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Abstract

This paper describes a scene analysis method that detects
object surfaces using color information. The proposed
method operates in the 1976 CIE (L*,a*,b*) uniform
color space and utilizes the Munsell color order system
as a reference. The textured scene or object surfaces are
identified by Julesz’s conjecture. The technique pre-
sented in this paper was applied to several low contrast
580×700 color images of a city skyline taken in winter
with 8 bits/pixel R, G, B specification.

1. Introduction

Object surface detection is the critical first step in image
information extraction for computer vision systems. This
process determines the structural characteristics of ob-
jects’ surfaces using detailed image domain properties.
Achieving an adequate scene description depends mainly
on devising techniques to detect uniformity among the
feature values of the picture points, and then isolating the
areas of the picture exhibiting these uniformities.2,3 Clus-
tering has been extensively used for analyzing and seg-
menting the color pictures.4-10, 33 However, color cluster-
ing is a computationally expensive process11 since the
feature space is three dimensional. One solution to this
problem is to project the feature space onto 2-D planes as
described in Refs. [6,7,8]. Another alternative is to de-
velop efficient methods of storing and processing the 3-
D color data as reported in Refs. [9,10]. A more effective
method as described here is to project the color space
onto the selected coordinate axes repeatedly until the
image clusters are enclosed in some specified volume
elements. From each projection of the space, we deter-
mine one particular surface of the decision elements.
This estimates the clusters’ distributions in the 3-D color
space without imposing any constraints on their forms.
The goal here is to reduce the computational cost in-
volved in maintaining many derived images and their
respective histograms and in forming 3-D decision sur-
faces. The estimated color clusters are then projected
onto the line of Fisher discriminant23 for 1-D thresholding
using the information obtained from the 3-D feature
space. This permits utilization of all the property values
of clusters for segmentation, and inherently recognizes
their respective cross correlation. This way, the region
acceptance is not limited to the information available
from one color component. An additional feature set is
needed to give rise to such modes in the respective
histograms in the absence of image clusters. For this
purpose, a feature extraction algorithm27 is devised based

on Julesz’s conjecture by integrating the spatial and
spectral information of image points in the local image
areas. This integration provides a better clustering in the
measurement space than the sensory data alone as dem-
onstrated in the paper.

2. Background

A color image is given by the R (red), G (green), and B
(blue) tristimuli at every pixel. Several features12-15 ,9, 32

can be calculated from the tristimuli for different pur-
poses. For color clustering, it is desirable that the se-
lected color features define a uniform space possessing
uniform.16, 17, 32 It has been shown in Ref. [15] that the
(L*, a*, b*) uniform color coordinate system developed
by the CIE18 in 1976 gives better results than the other
spaces in segmenting the color pictures. This system is
obtained from the (R, G, B) – primary system by convert-
ing the (R, G, B) values into the (X, Y, Z) – nonphysical
primary system21 and applying a cube-root transforma-
tion:

X = 2.7690R + 1.7518G + 1.1300B (1.1)
Y = 1.0000R + 4.5907G + 0.0601B (1.2)
Z = 0.0000R + 0.0565G + 5.5943B (1.3)

L* = 116[Y/Yo]1/3 - 16 (2.1)
a* = 500[(X/Xo)1/3 - (Y/Yo)1/3] (2.2)
b* = 200[(Y/Yo)1/3 - (Z/Zo)1/3] (2.3)

where Xo, Yo, and Zo are the (X,Y,Z) values of the
reference white (255 for 8 bit image data representation)
and satisfy the condition that X/Xo > 0.01, Y/Yo > 0.01,
Z/Zo > 0.01. Fig. 1 shows the organization of (L*, a*, b*)
cube-root system. The cylindrical coordinates (L*: light-
ness, Ho: hue, C*: chroma)22 of this space resemble the
empirical Munsell color order system19 and concur al-
most exactly with the accepted physiological model of
color vision.20 They are given by (see also Fig. 1)

L* = L* (3.1)
Ho = tan-1(b*/a*) (3.2)
C* = (a*2+b*2)1/2 (3.3)

In Fig. 2, organization of the constant chromaticity
network of the Munsell system are shown for twenty
hues (varying from 5R to 10RP) at eight chroma values
(increasing from /2 to /16) in the (a*, b*)-plane for the
Munsell value of 5/. Here this network is explored for
estimating the 3-D color distributions of image clusters.
For this purpose, the radial hue and concentric chroma

Color Scene Analysis in the 1976 CIE (L*a*b*)
 Uniform Color Space

Mehmet Celenk
Department of Electrical and Computer Engineering, Ohio University, Athens, Ohio



 IS&T and SID’s Color Imaging Conference: Transforms & Transportability of Color (1993)—209

loci are approximated by radial lines and concentric
circles in the least square sense as shown in Fig. 2. They
are used to estimate the clusters’ distributions in some
circular-cylindrical volume elements in the (L*, a*, b*)
space. Fig. 3 shows such a decision element which is
bounded by two lightness planes (L*

1 and L*
2), two hue

planes (Ho
1 and Ho

2), and two chroma cylinders (C*
1 and

C*
2). This gives the nonparametric estimates of the clus-

ters’ distributions in the 3-D color space. This is similar
to the process described in Ref. [8], which relies on the
use of elliptical and parabolic decision surfaces to en-
close image clusters in the X-Y, X-I, and Y-I plane
projections of the (X,Y,I) normalized color space. How-
ever, use of the chromaticity network results in simpler
decision surfaces than those obtained in Ref. [8]. Fur-
thermore, here the cluster detection is performed in the 3-
D color space instead of its lower dimensional subspaces
as proposed in Ref. [8]. This permits utilization of all the
property values of clusters for segmentation, and inher-
ently recognizes their respective cross correlation. This
way, the region acceptance is not limited to the informa-
tion available from one color component.

2. Description of the Method

Consider the 1-D histograms of L*, Ho, and C* color
coordinates of the test image given in Fig. 5. From these
distributions, the best decisive peak (M1) and its largest
neighbor (M2) are located in the hue histogram. (For
peak acceptance procedure see Refs. [30,31,34].) In the
hue scale, the range of M1 (Ho

M1) varies from 170o to
284o and the range of M2 (Ho

M2) lies from 74o to 170o.
These planes describe the hue variation of the most
prominent cluster (w1) and its largest spectral neighbor
(w2) (see Fig. 6).

The space distribution of w1 is obtained using the 1-
D histograms of L* and C* color components of the
image pixels whose hue values are in the hue range of the
mode M1. These distributions for the test image are
given in Fig. 7. Each possesses only one decisive peak.
The lightness and chroma ranges (L*M1 and C*M1) of
these peaks are given by 74 < L* < 94 and 0 < C* < 19. The
lightness values 74 and 94 define two constant horizontal
lightness planes in the space and the chroma value 19
specifies a constant circular cylinder around the light-
ness axis. These loci describe the lightness and chroma
variation of w1 as depicted in Figs. 8 and 9. It is clear that
the respective loci of the constants (170o, 284o), (74, 94),
and (0, 19) represent a circular-cylindrical decision vol-
ume V1 in the (L*, a*, b*) space (Fig. 10) as the estimated
color distribution of w1.

The process described above is then repeated for
estimating the color distribution of w2. Fig. 11 shows the
1-D histograms of L* and C* color components of the
image points whose hue values lie within the hue range
of w2. From these two distributions, the lightness and
chroma ranges (L*M2 and C*M2) of w2 are given by 79 <
L* < 96 and 0 < C* < 27. The lightness values 79 and 96
define two horizontal planes in the space and the chroma
value 27 describes an eccentric cylinder around the
achromatic axis. These surfaces are also plotted in Figs.
8 and 9. The respective loci of the constants (74o, 170o),

(79, 96), and (0, 27) also characterize a volume element
V2 in the space as the estimated distribution of w2. This
volume is also illustrated in Fig. 10 by showing its
position with respect to that of w1.

It is clear from Fig. 10 that the estimated distribu-
tions (V1 and V2) of w1 and w2 have a significant overlap
along the L* axis due to their lightness ranges. In order
to minimize the effect of this overlap in region isolation,
the most prominent cluster w1 is separated from its
spectral neighbor w2 using all the information gathered
from the 3-D color space. This isolation process is car-
ried out using the Fisher linear discriminant function. A
similar study was also made in Refs. [24, 25] for pixel
classification and target detection. Here, this technique
is explored for isolating the detected color clusters of
natural scenes as a two-at-a-time class separation pro-
cess as follows: The color vectors of w1 and w2 are
projected onto the line of Fisher discriminant

W = [S1 + S2]-1. (M1-M2) (4)

so that the projected color points are well clustered and
separated for 1-D thresholding (see Fig. 12). Here (S1,
S2) and (M1, M2) are the covariance matrices and the
mean vectors of classes 1 and 2, respectively. W defines
a direction in the feature space, which is independent of
the class distribution functions.

For the detected clusters of the test image, the line
of projection is computed as W = [-0.07407 0.32801
-0.20976]T, where T denotes the transpose of the row
matrix. The color vectors of the image points, which are
the elements of w1 and w2 (see Fig. 10), are then pro-
jected onto this line using

d(C) = WT. C (5)

Here, d is the linear discriminant and C is the color
vector of the image pixels belonging to V1 or V2.

The 1-D histogram of the projected data points is
given in Fig. 13. The projected values of the class mean
vectors are also computed as dM1 = 65.775 and dM2 =
25.295. Comparing the value of dM1 with the valley
between the histogram peaks, a threshold is set in this
histogram as d > 42 to create a binary picture for the
image region of w1. This segment is further refined in the
spatial domain using a set of binary smoothing tem-
plates.26 The final result is shown in Fig. 14.a, which
corresponds to the sky.

The above detection and isolation algorithms are
then applied to the remaining image points which yield
the 1-D histograms of Fig. 15. Two peaks in the lightness
distribution are selected as the best mode (M1) and its
neighbor (M2) which lie in the lightness range of 80 < L* <
100 and 0 < L* < 80. Projecting the image clusters due to
these two peaks onto W = [0.18654 -0.00102 0.01216]T

results in a 1-D histogram (Fig. 16) possessing two peaks.
By setting a threshold at 14.5 of the histogram variable,
a binary picture is created and further refined in the
spatial domain using the smoothing templates. The re-
sultant regions, called “11:BLRI” are shown in Fig. 14.b,
which correspond to the leftmost building and river.

Since the 1-D histograms (see Fig. 17) of the remain-
ing part of the test image do not exhibit any decisive
peak, an additional feature set is needed to give rise to 1-
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D clusters in the image histograms. For this, the remain-
ing part of the test image is first partitioned into its
atomic regions of maximally 4-connected pixels of the
similar color. For this partitioning, every unprocessed
pixel is initially assumed to be an atomic region by
assigning it a region number. Starting from the first row
and first column, the color vector of each unclassified
point is compared with that of its left and top neighbors.
If a similarity between the pixel in process and any of its
specified neighbors in a 3×3 local window is detected,
then the region number of that element is modified to that
of its similar neighbor. Here the similarity between an
image pixel (i, j) and its left or top neighbor (m, n) is
defined by

| L*(i,j) -L*(m,n) | < 10 (6.1)
| Ho(i,j )-Ho(m,n) | < 10o (6.2)
| Ho(i,j )-Ho(m,n) | > 350o (6.3)
| C*(i,j )-C*(m,n) | < 10 (6.4)

The outlined region growing technique is repeated at
every unprocessed point of the test image. The total
number of atomic regions created for the remaining
points of the test picture is 2171.

After this initial partitioning, the algorithm computes
the center of gravity of every atomic region ak using

ik = Σ
i

Σ
j

c(i, j) i / Σ
i

Σ
j

c(i, j) (7.1)

jk = Σ
i

Σ
j

c(i, j) j / Σ
i

Σ
j

c(i, j) (7.2)

where | C(i,j) | is the magnitude of the color vector of a
point (i, j) in ak. A 30×30 local window is then located at
the center of the atomic region in process. Within this
window, eight fixed directions are defined from the
center of that atomic region (see Fig. 18). On each of
these directions, similarity between the atomic region
in question and its neighbors is tested according to the
similarity criteria given by the Eqs. 6.1-4. If the continuity
property is observed along these directions, the atomic
region of interest is classified as being a part of a uniform
region and its feature vector is computed in the corre-
sponding direction(s). If the continuity search fails, then
a possible periodic texture structure is sought to classify
the atomic region as being a spectral primitive of a
texture field and to compute its feature vector in the
respective directions. In the absence of continuity and
texture patterns, the atomic region is accepted as an
isolated one and its feature assignment is made consid-
ering all of its touching neighbors.

Once an atomic region is classified as being a part of
a visual pattern through the specified directions, then the
feature vector f is assigned to that atomic region by
averaging the color vectors of the atomic regions in that
visual pattern as described below:

f=E{Ck U Cl} (8)

Here, Ck and Cl are the color vectors of the atomic region
ak and its neighbors in the determined directions, E is the
expected value operator, and U represents the union of
color vectors.

The above feature extraction technique yield a fea-
ture set f for the remaining points of the test image that
provides the 1-D histograms of Fig. 19. Comparing the
L* histogram of Fig. 19 with that of Fig. 17, it can be
noticed that the L* component of f gives a better cluster-
ing property than that of the sensory data. The former
histogram possesses two 1-D clusters in contrast to the
latter. These decisive 1-D peaks are defined in the light-
ness scale as 62 < L* < 100 and 0 < L* < 62.

Projecting the 3-D clusters due to these two peaks
onto the line W = [0.25864 0.01177 0.02304]T results in
the histogram of Fig. 20. By setting a threshold at 17.5,
the resultant region, called “11:APM”, is obtained as
shown in Fig. 14.c. This represents the building at the
center of the test image.

The remaining points of the test image are accepted as
a uniform region with respect to the extracted feature vector
f. After the spatial refinement, the resultant regions, called
“11:APS”, are obtained as shown in Fig. 14.d. They are the
midleft and rightmost buildings in the scene.

4. Experimental Results

The method described here was applied to several low
contrast color images of the skyline of Pittsburgh city
taken in winter. The spectral contents of the images are
limited mainly to the bright colors (usually C* < 30 and
L* > 60). The original images are given with the 8 bits/
pixel R, G, B specification in 580×700 grid. In order to
fit the image data to the computer system (DEC PDP-10)
used in the implementation, the pictures were reduced to
193×232 grid by a factor of 3 in each dimension. This
reduction significantly affected the spatial resolution of
the resultant images. For example, the textured buildings
located in the middle of the test image shown in Fig. 4,
became almost a wide building block. Although the
separation of these two buildings along a straight line is
almost impossible by an observer, the algorithm gives a
reasonably good segmentation result by locating this
straight line between the buildings. Four images were
segmented in the computer implementation of the method.
27-29,35,36 Two of these pictures are shown in Figs. 4 and
21. All the visually distinct areas of the test image given
in Fig. 4 were successfully extracted as described earlier.
Some of the processing results of the other poor resolu-
tion image, called picture “9”, are presented in Fig. 22.

5. Conclusions

This paper has described a color scene analysis technique
in the (L*, a*, b*) cube-root color coordinate system
using all the color property values of object surfaces for
analysis. The result obtained with this method is also
compared with the result produced using a single color
component of the (L*, a*, b*) system. For example, we
have used the hue component of the peak determined
within 170o to 284o range of the distribution of Fig. 5 to
obtain the scene area. Boundaries of the resultant region
(sky) have severely deformed and many fine grain image
segments have resulted along the boundary. The pro-
posed technique however gave reasonably good result by
locating the straight line to separate the sky from the
buildings in the image.
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Figure 1. Organization of the (L*, a*, b*) uniform color
coordinate system.

Figure 2. The loci of constant hue and constant chroma of
Munsell system and their approximated networks (radial
lines and concentric circles) in the (a*, b*) plane at Munsell
value of 5/.
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Figure 3. A circular-cylindrical decision element V1 enclosing
an image cluster w1 in the (L*, a*, b*) color space.

Figure 4. Photograph of the computer print out (using 32 gray
levels) of the intensity value of the test image (picture “11”).

Figure 5. 1-D histograms of the L*, Ho, and C* cylindrical
color components of the test image given in Fig. 4.

Figure 6. Angular hue planes describing the hue ranges of the
best cluster (w1) and its spectral neighbor (w2) detected for the
test image.
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Figure 7. 1-D parametric histograms of the L* and C* color components of the test picture constructed for mode 1.

Figure 9. Circular chroma cylinders correspond-

Figure 8. Horizontal lightness planes describing the
lightness ranges of w1 and w2.

ing to the chroma ranges of w1 and w2.

Figure 10. The estimated color distributions (V1 and V2) of w1
and w2 in the (L*, a*, b*) space.
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Figure  12. Two-at-a-time class projection process for sepa-
rating the class “x” from its neighbors “o” and “∆”in the (a*,
b*) plane.

Figure 11. 1-D parametric histograms of the L* and C* color coordinates of the test image derived for mode 2.

Figure 13. 1-D histogram of the projected values of color
vectors belonging to w1 and w2, detected for extracting the
image region “11:SKY”.
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Figure 16. 1-D histogram of the projected values of color vectors
belonging to the best mode and its neighbor, detected for ex-
tracting the image region “11:BLRI”.

Figure 14. Image regions resulting from the segmentation of the test image (picture “11”). a) Image region “11:SKY” (top left).
b) Image region “11:BLRI” (left most building and river) extracted by discarding the points of the detected region “11:SKY”(top
right). c) Image region “11:APM”(midright building) extracted by excluding the pixels of regions in a and b (bottom left). d) Image
region “11:APS”(midleft and rightmost buildings) detected by discarding the points of regions in a, b, and c (bottom right).
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Figure 17. 1-D histograms of the L*, Ho, and C* color compo-
nents of the test image, derived by discarding the points of the

Figure 15. 1-D histograms of the L*, Ho, and C* color coordi-
nates of the test image, constructed by excluding the points
belonging to the sky. detected regions “11:SKY” and “11:BLRI”
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Figure 19. 1-D histograms of the L*, Ho, and C* components
of the feature vector f, extracted for the remaining points of the
test image.

Figure 18. Eight fixed directions defined in the 30×30 local
window located at the center of gravity of an atomic region ak.

Figure  20. 1-D histogram of the projected values of feature
vectors belonging to the modes detected for extracting the
region “11:APM”.

Figure 21. Photograph of the computer print out (using 32
gray levels on a logarithmic scale) of the intensity value of
picture “9”
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Figure 22. Segmentation results of picture “9”. a) Image region “9:SKY” extracted for the sky (top right). b) Image
region “9:RIV” corresponding to the river or snow (top left). c) Image region “9:BL” representing the building
block (bottom left). d) Image region “9:TRE”obtained for the tree and bushes (bottom right).


