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Intrinsic Properties of an Image with Highlights
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Abstract Shading and reflectance images, which are commonly called intrinsic images, are useful in many computer vision

applications. A number of methods have been proposed to extract those images. Unfortunately, all of these methods assume

diffuse only reflections and deem highlights to be outliers. To overcome the presence of highlights, usually reflection compo-

nents separation is applied before attempting to recover intrinsic images. However, it is well known that reflection components

separation itself is an intractable task that could pose additional problems. In this paper, we present a method that not only

extracts the intrinsic images from an image with highlights but also decomposes the image reflection components in a single

integrated framework. By considering reflection components as part of image intrinsic properties, and then using our method,

we can extract four type properties: shading image, reflectance image, diffuse reflection component and specular reflection

component. The method requires only a single image, without knowledge of the 3D geometrical data of the objects. The

method is based on the specular-free image, a diffuse component pseudo image that has a geometrical profile exactly identi-

cal to the diffuse component of the input image, and can be generated using a local (pixel-based) operation. The method is

effective even if the input image has textured surfaces.

Key words Intrinsic images, reflection components separation, specular reflections, diffuse reflections, shading and re-
flectance images.

1. Introduction

An image of objects or a scene contains abundant information.
Computer vision researchers have been trying to extract that in-
formation and then transform it into certain meaningful represen-
tations. A number of possible representations or descriptions can be
extracted from an image, depending on the objects/scenes and the
purpose of the extraction. However, in general, there are common
basic descriptions for all images, which are called intrinsic images
by Barrow et al. [2]. The intrinsic images originally included: illu-
mination color, illumination geometry, surface reflectance, surface
geometry, and viewpoint. Now researchers (e.g. [21] [20]) com-
monly reduce the number of the intrinsic images into two images:
reflectance (albedo) image and shading (illumination) image.

Many applications in computer vision benefited from the intrin-
sic images. Here are a few examples. Cast-shadow, which often
obstructs motion tracking, can be removed by using intrinsic im-
ages [21] [5]. Color segmentation or segmentation process in gen-
eral would be simpler by employing the reflectance image. Shape
from shading for multicolored surfaces can be directly generated
by using shading (illumination) image, without worrying about the
variance of albedo [6].

Many researchers have shown that recovering intrinsic images is
an ill-posed problem, and have proposed various methods to solve
it. Land et al. [10], before the intrinsic images were formally in-
troduced, proposed a method called the Retinex algorithm to sep-
arate shading and reflectance image for a one-dimensional image.
Horn [7] , followed by other researchers [3] [6] [20] extended the
method to deal with a two-dimensional image. To our knowledge,
these methods assume perfect diffuse only reflections, and do not
handle images that contain highlights. The main reason is that

surface reflectance discontinuities detection, which is crucially re-
quired in the algorithms, could mistakenly deem highlights to be
reflectance discontinuities, thereby causing the whole recovery to
produce incorrect results. Moreover, even if we could differenti-
ate highlights from reflectance discontinuities, the extracted shading
image would not represent the actual shading of the object or scene
since the extracted shading would include specular reflection com-
ponents. These problems can be resolved by separating the reflec-
tion components beforehand, in separated processes. Unfortunately,
it is well known that the reflections separation itself is an intractable
task that could pose more problems. In this paper we introduce a
method that is able to recover intrinsic images from an image with
highlights as well as to decompose the reflection components. Thus,
using our method, we can extract four intrinsic properties: shading
image, reflectance image, diffuse reflection component, and specu-
lar reflection component. All of these intrinsic properties are gener-
ated from a single image in a single integrated framework.

Many methods have been introduced to separate reflection com-
ponents. We can categorize them into three classes: methods us-
ing polarization filter [22] [15], methods using multiple images [14]
[13] and methods using a single image [16] [8] [1] [17]. Shafer [16],
who introduced the dichromatic reflection model, was one of the
early researchers who used a single colored image. He proposed a
separation method based on parallelogram distribution of colors in
RGB space. Klinker et al. [8] then extended this method by intro-
ducing a T-shaped color distribution, which represents reflectance
and illumination color vectors. Unfortunately, for many real im-
ages, this T-shape distribution is barely extractable due to noise,
etc. Bajscy et al. [1] proposed a different approach by introducing a
three dimensional space composed of lightness, saturation and hue.
In their method, the input image has to be neutralized to pure-white
illumination using a linear basis functions operation. Although this



method is more accurate than the method of Klinker et al. [8], it
needs correct hue and saturation segmentation. Tan et al. [17] intro-
duced the specular-to-diffuse mechanism and iterative framework.
Their methods can be applied for textured surfaces without explicit
segmentation.

In this paper, our goals is to recover the intrinsic properties of an
image that possesses highlights. Briefly, the method is as follows:
given a single colored image, we normalize the illumination color
using existing color constancy methods (e.g. [18]). The normaliza-
tion yields an image that has pure-white specular components. Us-
ing this image, a pseudo of the diffuse component we call specular-
free image is generated simply by shifting the intensity and chro-
maticity of the pixels non-linearly while retaining their hue. The
specular-free image has diffuse geometry exactly identical to the
diffuse geometry of the input image; the difference is only in the
surface color. Thus, by removing surface reflectance discontinuities
of the specular-free image, and by solving the poisson equation, we
will obtain the shading image of the specular-free image, which is
also the shading of the input image. Based on the estimated shading
images, we decompose the diffuse and specular reflections. Finally,
by knowing the diffuse only reflection and shading image, we can
generate the reflectance image straightforwardly.

The rest of the paper is organized as follows. In Section 2, we dis-
cuss the dichromatic model, image color formation and normaliza-
tion. In Section 3, we review the method to generate a specular-free
image. In Section 4, we elaborate on the method in detail, describ-
ing the derivation of the theory for extracting intrinsic images and
separating the reflection components. We provide a number of ex-
perimental results for real images in Section 5. Finally, we offer our
conclusions in Section 6.

2. Reflection Model

a ) Image Formation.
Considering the dichromatic reflection model [16], an image of

inhomogeneous objects taken by a digital color camera can be de-
scribed as:

I(x) = wd(x)

∫
Ω

S(λ, x)E(λ)q(λ)dλ + (1)

ws(x)

∫
Ω

E(λ)q(λ)dλ

where I = {Ir, Ig, Ib} is the color vector of image intensity or cam-
era sensor. The spatial parameter, x = {x, y}, is the two dimen-
sional image coordinates. q = {qr , qg, qb} is the three-element-
vector of sensor sensitivity. wd(x) and ws(x) are the weighting
factors for diffuse and specular reflections, respectively; their val-
ues depend on the geometric structure at location x. S(x, λ) is
the diffuse spectral reflectance function, while E(λ) is the spectral
power distribution function of illumination. E(λ) is independent
of the spatial location (x) because we assume a uniform illumina-
tion color. The integration is done over the visible spectrum (Ω).
Note that we ignore the camera gain and camera noise in the above
model, and assume that the model follows the neutral interface re-
flection (NIR) assumption [11], i.e., the color of specular reflection
component equals the color of the illumination. For the sake of sim-
plicity, Equation (2) can be written as:

I(x) = wd(x)B + ws(x)G (2)

where B =
∫
Ω

S(λ, x)E(λ)q(λ)dλ, and G =
∫
Ω

E(λ)q(λ)dλ.
The first part of the right side of the equation represents the diffuse
reflection component, while the second part represents the specular
reflection component.

b ) Chromaticity
Besides the dichromatic reflection model, we also use chromatic-

ity or normalized rgb, which is defined as:

�(x) =
I(x)

Ir(x) + Ig(x) + Ib(x)
(3)

where � = {σr, σg, σb}. Based on the equation, for the diffuse
only reflection component (ws = 0), the chromaticity will be inde-
pendent from the diffuse weighting factor wd. We call this diffuse
chromaticity (Λ) with definition:

Λ(x) =
B(x)

Br(x) + Bg(x) + Bb(x)
(4)

where Λ = {Λr, Λg, Λb}. On the other hand, for the specular only
reflection component (wd = 0), the chromaticity will be indepen-
dent from the specular weighting factor (ws), and we call it specular
or illumination chromaticity (Γ):

Γ =
G

Gr + Gg + Gb
(5)

where Γ = {Γr, Γg, Γb}. Consequently, with regard to Equation
(4) and (5), Equation (2) becomes able to be written in term of chro-
maticity:

I(x) = md(x)Λ(x) + ms(x)Γ (6)

where

md(x) = wd(x)
[
Br(x) + Bg(x) + Bb(x)

]
(7)

ms(x) = ws(x)(Gr + Gg + Gb) (8)

As a result, we have three types of chromaticity: image chromatic-
ity (�), diffuse chromaticity (Λ) and illumination chromaticity (Γ).
The image chromaticity is directly obtained from the input image
using Equation (3). In addition, from their definitions, we know
that (σr + σg + σb) = (Λr + Λg + Λb) = (Γr + Γg + Γb) = 1.

Based on the dichromatic reflection model and chromaticities def-
initions derived above, we describe our goals: given image intensi-
ties (I(x)) whose illumination chromaticity (Γ) is estimated by a
color constancy method; we intend to decompose them into their
reflection components: md(x)Λ(x) and ms(x)Γ; and, to extract
the relative values of shading image (wd) as well as the relative val-
ues of reflectance image [(Br + Bg + Bb)Λ].

c ) Normalization
Our method requires that the color of the specular component be

pure white (Γr = Γg = Γb). However, in the real world, finding
a pure white specular component is almost impossible. Most light
sources are not wavelength-independent. Consequently, to obtain a
pure white specular component, we need to normalize the input im-
age. Here we propose a simple method of normalization that does
not require approximated linear basis functions such as in [1].

Our normalization requires the value of Γ (illumination chro-
maticity). To estimate it, we can use color constancy algorithms
that can handle both uniformly colored surfaces and textured sur-
faces such as [18], or we can use white reference as another alterna-
tive. We describe estimated illumination chromaticity as Γest, with
Γest = {Γest

r , Γest
g , Γest

b }, which enables the normalized image
intensity to be expressed as:

I′(x) = md(x)Λ′(x) + ms(x) (9)

where I′(x) = I(x)
Γest , the normalized image intensity and Λ′ =

Λ(x)
Γest , the normalized diffuse chromaticity, and we assume Γ

Γest =



(a) (b)

Fig. 1 (a) Synthetic image. (b) Projection of the synthetic image pixels into
the maximum chromaticity intensity space.

Fig. 2 Specular-to-diffuse mechanism. The intersection point is equal to
the diffuse component of the specular pixel. By knowing diffuse
chromaticity from the diffuse pixel, the intersection point can be ob-
tained.

{1, 1, 1}. Using the above normalization, we can obtain a scalar
value of the specular reflection component.

Later, when the separation is done, to obtain the actual reflec-
tion components, we need to renormalize the separated components,

simply by multiplying them
[
md(x)Λ′(x) and ms(x)

]
with Γest.

3. Specular-free Image

In our previous paper [17], we introduced the specular-free im-
age, a pseudo of diffuse component which can be generated from
specular-to-diffuse mechanism. Here is an overview of the method.

d ) Specular-to-diffuse Mechanism
The mechanism is basically derived from maximum chromaticity

and intensity values of diffuse and specular pixels. Following the
chromaticity definition in Equation (3) we define maximum chro-
maticity as:

σ̃′(x) =
max(I ′

r(x), I ′
g(x), I ′

b(x))

I ′
r(x) + I ′

g(x) + I ′
b(x)

(10)

where {I ′
r(x), I ′

g(x), I ′
b} are obtain from a normalized image (I′

in Equation (9)). Identically, σ̃′(x) = max(σ′
r(x), σ′

g(x), σ′
b(x)),

where �
′ is the image chromaticity of the normalized image. Un-

like chromaticity (�′), maximum chromaticity (σ̃′) is a scalar value.

When two pixels, a specular pixel I′(x1) and a diffuse pixel
I′(x2), with the same Λ′ are projected into the maximum chro-
maticity intensity space, the location of the diffuse point will be
at the right side of the specular point, since diffuse’s maximum
chromaticity is larger than specular’s maximum chromaticity. If the
specular component’s color is pure white (Γr = Γg = Γb), then,
by first subtracting every color channel of the specular pixel’s inten-
sity using a small scalar number, and then projecting the subtracted
values into the maximum chromaticity intensity space, we will find
that the projected points form a curved line in the space, as shown
in Figure 2. This curved line follows the following equation (see
Appendix for complete derivation):

(a) (b)

Fig. 3 (a) Synthetic image. (b) Projection of the synthetic image pixels into
the maximum chromaticity intensity space.

Ĩ ′(x) = md(x)(Λ̃′(x) − 1/3)(
σ̃′(x)

σ̃′(x) − 1/3
) (11)

The last equation proves that the distribution of specular points in
maximum chromaticity intensity space forms a curved cluster if the
values of md vary (Figure 1.b).

In Figure 2, we can observe that a certain point in the curved
line intersects with a vertical line representing the maximum chro-
maticity of the diffuse point. At this intersection, ms of the specular
pixel equals zero, since the maximum chromaticity of the subtracted
specular pixel becomes identical to that of the diffuse pixel. As a
consequence, the intersection point becomes crucial, since it indi-
cates the diffuse component of the specular pixel ( md(x1)Λ′). To
obtain this value, we first compute md(x1), which can be derived
from Equation (11):

md(x1) =
Ĩ ′(x1)[3σ̃′(x1) − 1]

σ̃′(x1)[3Λ̃′(x) − 1]
(12)

To compute md we need to know the value of Λ̃′(x1). This value
can be obtained from the diffuse pixel since, if the two pixels have
the same diffuse chromaticity, then Λ̃′(x1) = Λ̃′(x2) = σ̃′(x2).
Upon knowing the value of md(x1), we can directly obtain the
value of ms(x1), since ms(x1) = 1

3
[(I ′

r(x1)+I ′
b(x1)+I ′

g(x1))−
md(x1)]. As a result, the normalized diffuse reflection component
of the specular pixel becomes able to obtain: md(x1)Λ′(x1) =

I′(x1) − ms(x1).
To correctly compute the diffuse component (md(x1)Λ′), the

mechanism needs a linearity between the camera output and the flux
of incoming light intensity. Moreover, in the case of the above two
pixels, the mechanism can successfully obtain the reflection compo-
nents because the diffuse chromaticity is known. Unfortunately, in
real image, to find the diffuse chromaticity correctly is not a trivial
task [19].

In spite of the fact that we cannot directly use a the specular-to-
diffuse mechanism to separate the reflection components, the mech-
anism still gives significant information about the diffuse compo-
nent, since it tell us that the diffuse component of a specular pixel
lies somewhere on the curved line (Equation (11)). This information
is crucial to generate a specular-free image.

e ) Specular-Free Image.
To generate a specular-free image, we simply set the diffuse max-

imum chromaticity (Λ̃′ in Equation (12)) equal to an arbitrary scalar
value (1/3 < Λ̃′ <= 1), for all pixels regardless of their color. For
instance, we set Λ̃′ equal to 0.5 for image in Figure 3.a, which im-
plies that the distribution of the points in maximum chromaticity-
intensity space becomes a vertical line as shown in Figure 4.a. This
operation can produce an image that does not have specular reflec-
tions (Figure 4.b). Figure 5.a shows a real image of a multicolored



(a) (b)

Fig. 4 (a) Shifting all pixels into arbitrary Λ̃′ . (b) Specular-free image.

(a) (b)

Fig. 5 (a) Input image (b) Specular-free image by setting Λ̃′ = 0.5. The
specular components are perfectly removed; the difference is only
in the surface color.

scene. By setting Λ̃′ = 0.5 for all pixels, we can obtain an image
that is geometrically identical to the diffuse component of the input
image (Figure 5.b). The difference of both is solely in their surface
colors.

The operation can successfully remove highlights mainly because
the saturation values of all pixels are made constant with regard to
the maximum chromaticity, while retaining their hue [4] [1]. It is
well known that, if the specular component’s color is pure white,
then diffuse and specular pixels that have the same surface color
will have identical values of hue, and different saturation values.

Formally, we can describe the specular-free image as:

I̊(x) = m̊d(x)Λ̊(x) (13)

where I̊ = {I̊r , I̊g, I̊b} is the image intensity of the specular-free
image, Λ̊ = {Λ̊r, Λ̊g, Λ̊b} is the diffuse chromaticity, and m̊d is
the diffuse weighting factor. The geometrical profile of m̊d is the
same as the geometrical profile of md (the diffuse weighting factor
of the normalized image).

Generating a specular-free image by using the specular-to-diffuse
mechanism is a one-pixel-based operation that requires only a single
colored image without any segmentation process. As a result, it is
simple and probably useful for many computer vision applications
that do not need actual surface color but suffer from highlights. Note
that, in order to avoid generating negative values of I̊(x), the arbi-
trary scalar value of maximum diffuse chromaticity (Λ̃new) should
be chosen from a value near the smallest maximum chromaticity of
the input image. Also, caution should be taken in using a specular-
free image, particularly for applications that require evaluating color
discontinuity since, in the case of two adjacent colors that have the

(a) (b)

Fig. 6 (a) Shading recovery of image shown in Figure 4.b. (b) Shading
image.

same hue but different saturation, discontinuities of the two colors
will disappear.

4. Intrinsic Properties Extraction

4. 1 Shading Image
Our method of shading recovery is similar to the method of Funt

et al. [6]. First, we identify reflectance discontinuities using a simple
thresholding based on chromaticity and intensity changes. We apply
intensity logarithmic differentiation for all pixels, and set logarith-
mic differentiation equal to zero for pixels at reflectance discontinu-
ities. As a result, we have the Poisson equation and, by solving the
equation, we can obtain the shading image. However, instead of ap-
plying the shading recovery for the input image directly, we apply
it for the specular-free image; since this image has no highlights.
Figure 6 shows the result of shading recovery for a synthetic image
shown in Figure 4.b.

Mathematically, we describe the shading image as:

l(x) = kwd(x) (14)

where l (a scalar value) is the image intensity of shading image; k is
an unknown scalar value, which is constant throughout the shading
image. The presence of k indicates that the recovery cannot produce
absolute shading values. wd is the weighting factor of diffuse reflec-
tion in Equation (7). If we use Lambert law [9], then wd = cosθi,
where θi is the angle of the light direction and the surface normal.
However, for more general models, we do not define the function of
wd specifically.

4. 2 Diffuse and Specular Reflections
For the sake of simplicity, in this section we will first discuss the

separation of diffuse and specular reflection components for uni-
formly colored surfaces. Then, we will extend the method to deal
with multicolored surfaces.

f ) Uniformly Colored Surfaces
Previously in Equation (9), we have define that I′(x) =

md(x)Λ′(x) + ms(x). Since Λ′
r + Λ′

g + Λ′
b = 1, then we can

obtain:

I ′
r + I ′

g + I ′
b = md + 3ms (15)

where md as defined in Equation (7) equals to wd(Br +Bg + Bb).
Thus, by knowing the values of md for both diffuse and specular
pixels we can straightforwardly find the values of ms. Unfortu-
nately, using the normalized input (I′) alone does not enable us to
know all values of md, particularly for specular pixels.

To find the values of md for all pixels (both diffuse and specular
pixels), we combine Equation (14) and Equation (7):

md(x) =
[
l(x)

][
(Br + Bg + Bb)

k

]
(16)

Then, the problem is how we can find the value of (Br+Bg+Bb)

k
.



(a) (b)

Fig. 7 (a) Diffuse reflection component of image shown in Figure 1.a. (b)
Specular reflection component.

We propose three steps to solve it:
( 1 ) For a uniformly colored surface, we assume that (Br +

Bg +Bb) is constant throughout the image. This assump-
tion is reasonable, since B can be defined as the multipli-
cation of albedo and intensity of incident light. Thus, both
k and (Br + Bg +Bb) are constant throughout the image

( 2 ) We identify diffuse pixels by using the below decision rule
and applying it for all pixels:

∆(x) = dlog(I′(x)) − dlog(̊I(x)) (17)

∆(x)

{
= 0 : diffuse
|= 0 : specular

(18)

( 3 ) For diffuse pixels, we know that I ′
r + I ′

g + I ′
b = md. Con-

sequently, by solely employing the diffuse pixels we can
obtain:

(Br + Bg + Bb)

k
=

md

l
(19)

In practice, to have a single value of (Br+Bg+Bb)

k , we can compute
the average value for all diffuse pixels; and plug it into Equation
(16) for every pixel. Figure 7 shows the result of separating diffuse
and specular reflection components for uniformly colored surfaces
of Figure 1.a.

g ) Multicolored Surfaces
Unlike uniformly colored surfaces, in dealing with multicolored

surfaces, we cannot assume that (Br + Bg + Bb) is constant
throughout the image since different surface reflectance have differ-
ent albedo. To overcome this problem, we use color segmentation.
Despite the fact that color segmentation is still an open problem in
computer vision particularly when there are highlights in the im-
age, by using hue-based region growing segmentation (e.g. [12]),
the highlight problem will be less problematic to solve. When the
color segmentation has been done, it will also make the reflectance
discontinuities easier to obtain. Figure 8.a shows the color segmen-
tation result for real image shown in Figure 5.a.

After the segmentation, diffuse-specular reflections separation for
every region can be done using the same algorithm as that used
for uniformly colored surfaces. Lastly, to obtain the actual diffuse
and specular reflection components, we have to multiply each pixel
of the estimated reflection components with estimated illumination
chromaticity. Figure 9 shows the separation result for multicolored
surfaces.

4. 3 Reflectance Image
Having obtained the actual diffuse only reflection and shading

image, extracting the reflectance image becomes straightforward,
since:

h(x) =
md(x)Λ(x)

l(x)
(20)

(a) (b)

Fig. 8 (a) Color segmentation result. (b) Shading image.

(a) (b)

Fig. 9 (a) Diffuse reflection component. (b) Specular reflection component.

where h = {hr, hg , hb} is the image intensity of the reflectance
image. Alternatively, we can also use:

h(x) = Λ(x)
(Br(x) + Bg(x) + Bb(x))

k
(21)

where Λ can be obtained from the chromaticity of the actual (renor-
malized) diffuse reflection component. Figure 10.a shows the re-
flectance image of Figure 9.a.

5. Experimental Results

h ) Experimental Results
All images in our experiments were taken using a CCD camera:

SONY DXC-9000 (a progressive 3 CCD digital camera) by setting
the gamma correction off. We used convex-shaped objects to avoid
inter-reflections; in our experiments, we ignored saturated pixels as
well as pixels below camera dark. The illumination chromaticities
were estimated using a color constancy algorithm [18]. Figure 11
shows the extraction results for an object with a complex textured
surface.

6. Conclusion

We have proposed a novel method to recover four-type properties
of an image: shading image, reflectance image, diffuse reflection
component and specular reflection component, in a single integrated
framework. The method relies on the specular-free image which has



(a) (b)

Fig. 10 (a) Reflectance image. (b) Top: input image of complex textured
surfaces; bottom: color segmentation result. Note, for the color
segmentation we ignore pixels below camera dark.

(a) (b)

(c) (d)

Fig. 11 (a) Diffuse reflection. (b) Specular reflection. (c) Shading image.
(d) Reflectance image

the same geometrical profile as the diffuse component of the input
image. However, in this paper, we do not handle the case where two
different surface colors have the same hue but different saturation,
since the specular-free image fails to differentiate them. Solving
this problem will be our future work. The experimental results on
complex textured images show that the proposed method is accurate
and robust.
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Appendix

Derivation of the correlation between illumination chromaticity
and image chromaticity.

σ̃′(x) =
md(x)Λ̃′(x) + ms(x)

md(x)[Λ′
r(x) + Λ′

g(x) + Λ′
b(x)] + 3ms(x)

(22)

where [Λ′
r + Λ′

g + Λ′
b] = 1. For local (pixel based) operation the

location (x) can be removed. Then:

ms = md
(Λ̃′ − σ̃′)
(3σ̃′ − 1)

(23)

Substituting ms in the definition of Ĩ (Equation (9)) with ms in the
last equation:

Ĩ ′ = md(Λ̃
′ − 1/3)(

σ̃′

σ̃′ − 1/3
) (24)
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