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Abstract. In this paper we investigate the problem of choosing the ade-
quate colour representation for automated surface grading. Specifically,
we discuss the pros and cons of different colour spaces, point out some
common misconceptions about their use, and propose a number of ‘best
practices’ for colour conversion. To put the discussion into practice we
generated a new dataset of 25 classes of natural stone products which we
used to systematically compare and evaluate the performance of seven
device-dependent and three device-independent colour spaces through
two classification strategies. With the nearest neighbour classifiers no sig-
nificant difference emerged among the colour spaces considered, whereas
with the linear classifier it was found that device-independent Lab and
Luv spaces performed significantly better than the others.

Keywords: Soft colour descriptors · Colour spaces · Visual appear-
ance · Natural stones

1 Introduction

The evaluation and comparison of the visual appearance of real-world materials
plays a pivotal role in many applications such as defect detection, surface grad-
ing, creation of batches of similar appearance and image-based material recogni-
tion. For a wide range of products including natural stones, ceramic tiles, parquet,
leather and the like such tasks are of primary importance. Among them natural
stones play an important part with a net worldwide production of finished prod-
ucts in excess of 76.000 tons/year [12]. Since natural stones are typically used for
cladding and tiling areas which are supposed to be uniform in appearance, one
of the major problems is to guarantee the uniformity of the visual aspect within
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the same lot. In the stone industry this task is usually carried out manually by
skilled and experienced workers. Consequently, the process is intrinsically subjec-
tive, and the results may suffer from significant intra- and inter-observer variabil-
ity. The use of automated computer vision systems either in replacement of or as
an aid for human operators could in principle offer higher quality standards, better
reproducibility, and more reliable product records. In this context the objective of
this work is to propose a theoretically well-founded procedure to compare colour
spaces and determine the most appropriate for this task.

In the remainder of the paper, after a brief review of the relevant literature
(Sec. 2), we describe the materials (Sec. 3) and methods (Sec. 4) used in this
study. We present the experimental set-up and the results in Sec. 5 and conclude
the paper with final considerations and ideas for future studies in Sec. 6.

2 Related Research

Performance analysis of colour spaces in computer vision has generated consid-
erable research interest since early on. One could reasonably expect that device-
dependent, uniform colour spaces should be superior to the others, but the results
available in the literature are rather inconclusive in this regard. On the one side
Adel et al. [1] compared five colour spaces for wood defect detection and found
that device-independent spaces (CIE Luv and CIE Lab) outperformed device-
dependent spaces (Ohta’s I1I2I3, HSI and RGB). Likewise, Paschos [15] deter-
mined that in most cases perceptually uniform/approximately uniform colour
spaces (CIE Lab and HSV) outperformed RGB. Similar findings were later on
reported also by Rajadell and Garćıa-Sevilla [18]. On the other hand, Drimbarean
and Whelan [7] found that none of the RGB, HSI, CIE XYZ, CIE Lab and YIQ
spaces was significantly superior in classifying colour texture, whereas Qazi et
al. [17] observed that for pure colour features RGB and IHLS colour spaces gave
slightly better results than CIE Lab, but the trend was just the opposite for colour
textures. More recently Bianconi et al. [6] compared the performance of colour
descriptors and spaces for automated sorting of parquet slabs and noticed very
little difference among the performance of RGB, HSV and CIE Lab.

The lack of agreement among the results available in the literature also par-
allels with the fact that in most cases data and/or code are not available to the
public, making it difficult (if not impossible) to reproduce the experiments and
carry on further comparisons and evaluations. It is also important to point out
that, regrettably, in most studies the experimental configuration was far from
optimal: it is not uncommon that conversion from device-dependent to device-
independent colour spaces be performed in a sloppy way using pre-defined formu-
las regardless of the acquisition system and the lighting conditions, an approach
which is likely to produce biased results [16, Chap. 7.3].

3 Materials

One hundred tiles representing 25 classes (four tiles for each class) of polished
natural stone products (marble and granite) were kindly provided to the authors
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Fig. 1. The 25 classes of MondialMarmi 2.0. The images are column-wise ordered by
decreasing average luminance (brightest → top-left, darkest → bottom-right).

by Mondial Marmi S.r.l., a stone manufacturing company based near Perugia,
Italy. The dataset, which we refer to as MondialMarmi 2.0 (Fig. 1), extends the
previous version 1.1 (see also [4]) by adding 13 more classes; it also provides a
higher image resolution and avoids the JPEG compression artifacts that affected
version 1.1 [9].

Image acquisition was based on the system described in [5], which is composed
of a dome-shaped illuminator, a slot to accommodate the object to be acquired
and a camera mounted on a rotatable device placed at the top of the dome.
The acquisition process was carried out as follows: each tile was placed in the
image acquisition slot and 10 images were taken at different rotation angles from
0◦ to 90◦ by steps of 10◦. Diffuse illumination with an average level of ≈600lx
measured at the top surface of the tile was guaranteed by white leds with colour
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temperature in the range 5700K-6000K. The illumination conditions were kept
constant throughout the whole acquisition process. The images were captured
through a CMOS camera (Edmund Optics EO-5012C LE) equipped with a 6mm
fixed-focal lens (Pentax H614-MQ-KP) at the natural resolution of the sensor
(2560px × 1920px), and were finally cropped to a central part of size 1500px ×
1500px corresponding to an area of ≈21cm × 21cm. Image encoding was linear
with no gamma correction. An X-Rite Digital SG colour checker (140 colour
targets) was also put in place with the aim of enabling the colour calibration
procedure as described in Sec. 4.5. The RGB values of the 140 colour targets
were acquired using the same settings adopted for the tiles; the corresponding
device-independent CIE XYZ coordinates (under illuminant D65) were measured
through a Minolta CR-200 Chroma Meter. The whole dataset is freely available
to the public for future evaluations and comparisons [11].

4 Methods

4.1 Colour Descriptors

Soft colour descriptors as defined by López et al. [10] are sets of global statistics
describing colour and texture properties of the material. Soft colour descriptors
are particularly appealing since they are easy to implement, computationally
fast, and produce low-dimensional feature vectors. Based on the good results pro-
vided in previous studies [6,10] herein we considered the following five descrip-
tors: mean, mean + standard deviation, mean + moments from 2nd to 5th,
quartiles and quintiles of each colour channel.

4.2 Colour Spaces

Colour spaces may be either device-dependent or device-independent. The data
encoded by device-dependent spaces such as RGB and HSV are device-specific,
since they depend on the characteristics of the imaging system. Among them
RGB plays a pivotal role, for most imaging devices provide their output in
this space. By contrast, data encoded by device independent spaces such as
CIE XYZ (also referred to as colorimetric spaces) represent the response of an
ideal standard observer, hence they do not depend on the acquisition device.
The kernel of the device-independent spaces is CIE XYZ: any other device-
independent space is a space which can be converted to or obtained from CIE
XYZ with no additional information. Perceptual uniformity is another important
feature of colour spaces: in a perceptually uniform space the difference between
two colour stimuli as perceived by the human eye is expected to be proportional
to the Euclidean distance between the corresponding points in the space. In
this sense RGB is not perceptually uniform; CIE Lab and CIE Luv are locally
uniform, whereas HSV is approximately uniform.
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4.3 Device-Dependent Spaces

In the experiments we considered the following device-dependent spaces: RGB,
HSV, YUV, YIQ, YCbCr, Ohta’s I1I2I3 and the opponent colour space RG-YeB-
WhBl. Conversion from the original RGB data to the other device-dependent
spaces was carried out using the standard formulas for which references are given
hereafter.

HSV is a colour space in which colour information is decomposed into three
intuitive and perceptually relevant coordinates: hue (H), saturation (S) and
intensity (V). Unfortunately, conversion from RGB to HSV requires a non-
linear transform [8, Sec. 7.2] which generates non-removable singularities. YIQ,
YUV and YCbCr are obtained from RGB through simple linear transforms of
the colour channels [14, Secs. 4.3.1–4.3.3]. Their common feature is to sepa-
rate luminance (Y) from chrominance; they are also known as television colour
spaces, since they have been used for encoding and broadcasting television sig-
nals. Ohta’s I1I2I3 colour space aims at separating colour information into three
approximately orthogonal (decorrelated) components [13]. Conversion from RGB
is carried out through a simple linear transform [14, Sec. 4.5]. Finally, the RG-
YeB-WhBl space derives from Hering’s theory of opponent colour vision: the
conversion formula [14, Sec. 4.4] is again a linear transform of the RGB space.

4.4 Device-Independent Spaces

The following device-independent spaces were included in this study: CIE XYZ,
CIE Lab and CIE Luv. The original RGB data were first converted to CIE XYZ
trough colour calibration (see Sec. 4.5), then from CIE XYZ to CIE Lab and
CIE Luv through the standard non-linear transforms [8, Secs. 5.2–5.3].

4.5 Colour Calibration and Gamut Mapping

Conversion from RGB to CIE XYZ was performed under the assumption of a
linear transformation model between device-dependent and device-independent
data. Thought other approaches are also possible [2], the linear model was chosen
on the basis on the ease of implementation, low computational demand and the
good results provided in previous work [3]. In formulas we have:

⎧
⎨

⎩

X
Y
Z

⎫
⎬

⎭
=

⎡

⎣
M11 M12 M13

M21 M22 M23

M31 M32 M33

⎤

⎦

⎡

⎣
R
G
B

⎤

⎦+

⎧
⎨

⎩

T1

T2

T3

⎫
⎬

⎭
(1)

The conversion requires estimating the 12 parameters of the model (i.e.: the
Mi,j and the Ti; where i, j ∈ {1, . . . , 3}), operation which was carried out by
solving the resulting overdetermined linear system (12 unknowns and 3 × 140 =
420 equations) through least-square estimation based on the 140 colour targets
of the calibration rig (Sec. 3). Gamut mapping was obtained by projecting the
eight vertices of the RGB cube into each of the other colour spaces considered
in the experiments. The transformed gamuts were used to normalise the data in
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each of the destination colour spaces. For comparison purposes we also performed
the transformation from RGB to XYZ using the approximate method based on
the general-purpose approximated formula [10] instead of colour calibration. In
the remainder we indicate as Labf and Luvf the corresponding Lab and Luv
coordinates obtained this way.

Table 1. Overall accuracy (1-NN and linear classifier).
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Classifier: 1-NN
CIE XYZ 82.3 90.0 85.7 90.9 91.1
CIE Lab 89.8 93.5 91.8 93.5 93.6
CIE Luv 90.4 94.0 92.4 93.9 94.0
CIE Labf 88.0 93.8 91.0 93.0 93.3
CIE Luvf 89.1 94.1 91.8 93.8 94.1
RGB 89.1 94.9 91.2 94.4 94.7
HSV 90.0 94.1 90.0 91.7 91.3
YUV 89.1 94.1 91.6 93.5 93.7
YIQ 88.5 93.8 91.2 93.1 93.4
YCbCr 89.1 94.0 91.6 93.5 93.7
I1I2I3 89.8 94.9 92.3 94.2 94.5
RG-YeB-WhBl 89.8 94.9 89.8 94.1 94.4
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Classifier: Linear
CIE XYZ 82.3 92.6 91.3 88.6 89.0
CIE Lab 94.8 98.6 98.3 95.7 96.0
CIE Luv 94.8 98.1 97.6 95.7 95.8
CIE Labf 92.4 95.7 96.5 93.8 94.4
CIE Luvf 88.9 92.4 89.7 94.7 95.0
RGB 85.2 94.9 93.7 90.4 90.8
HSV 91.3 97.2 93.7 91.7 91.6
YUV 93.0 95.6 96.4 94.5 94.3
YIQ 93.3 95.6 96.5 94.5 95.0
YCbCr 93.0 95.6 96.3 94.2 94.4
I1I2I3 93.1 95.9 96.8 94.5 95.2
RG-YeB-WhBl 93.4 96.1 95.5 94.8 95.2

5 Experiments and Results

To evaluate the performance of the colour spaces presented in Sec. 4.2 we run
a supervised classification experiment using two different classification strate-
gies: nearest-neighbour (1-NN) rule with Euclidean distance and linear classifier
with diagonal covariance matrix. The experimental basis included the 25 classes
described in Sec. 3 where each image was subdivided into four non-overlapping
sub-images giving 16 samples for each class. Accuracy estimation was based on
100-fold validation with stratified sampling and a train ratio of 1/4. To assess the
robustness against rotation of the descriptors the train images were always picked
from the 0◦-group; the test images from each of the θ◦-group (including the 0◦-
group). For each rotation angle the accuracy was the percentage of test images
correctly classified; finally, the overall accuracy values were averaged over the rota-
tion angles of each dataset to give a global accuracy measure (Tab. 1). To estimate
the effect of the colour space we computed, for each of them, the average accuracy
over all the colour descriptors considered in the experiment and estimated the 95%
confidence interval assuming a normal distribution (Tab. 2).
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Table 2. Average overall accuracy by colour space (confidence intervals for the mean).

Colour space C.I. for the mean
Classifier: 1-NN

CIE XYZ 87.8 - 88.1
CIE Lab 92.4 - 92.5
CIE Luv 92.9 - 93.0
CIE Labf 91.7 - 91.9
CIE Luvf 92.5 - 92.7
RGB 92.8 - 93.0
HSV 91.3 - 91.5
YUV 92.3 - 92.5
YIQ 91.9 - 92.1
YCbCr 92.3 - 92.5
I1I2I3 93.0 - 93.2
RG-YeB-WhBl 92.5 - 92.7

Colour space C.I. for the mean
Classifier: Linear

CIE XYZ 88.6 - 88.9
CIE Lab 96.6 - 96.7
CIE Luv 96.4 - 96.5
CIE Labf 94.5 - 94.6
CIE Luvf 92.0 - 92.2
RGB 90.8 - 91.1
HSV 93.0 - 93.2
YUV 94.7 - 94.8
YIQ 94.9 - 95.0
YCbCr 94.6 - 94.8
I1I2I3 95.0 - 95.2
RG-YeB-WhBl 95.0 - 95.1

6 Conclusions and Future Work

In this paper we have presented a rigorous procedure for comparing colour spaces
from a performance perspective, and have applied it to the problem of automated
grading polished natural stones. The results show that under controlled illumi-
nation conditions simple and computationally cheap colour descriptors are quite
effective for the task, with overall accuracy beyond 97%. With the nearest neigh-
bour classifier no colour space emerged as significantly superior to the others.
This finding parallels with the results reported by Drimbarean and Whelan [7]
and by Bianconi et al. [5]. With the linear classifier, however, the perceptually-
uniform spaces CIE Lab and CIE Luv outperformed the others. With both
classifiers the conversion from device-dependent to device-independent spaces
gave better results when performed through colour calibration than through the
approximated formula. In future it would be interesting to validate these results
in a larger cohort of materials. Another important question for future research
is the extension of this study to the case of variable illumination conditions.
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en Computación, México (2008)
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