimensional spectral data
from the specular reflection, onto a two-dimensional space which is spanned by
the first two principal components. Within this space, the pixel distribution is
divided into two clusters and it is assumed that the specular highlight cluster is
coincident to the directional vector of the illuminant. Correct identification of
highlights is crucial for the performance of their proposed method. This method
is extended to multiple illuminants in [39,40].

The SVD and principal components based illuminant estimation methods
are already demonstrated to perform well for multispectral imaging but they
are dependant on the correct segmentation of highlights region in image. A
combination of highlight detection algorithm in multispectral imaging and the
proposed algorithms in this section can provide promising results for illuminant
estimation in multispectral imaging.

5 Conclusion

In this paper, we reviewed the illuminant estimation methods which are based on
highlights in images and identified the potential methods which can be extended
to multispectral imaging. Based on this qualitative analysis, the dichromatic
reflection model based methods that work in two dimensional chromaticity space
can be computationally complex and unstable for extension to multispectral
imaging. We identified some techniques that can be extended for multispectral
imaging. Quantitative analysis of such an extension is also required before reach-
ing to a final conclusion. By combining the current work with state of the art
highlight detection algorithms [25], the reader can pick the algorithms which
best suit the type of images and data to be processed for illuminant estimation.
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