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Abstract

Our aim is to detect homogeneously colored regions
invariant to surface orientation change, illumination,
shadows and highlights in multi-spectral images where
the spectral range corresponds to the wisible wavelength
interval. To this end, the influence of multi-spectral
sensor space, normalized multi-spectral sensor space,
and hue color space are examined, in theory, for the
dichromatic reflection model and, in practice, for seg-
mentation techniques based on k-means clustering. We
show that homogeneously colored regions can be detected
mwvariant to surface orientation change, shadows and
highlights under the condition of equal-energy illumina-
tion where e(\) = e = constant.

In this paper, we first present a method that
achieves, in theory and in practice, an approzimation of
equal-energy illumination. The method requires that the
spectral distribution of the illuminant is known. Sec-
ondly, we derive in theory three cluster models: points,
lines and planes and show the invariance for each model
to surface orientation change, illumination, shadows
and highlights. We then present segmentation algo-
rithms which incorporate these models and which are
based on the k-means clustering technique. Experiments
are conducted on multi-spectral images taken from col-
ored objects in real-world scenes.

On the basis of the theoretical and experimental
results on multi-spectral images it is concluded that
the line and plane model detect regions invariant to a
change in surface orientation, viewpoint of the cam-
era, and illumination intensity. Furthermore, the plane
model also detect regions independent of highlights. The
point model provides segmentation results which is sen-
sitive to surface orientation and illumination inten-
sity.

1 Introduction

In the past, various color image scgmentation methods
have been proposed which do not account for the im-
age formation process, [2]. [6], for cxample. A major
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drawback of these color segmentation methods is that
the values of the color features, on which the scgmen-
tation mecthod rclics, depend on the gecometry of the
object, the viewpoint of the camera or the illumination
conditions. As a conscquence, the obtained scgmenta-
tion results arc negatively affected by shadows, shading
and highlights. In contrast, color scgmentation meth-
ods that account for the process of image formation arc
studied recently. One of the first methods based on
physics considerations is Klinker et al. [5]. They de-
veloped a color scgmentation algorithim based on the
dichromatic reflection model proposed by Shafer [7].
The method is based on cvaluating ”dog-leg” clusters in
RG B-space. Then follows scgmentation independent of
the object’s geometry, illumination and highlights. To
achicve robust image scgmentation, however, surface
patches of objects in view must have a rather broad
distribution of surface normals which may not hold for
objeccts in general. Bajscy et al. [1] developed a similar
image scgmentation method using the H— S color space
instcad of the RGB-color spacc. Healey[4] proposcs a
mecthod to scgment images on the basis of normalized
color. However, as normalized color is sensitive to high-
lights, a scparate highlight removal technique should
be applied on the image prior to the actual scgmenta-
tion. Various color featurcs have been studied using a
multi-resolution segmentation method [6]. However, no
(reflection) model of the color imaging process is con-
sidered to explain the observed cffects.

Our aim is to detect homogencously colored regions
invariant to surfacc orientation change, illumination,
shadows and highlights in multi-spectral images. The
spectral range is the visible wavelength interval. In or-
der to obtain color constancy, we develop a method that
achicves an approximation of cqual-cnergy illumination
where e(A) = ¢ = constant. We then analyze, in the-
ory, the influence multi-spectral sensor space, normal-
ized multi-spectral sensor space, and hue color space,
for the dichromatic reflection model.

Basced on these theoretical observations, we derive
three cluster models in multi-spectral sensor space:
points, lincs and plancs and show the sensitivity or in-




variance for each model to surface orientation change,
illumination, shadows and highlights. We then develop
segmentation algorithms which incorporate these mod-
els and which are based on the k-means clustering tech-
nique. Experiments are conducted on multi-spectral
images taken from colored objects in real-world scenes.

The paper is organized as follows. In Section 2, the
dichromatic reflection model under equal-energy illumi-
nation is given. The reflection model is used to study
and analyze the multi-spectral subspace on which col-
ors will be projected from an uniformly painted sur-
face patch. In Section 3, segmentation methods are
discussed. Experiments carried out with these segmen-
tation methods will be given in Section 4. A summary
is given in Section 5.

2 Photometric Color Invariance

2.1 The Reflection Model

Consider an image of an infinitesimal surface patch.
Using N narrow-band filters with spectral sensitivities
given by fi(A)...fn(A) to obtain an image of the sur-
face patch illuminated by a spectral power distribution
(SPD) of the incident light denoted by e()), the mea-
sured sensor values will be given by Shafer [7]:

Co= my(i1,5) [, fu(Ne(Nes(N)dA +

ms(n,s,f)’) j)\ fn(A)e(A)CS(/\)d/\ (1)
for Cy, giving the nth sensor response. Further, c;())
and c,(A) are the albedo and Fresnel reflectance respec-
tively. A denotes the wavelength, 7 is the surface patch
normal, § is the direction of the illumination source,
and ¥ is the direction of the viewer. Geometric terms
myp and m, denote the geometric dependencies on the
body and surface reflection respectively.

2.2 Illumination Independence

Consider the reflectance of a matte, white reference
with constant spectral response, ¢;(\) = constant = 1.
Assume that the surface normal is equal to the viewing
direction, thus m,(7, §) = 1. As no specularities occur,
the measured sensor values are, according to Eq. 1:

Co = [ £ae(a)x )
X

for €, giving the nth sensor response for the white ref-
erence sample. This way, the spectral transmittance of
the illuminant is measured. Next, an image is captured
of an arbitrary scene, and is divided by the previously
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obtained recording of the illuminant. We thus have:

me(@8) [, fn(Ve(Wes(N)dA
J, Fne(rydx
ms (7.5.9) [ Fa(Ne(Nea(A)dA
L\ 2 Ve)dx

Cp =

3)

for C,, giving the nth sensor response. Now assume
that the filter f,,(\) is a narrow band filter modeled as
a unit impulse that is shifted over n wavelengths: The
transmission at A, = ¢ and zero elsewhere. This allows
us to rewrite Eq. 3 as:

_ my(d)fa(NeNes (M)
Cpn = Ta VeV 5
M (,8.5) Frn (Ne(A)cs (A)
Fa(N)e(X) (4)
and thus
Crn = mu(1, 5")61)()\) + ms(7, 3, _’)Cs()‘) (5)

Eq. 5 implies that, under the assumption of a unit im-
pulse band filter, the imagery can be made independent
of the illuminant, if the original image is divided by the
spectral transmittance of the illuminant.

However, in practice, the color filters are never unit
impulse band filters. Eq. 5 now only holds if e()), ¢,(\)
and cs(\) have constant transmittance over the wave-
length pass interval of the filter. Under the assumption
that natural objects, due to physics restrictions, show
somehow smooth spectral power distributions and un-
der the assumption that the illuminant used has a grad-
ual changing SPD, we might still be able to approximate
Eq. 5.

2.3 Reflection with White Illumination

As no color exists without illumination, we illuminate
with an equal-energy spectrum illuminant on the wave-
length basis: e(\) = e = constant. Considering dichro-
matic reflectance and equal-energy or “white” illumi-
nation, then ¢s(A) = ¢;. The measured sensor values
are then:

OO Sk G e / f0dA  (6)
A

for C,, giving the nth sensor response. under the
assumption of an equal-energy or white light source.
= j)\ Ffa(N)es(A)dA is a compact formulation depend-
ing on the sensors and the surface albedo.

If the integrated white condition holds (as we as-
sume throughout the paper) then:

Aﬁmw=ﬂﬁma=m=ﬁmmw=f0)



and thus:

C, = emyp (71, 8k, + ems(71, 5, 0)c, f

®)

In the next section, this reflection model will be used
to study the behavior of the different color spaces in
multi-spectral space.

2.3.1 Photometric Invariant Color Features for
Matte, Dull Surfaces

Consider the body reflection term of Eq. &:

Cnp = emy(it, Hkn 9)

for C,,. giving the nth sensor response of a matte, dull
surface patch under the assumption of equal-energy il-
lumination.

According to the body reflection term, the color de-
pends only on k, (i-e. sensor and surface albedo) and
the brightness on factor em (i, §). Then the observed
colors of a matte, dull surface with fixed k, can be
represented by the color cluster vector E, see Fig. 1,
where the direction of B is based on k,, and its extent
by emy(i7,5). As a consequence, a uniformly painted
surface (i.e. with fixed k) may give rise to a broad
variance of sensor values due to the varying circum-
stances induced by the image-forming process such as a
change in object orientation, illumination intensity-and
position.

Il
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Figure 1: Color cluster vector B of a matte surface in

RGB, and color cluster vector s of a shiny surface in
RGB.

In contrast, normalized sensor space, for in-
stance normalized rgb, or in the multi-spectral case,
¢1,C2,...CN—1 is insensitive to surface orientation, illu-
mination direction and intensity as can be seen from:

c1(C1,Cs,.CN)
emy (7, 5)k1
emb(ﬁ, g)(kl + &k + ...+ ka)
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k1
ki+ ki + ...+ kN

(10)

only dependent on the sensors and the surface albedo.
Equal arguments hold for ¢»..cy—1-

Similarly, hue H is an invariant for. matte, dull sur-
faces. Assume that three color filters Cy, C2, C3 corre-
spond to the RGB filters of a color camera, so C1 = R,
Cy = G, C3 = B Let H then be defined as

V3(Cs — C3)
(ChL—Cs) +(C1—Ch)

H(Cy,Cs,C3) = arctan(

)

Substitution of Eq. 9 in Eq. 11 produces: !
H(C15,C2p,C3p) =
afcmn(embmgf&ifnﬁgﬁ e
arctan( Vlkc, — ko,) ) (12

(kcl o kCQ) =l (kCl = sz)

Obviously, in practice, the assumption of objects com-
posed of matte, dull surfaces is not always realistic. To
that end, the effect of surface reflection (highlights) is
discussed in the following section.

2.3.2 Photometric Invariant Color Features for
Both Matte and Shiny Surfaces

Consider the surface reflection term of Eq. 8:

Cs = ems(1, 5,0) f (13)
for a RGB camera where C; = R, C- = G, C3 = B
and thus Cs; € {C1,5.C25,Cs.5} giving the red, green
and blue sensor response for a highlighted surface patch
with white illumination.

Note that under the given conditions, the color of
highlights is not related to the color of the surface on
which they appear, but only on the color of the light
source. Thus for the white light source, the surface
reflection color cluster S is on the achromatic axis of
the color space corresponding to intensity I, see Figure
1

For a given point on a shiny surface, the contribution
of the body reflection component Cj and surface reflec-
tion component C, are added together Cy, = Cs + Cj.
Hence, the observed colors of the surface must be in-
side the triangular color cluster of a three dimensional
color space formed by the two reflection components,
see Fig. 1.

Because H is a function of the angle between the
main diagonal or achromatic axis where C; = Cy =
... = Cn and the color point, all possible colors of the
same (shiny) surface region (i.e. with fixed albedo) have



to be of the same hue as follows from substituting Eq. 8
in Eq. 11:

H(Cl.rw, C‘Z,U,r’ C3,w)
V3(Cos — C3.0) )

(Crw = Cow) + (Crw — C2.0)
V3emy (i, 5) (kc, — ke,) )
)

arctan

arctan (

emy (11, §)((kc, — ke,) + (key — kes))
\/g(l‘:C:’ = kCa)

arctan
((kCl T kCz) e (kcl =y kCa)

(14)

factoring out dependencies on illuminant e, object
geometry my (7, S), viewpoint m(7, 5,v), and spec-
ular reflection coefficient ¢, and hence only de-
pendent on the sensors and the surface albedo.
Note that Ci. = emp(i,8kc, + ems(i, 5, 0)c, f,
Cow = emy(it, ke, + emy(7t, 5,7)cs f, and Cs.,
emy (77, ko, + emg(71, 5, U)cs f-

It is important to note that if the assumption of
white illumination is not valid, that then the hue is
not invariant for highlights. Consider an infinitesimal
surface patch with m,(7,5) = 0 (for instance trans-
parent glass), where the Fresnel reflectance is constant
¢s(A) = ¢,. The measured sensor values are

B, o / FaWe)dA (1)
A

Comparison of Eq. 15 and Eq. 2 tells that the spec-
ular reflectance has the same spectral distribution as
the illuminant, though not the same intensity. Thus,
the main diagonal spanned by the surface patch under
varying i, §, U has the same orientation as the illumi-
nant. As the illuminant is not white, the main diagonal
does not correspond to the achromatic axis. Because H
is a function of the angle between the main diagonal or
achromatic axis where C; = Cy = ... = Cn and the
color point, it is necessary to obtain equal-energy illu-
mination using Eq. 3 for hue to be valid.

3 Segmentation Method

The k-means method is based on the minimization of
the sum of squared distances of all pixels to their clus-
ter means. First an initial partition is given, obtained
by assigning each pixel to its closest cluster mean, on
basis of the Euclidean distance measure, and new par-
titions are obtained by moving pixels from one cluster
to another until the summed square distance is reduced
to its minimum. For a more detailed description, see
for example [3].
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Figure 2: Object exhibiting a large variety of body re-
flection.

3.1 Clustering by Fitting Points, Lines
(Matte Objects) or Planes (Shiny
Objects) Through RGB-data

A naive approach for image segmentation is to fit k
points (k-means) in RGB space. As was shown in Sec-
tion 2.3.1, a uniformly painted surface may give rise to
broad variance of RGB values due to varying circum-
stances induced by the image-forming process such as a
change in object orientation, illumination and position.

An alternative way is to cluster on k straight lines
(k-lines) starting from the origin in RGB-color space.
This can be seen as follows. According to the body
reflection model given by Eq. 9, the observed colors
of a matte, dull surface with fixed k,, are represented
by the color cluster vector B, see Fig. 1. Therefore, we
propose that the alternative distance measure is defined
as the shortest distance of the observed color to a line
starting from the origin. To illustrate this, consider the
color image in Fig. 2. The corresponding multi-spectral
data shown in Fig. 3 shows two distinct colors. The k-
lines clustering method accurately detects lines starting
at the origin through the multi-spectral data.

Similarly, to find homogeneous colored shiny sur-
faces, we propose an alternative distance measure which
is based on fitting planes (k-planes), originating at the
achromatic axis, to the observed colors in the RGB-
color cube. In other words, a region is considered to
be homogeneous if the RGB-colors form a plane, see
Figure 1, in the RGB-color cube at one side of the
achromatic axis.

4 Experiments

In this section, we evaluate and compare the perfor-
mance of the various cluster models for the purpose of
color invariant image segmentation.

4.1 Preprocessing

First, in Eq. 3 it was shown that if the spectral trans-
mission of the illuminant is known, division of each
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Figurc 3: From the image shown in Fig. 2, multi-
spectral data is obtained. The spectra are sampled at
bandwidths of 20 nm. Next, the clustering algorithm
fits lines through the multi-spectral pizels. The graphs
shown here contain the plots of the same pizels, each
time for two different spectra. The graphs show that
pizels form lines starting at the origin, due to varying
geometry of the objects. By the fitting of lines through
the pizel clusters, segmentation can be achieved invari-
ant to illumination, geometry and shadows.
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color band by the spectral transmission of the illumi-
nant for that color band, will approximatcly factor out
the illuminant. This way, cqual-cnergy illumination is
achicved, on which the segmentation algorithm relics.
This pre-processing step is demonstrated in Fig. 4, 5.
The spectra were recorded using an Imspector V7 spec-
trograph with the aid of a Jain CV-M300 gray valuc
camera the Matrix Magic Color frame grabber. Illu-
minants arc halogen and a Dolan & Jenner Fiber-Lite
PL800 Illuminator. The digitization was donc in 8 bits.
In Fig. 4a, the spectral transmission of two different
illuminants is shown. The bandwidth of the narrow
band filters is 5 nm. In Fig. 4b, the spectral trans-
mission of the orange ycllow patch of the MacBeth
ColorChecker is shown, illuminated by the two light
sources. In Fig. 4c, the reconstructed spectral trans-
mission of the sample under cqual-cnergy illumination
is shown. Between wavelengths 500 nm and 650 nm,
both reconstructed spectra appear similar. As is clear
from this result, Eq. 3 is scnsitive to the spectral power
distribution of the illuminants. For cxample, the trans-
formation shows to be unstable between 400 and 500
nm wavclength.

In Color Fig. 5, the experiment is repeated for an
RGB imagce depicting a red, green and a blue pen.
The objects were recorded with the aid of the SONY
XC-003P CCD color camera (3 chips) and the Matrox
Magic Color frame grabber. The digitization was donc
in 8 bits per color. In Fig. 5a, the scenc is illumi-
nated by a halogen light source. The camera is white
balanced, yiclding cqual-cnergy illumination. Fig. 5b
contains the same scene illuminated by yellow filtered
tungsten light source. Fig. 5c shows the reconstruction
of Fig. 5b as if the scene was illuminated by the cqual-
cnergy halogen light source. By comparison of Fig. 5a
and Fig. 5¢, the overall color appcarance is approxi-
matcly similar. However, the tungsten light source is
tubular shaped, while the halogen light source is a point
sourcce. Thercfore, highlights (dependent on direction
of the light source) show up differently. In Fig. 5c. the
transformation to cqual-cnergy illumination is shown
graphically: The dashed color cube contains the RGB
spacc duc to the yellow filtered tungsten light source.
With a change in illumination, both the size and shape
of the color cube change. The cqually sided larger cube
corresponds to white, cqual-cnergy illumination. Scal-
ing of the axes of the yellow filtered tungsten light cube
thus yiclds an approximation of the cqual-cnergy illu-
mination color cube.

4.2 Segmentation

Having the cqual-energy illumination condition approx-
imatcly fixed, we now consider the scgmentation results



Transmission

07

06

05|

o
S

Transmission

°
®

Transmission

550
Wavelength

Figurc 4: a. Spectral transmission of the two illu-
minants. b.Spectral transmission of the orange yellow
patch of the MacBeth ColorChecker, illuminated by the
two tlluminants. c. Reconstructed spectral transmission
of the orange yellow patch under equal-energy illumina-
tion.
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0,0,0) Red

Figurc 5: a. Color image under white illuminant. b.
Color image under yellow filtered tungsten illuminant
c. Reconstructed white illuminant image from yellow
illuminant image d. Transformation to equal-energy il-
lumination: The dashed color cube contains the RGB
space due to the yellow filtered tungsten light source.
With a change in illumination, both the size and shape
of the color cube change. The equally sided larger cube
corresponds to white, equal-energy illumination. Scal-
ing of the azes of the yellow filtered tungsten light cube
thus yields an approxzimation of the equal-energy illu-
mination color cube.

Figurc 6: Segmentation results for the k-means clus-
tering method. a. Color image b. Cluster model is a
point, region detection is sensitive to intensity changes,
shadows, geometry, highlights and color transitions. c.
Cluster model is a line, region detection is sensitive to
highlights and color transitions. d. Cluster model is a
plane, region detection is sensitive only to color transi-
tions.



obtained by the k-mcans algorithm differentiated for
the various cluster models. The initial cluster means
arc similar for cach model, the number of clusters is sct
to five.

Fig. 6 a is a color image of scveral toys against
a background consisting of four squarcs. Two light
sources were used to illuminate the objects in the scene.
The camera is white balanced to achicve white illumi-
nation. The first upper left quadrant consists of three
uniformly painted matte cubes of wood. The sccond up-
per right quadrant contains two specular plastic donuts
on top of cach other. In the bottom left quadrant a
red highlighted ball and a matte cube arc shown while
the last quadrant contains two matte cubes. Note that
cach individual objcct is painted uniformly with a dis-
tinct color. The image is contaminated by noise, shad-
ows, shading, inter-reflections and specularitics. Inter-
reflections occur when an object receives the reflected
light from other objects. In Fig. 6b the scgmenta-
tion result is shown obtained by the k-means clustering
method where the cluster modcl is a point. Clearly,
falsc regions arc introduced by abrupt surface orienta-
tions, shadows, inter-reflections and highlights.

In contrast, thc result of fitting straight lincs
through RGB data by the method described in Sce-
tion 3.1, shown in Fig. 6c¢, is inscnsitive for shadows
and surface orientation changes but is affected by high-
lights.

Good performance is shown for the results that arc
obtained by fitting plancs through RG B-data, shown in
Fig. 6d by the method described in Section 3.1. Here,
computed region cdges correspond to material bound-
arics discounting the disturbing influences of surface
oricntation, illumination, shadows and highlights.

5 Conclusion

We analyzed, in theory, multi-spectral scnsor space,
normalized multi-spectral sensor space, and hue color
spacc for the dichromatic reflection model. It was
shown that homogencously colored regions can be de-
tected invariant to surface oricntation change, shadows
and highlights under the condition of cqual-cnergy illu-
mination where e(A\) = ¢ = constant.

A method was presented that achieves an approxi-
mation of cqual-cnergy illumination. The method re-
quires that the spectral distribution of the illuminant
is known. Then, three cluster models were derived in
theory: points, lincs and plancs. On the basis of the
theoretical and cxperimental results on multi-spectral
images it is concluded that the line and planc model
detect regions invariant to a change in surface oricnta-
tion, viewpoint of the camecra, and illumination inten-
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sity. Furthermore, the planc model also detect regions
independent of highlights. The point model provides
scgmentation results which is sensitive to surface orien-
tation and illumination intensity.
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