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The use of artificial inteliigence in finding solutions to traditional and emergent colorimetric problems
is reviewed. Developments in artificial intelligence are briefly discussed and some of the more
prominent ideas are described. Rather than give the complete background to specific technologies
that are being used, the author considers the application of these technologies. Applications relevant
to practical colour measurement are considered that complement the CMC(2:1) equation.

INTRODUCTION

Computer colour management systems have become
increasingly important to the colour industry where
techniques such as colorant formulation, pass/fail analysis
and shade sorting are widespread. Compared with the
early systems of the 1970s, software runs faster (mainly as
a result of the affordability of greater processing power)
and there is more emphasis on user-friendliness: the
traditional menu-driven colour systems are giving way to
graphical user interfaces. But despite changes in the
aesthetics and speed of colour system software, the
traditional approaches to solving colorimetric problems
have arguably struggled to meet the challenges of the last
decade.

There has also been an increased use of colour in design
(CAD/CAM) systems leading to an urgent need for
improved techniques for device characterisation. Effective
colour communication requires that colour information be
exchanged reliably and effortlessly between different
devices such as printers, VDUs, scanners and colorant
systems.

The purpose of this paper is to review the use of
artificial intelligence in finding new and improved
solutions to traditional and emergent colorimetric
problems. A brief introduction to artificial intelligence is
presented and some of the more prominent ideas are
described. The intention, however, is not to give a
thorough grounding in the specific technologies that are
being used; rather, an attempt has been made to consider
the application of these technologies. The reader is
directed to further texts where appropriate.
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THE NATURE OF ARTIFICIAL
INTELLIGENCE

Artificial intelligence is a subject that, due to the
massive, often quite unintelligible, publicity that it
gets, is nearly completely misunderstood by people
outside the field. Even Al's practitioners are
somewhat confused with respect to what Al is really
about. {1]

Artificial intelligence (Al) is not a particularly new area of
study and in fact dates back as far as the development of
the CIE system. What is new is the application of Al to
colorimetric problems. Al is a multidisciplinary subject
spanning such diverse areas as mathematics, software
engineering, linguistics, and psychology. Broadly
speaking there are two sides to Al research. Workers tend
to be concerned either with developing models that
exhibit intelligent behaviour in an attempt to find out
more about the nature of intelligence, or else with the
exploitation of the tools of the Al field to solve real-world
problems.

A good review of the history of Al is provided by
Chandrasekaran [2]. The science of Al began with the
development of cybernetics and the principles of feedback
and control. This early work developed hardware models
of the brain or, more accurately, of individual neurones.
These models were inspired by the idea that at least some
functions of the brain can be viewed as information
processing tasks, The hardware models were soon
followed by software models, although these tended to be
rather simple, usually comprising just two layers of
artificial neurones. In 1969 it was demonstrated that
simple two-layer artificial neural networks were limited in
what they were theoretically able to compute [3]. This was
one reason why interest in the connectionist branch of Al
waned, to be replaced by a surge of interest in symbolism.
Symbolic Al typified by rule-based learning and expert
systems, represented the first real success for workers in
the field of AL Whereas in a neural network knowledge is



widely distributed, the knowledge in a rule-based system
is more explicitly expressed, as the name implies, in the
form of a set of facts and rules. The central issues
concerning expert systems are knowledge acquisition and
representation, both of which present considerable
challenges. The 1980s saw a return to the non-symbolic
connectionist approach of neural networks. The
restrictions pointed out for simple neural networks such
as the perceptron were overcome by introducing
additional layers of neurones, and it has now been shown
that there is no theoretical limit to what multilayer neural
networks can compute [4].

What actually constitutes Al is a matter of some
contention; in addition to neural networks and expert
systems, the areas of fuzzy logic and genetic algorithms
are often included in descriptions of state-of-the-art Al
technology. Fuzzy logic was first introduced by Zadeh in
the 1960s [5], and is now being exploited to develop
intelligent control systems. A genetic algorithm is
essentially an optimisation technique that attempts to
evolve a solution to a particular problem using analogies
of biological evolution. Both fuzzy logic and genetic
algorithms are sometimes found in conjunction with
expert systems and neural networks in solutions to real-
world problems.

The following sections review work relevant to the
coloration industry that has been carried out using expert
systems, neural networks and more recently fuzzy logic.

RULE-BASED LEARNING AND EXPERT
SYSTEMS

Expert systems are rule-based problem solvers. For
example, the ‘if... then...” paradigm is often used where
the expert’s knowledge is stored as a set of facts and
simple rules or heuristics. There are two key issues in the
development of rule-based expert systems: the way in
which an expert’s knowledge can be represented, and the
actual process of knowledge extraction. Both of these
issues will directly affect the quality of knowledge that is
made available to the user. The three main components of
an expert system are therefore:

(a) A knowledge base - the rules that the system will use
when making decisions, assessments, etc.

(b) An inference engine - the reasoning method that the
system will use to interpret facts and rules from the
knowledge base

(¢} A user interface - very important, as the better
systems allow the user to interrogate them with ‘what
if” questions.

Human expertise is gained through experience in many
hundreds of situations and there is some doubt as to
whether or not such knowledge can in fact be represented
as a set of constrained facts and rules. It is commonplace in
the field to describe expert systems as ‘brittle’, i.e. able to
operate only within a narrow range of situations. The
optimistic Al view is perhaps represented by the following
quote from Waterman:

To make a program intelligent, provide it with lots of
high-quality, specific knowledge about some
problem area [6].

Despite the undoubted fact that the applications of expert
systems have not lived up to their early promise, there are
examples of successful systems, usually where the
problem area is well constrained. An expert system for
total quality management (TQM) has been developed for
use by manufacturers before the accreditation process (e.g.
BS 5750) to save time and reduce consultancy fees [7]. An
expert system (WOOLY) has been developed for
commercial textile dyeing that recommends details such
as the processing route, dyeing methods, suitable dyes,
and can be interfaced with a colour matching system [8].
In both cases the knowledge encapsulated by the expert
system is not tied to one person (which would make it
potentially volatile) but remains captured and available to
the organisation. Although expert systems might never
replace expert dyers, systems such as WOOLY are
potentially useful tools for the dyer and finisher.

NEURAL NETWORKS

The term ‘neural networks’ is used to describe a
number of different models intended to imitate some
of the functions of the human brain, using certain of
its basic structures, [9]

The term neural network is also used, of course, to
describe the structure and connectivity of the human
brain. Computer models of neural networks should more
accurately be described as artificial neural networks
(ANN). There are many different types of ANN and a full
discussion of them is beyond the scope of this article but
readable introductions are readily available [9-11).

The most common type of network (the multilayer
perceptron) consists of layers of processing units. The
input layer receives an input vector, which is processed by
subsequent layers to produce an output vector at the
output layer. Such networks are said to have the ability to
learn since, when suitably trained, they are able to
perform arbitrary mappings between previously unseen
input and output vectors. The process of training in an
ANN is simply the modification of adjustable coefficients
(or weights) in the network. During this procedure,
known samples are presented to the input and output
parts of the ANN and the weights within the network are
adjusted so that for a given input, the actual output of the
ANN matches the target output. Thus what is often called
‘learning’ in the neural network literature is in fact an
optimisation procedure. The terms training and learning
are misleading since they suggest attributes of human
performance. Although it could be argued that some
complex ANNs appear to exhibit attributes such as
learning, simple multilayer perceptrons have more in
common with non-linear regression analysis than with the
processes of the human brain. This has led some workers
to refer to muitilayer perceptrons as glorified curve-fitters.
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Despite the simplicity of ANNs, they have certain
attractive features. In particular they do not require the
solution to a particular problem to be explicitly pro-
grammed but rather allow the problem to be solved by
‘learning’ from examples. They also can exhibit remark-
able powers of generalisation to provide mappings for
previously unseen samples. The knowledge in a neural
network is stored as the set of weights in the network in
conjunction with the network’s structure, whereas the
knowledge in an expert system is stored as a set of rules
and facts.

Recipe formulation

The basic Kubelka-Munk model used almost exclusively
in recipe prediction systems has been known since 1931,
and formulation algorithms based upon this model were
published as early as the 1940s [12,13]. It is certainly true
that the development of affordable personal computers
was an enormous breakthrough that enabled computer
colour systems to become widely available. But the last
decade has been notable mainly for an improvement in
the speed of operation of such systems and in the aesthetic
appeal of their user interfaces.

In order to compute absorption and scattering
properties of the individual colorants, the Kubelka-Munk
model requires calibration data in the form of a small
database of known samples. This approach has been
extremely rewarding and the benefits of computerised
recipe formulation are particularly tangible in the textile
and paint industries [14]. Unfortunately the Kubelka—
Munk model is based on a theory of radiative transfer,
which is only approximate, and efforts to extend it to deal
with complex situations such as fluorescence [15,16] or
translucent layers of printing inks [17] have not been
completely successful.

The use of the Kubelka~-Munk model in recipe
formulation engenders the following potential problems:
(a) The model may not accurately describe the radiative

transfer behaviour exhibited by the colorants
(b) The database may not be representative of run-time
production samples.

Examples of colorant systems that suffer from the first
problem include fluorescent dyes, metallic pigments and
to a certain extent translucent printing inks. The second
problem can manifest itself in a number of ways. The
database samples for production systems are often
prepared on small-scale laboratory equipment, which
could give different properties to the bulk machinery that
run-time productions samples would be produced on.
More seriously, the production of database samples is
usually expensive and thus they are typically prepared
only every three to five years. Any change in the quality of
the colorants or in auxiliary components will introduce
systematic errors into the formulation performance. The
Kubelka—-Munk model thus suffers from both theoretical
flaws and application difficulties.

The application of ANNSs to recipe formulation has
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previously been published [18-21]. The neural network is
used to compute a mapping between the target colour
specification (given in terms of colour coordinates or
reflectance values) and a colorant recipe. The Kubelka-
Munk approach requires the preparation of special
samples and these samples are often prepared on small
scale laboratory equipment that may not be appropriate.
The use of ANNs avoids the need to prepare a special
database since the samples required to train the neural
network can be real production samples. If historical data,
such as shade libraries, were known to be reliable, then
they would be ideal for the purposes of training a
network.

The application of neural networks to recipe
formulation is still in its infancy and there remain a
number of problems. In particular, it is not known how
many samples are required in order to train the network,
though it is suspected that this may be a very large
number. In addition, it is difficult to determine in advance
the precise structure and size of the neural network that is
required for any particular application. Some work in this
area has been conducted with genetic algorithms, where
an optimum network structure is evolved using the
training data [22], but this approach will probably not be
suitable for real-time applications for a number of years
because it requires massive processing power.

Colour measurement

A research project supported by the UK Department of
Trade and Industry (DTI) is underway to explore the
potential of neural networks in the area of on-line colour
measurement [23]. Despite the potential advantages of on-
line colour measurement, current technology is not
widely used because of the size, low sampling rate and
high cost of the equipment. The DTl-sponsored project
aims to use ANNSs to develop low-cost on-line colorimetric
equipment. ANNSs could also find a role in calibration
procedures of spectrophotometers and colorimeters, and
in enhancing inter-instrument reliability by computing
arbitrary mappings between readings from different
instruments.

Colour notation transformations

A neural network has been used to map reflectance values
(sampled at 31 wavelengths) of Munsell chips onto
themselves [24]. A five-layer network was used in which
the input layer and the output layer each consisted of 31
units. The input and output vectors presented to the
network were identical and the hidden layers, especially
the middle layer, contained few units. The purpose of this
network was to compress the 31-dimensional reflectance
data at the input into a representation of lower
dimensionality in the hidden layers, and then to
regenerate the data at the output layer. In this sense the
network acted as a compression—decompression tool. It
was noted that at least three units were required in each of
the hidden layers, indicating that the reflectance data can
be compressed thus far but no more. This work suggests




that neural networks could be used to compute many
types of non-linear colorimetric transformations. For
example, ANNs have been shown to be able to convert
Munsell coordinates into CIE coordinates [25], and to
transform tristimulus values from one illuminant to
another [26].

Device-independent colour space

It would be useful if a colour device (such as a printer or a
monitor) could be calibrated in terms of device-
independent colour space. In other words, what is
required is the ability to map device colour coordinates
(such as the RGB intensities of a colour monitor) onto a
device-independent colour space (such as CIE co-
ordinates). This would enhance colour communication
across different media. The importance of device
characterisation for efficient colour communication has
been described [27]. Typically the traditional character-
isation method requires that a large number of coloured
samples be prepared. These samples, with the aid of
interpolation techniques, can be used to construct an
appropriate mapping. The disadvantage of this approach
is that the preparation of such a large number of samples
is expensive, especially when it is considered that printers
and scanners are rarely stable over time and require
frequent recalibration. Alternative approaches to the
problem have used high-order polynomial equations or
Neugebauer equations [28], but there has also been much
interest in the use of neural networks to perform these
non-linear mappings.

A neural network has been shown to be capable of
mapping cyan, magenta and yellow values for a dye-
sublimation printer onto CIE XYZ coordinates [29,30]. For
example, Figure 1 shows how an artificial neural network
could be used to map the device coordinates cyan (C),
magenta (M), and vellow (Y), of a three-colour printer to
device-independent CIE XYZ coordinates. Each circle
represents a single processing unit and the solid lines

Input Output
vector vector
—
C X
M Y
Y z
- ]
Input Hidden Output
layer layer layer
Figure 1 Schematic diagram showing how an
artificial neural network could be used to map the
device coordinates of a three-colour printer to device-
independent CIE XYZ coordinates

connecting the units represent weighted connections.
Each unit computes a weighted sum of the outputs of the
units in the previous layer and then computes some
function (usually non-linear) of this weighted sum. The
values of the weights for the connections are determined
so that a given input vector presented at the input layer of
the network gives rise to a desired output vector at the
output layer.

The mapping of colour monitor RBG values onto
CMYK printing coordinates has been discussed and the
following advantages of the neural system over the
traditional approach proposed [31):

(a) The colour conversion is fast, since the required
computations are trivial

(b) The network can continue to learn after the initial
training process and thus offers potential adaptation
to more complex phenomena.

A three-layer neural network has been used to map CIE
L*a*b* (1976) values onto CMY space with, it is claimed,
greater accuracy than is possible with Neugebauer
equations and with greater efficiency than is possible with
look-up tables [32]. A comparison between the use of
polynomial equations and neural networks has further
highlighted the potential of artificial neural networks in
this area [33].

FUZZY LOGIC

The history of fuzzy logic can be traced back to the formal
definition of fuzzy set theory by Zadeh at the University
of California in 1965 [5]. Traditionally a logic expression
can be only one of two extremes: completely true or
completely false. Fuzzy sets, however, allow partial
membership; an expression may be 0% or 100% false or
any value between these limits. Thus fuzzy logic extends
traditional logic in two ways:
(a) A statement can be considered to be partially true
(b) Any action resulting from a statement being true or
partially true can be carried out to a strength reflecting
the degree to which the statement is true.

To give a simple example, a traditional thermostatically
controlled heating system will turn a heater on when the
statement ‘the room is below the desired temperature’ is
true and will turn a heater off when the statement is false.
A fuzzy system would turn the heater on strongly if the
statement was very true but turn it on only weakly if the
statement was only slightly true.

Colour difference

There are several good reviews of pass/fail colour
difference analysis [34,35]. These document the fact that
CIE L*a*p* (1976) colour space is perceptually non-
uniform. The optimised colour difference metrics such as
the Society of Dyers and Colourists CMC(2:1) equation

- [36], and the proprietary Marks and Spencer equation, go

along way to account for the deficiencies of the CIE colour
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space. The CMC(2:1) equation, in particular, has generally
been accepted as a good pass/fail tolerancing system
within many different industries.

It is not uncommon, however, for visual pass/fail
judgements to disagree with the CMC(2:1) equation. In
order to understand why this should be so, the
development of the equation needs to be considered. The
related CMC(1:1) equation is a perceptibility equation.
Thus, perceptibility ellipsoids were determined in colour
space and the CMC(1:1) equation was devised so as to
normalise the Euclidean distance between any two points
(that represent two samples) in colour space according to
the size and orientations of the perceptibility ellipsoid. The
size of the perceptibility ellipsoid is a function of the
position in colour space and this function is approximated

by the CMC(1:1) equation. The CMC(2:1) form of the

equation is referred to as an acceptability equation because
of the fact that differences in lightness are given only half
the weight of differences in either chroma or hue. This
weighting of the lightness component of the colour
difference is not sufficient, however, to convert the
perceptibility equation into an acceptability equation.
Indeed, it is quite possible that there is no systematic
relationship between perceptibility and true acceptability.

True acceptability for a coloured product is usually
determined by the customer. Whereas it would be highly
desirable from a manufacturing perspective if this
acceptability were related to perceptibility, there is really
no reason why this should be so. For example, a green
shade may be accepted if it is noticeably too blue, but
rejected if it is marginally too yellow. A customer’s
decision could very well be consistent and reliable but not
directly related to perceptibility. It is not possible for the
CMC(2:1) equation to deal with such situations effectively
since the colour tolerances are by necessity mirror
symmetrical about a given point in colour space. What is
required is a true acceptability equation.

A new colour tolerancing system based on fuzzy logic
has recently been developed by Color and Appearance
Technology [37]. The new tolerancing system is called
CAT/QC-Al and is available as part of a standard quality
control colour system. The CAT/QC-AI system provides a
solution to this problem that the acceptability tolerance
may not be directly related to the perceptibility ellipsoid. It
allows the acceptability tolerance for a given coloured
product to be determined from a set of colorimetric
readings for a set of samples whose acceptability to the
standard is known. An acceptability tolerance is fitted to
the data set. A superellipsoid is automatically defined,
which allows tolerance attributes for each opposing side of
the colour volume to be defined independently. The CAT/
QC-AI system was tested on the Davidson and Friede
(1953) colour difference set and was found to give 100%
pass/fail agreement with the consensus of the visual
appraisals whereas, by comparison, the CMC(2:1)
equation made 11.15% wrong decisions [37].

It is important to note that the new Al-based colour
difference method is not intended to replace the CMC
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equation, which is arguably the most reliable predictor of
the magnitude of small colour-difference perceptions. In
fact, the two systems are designed for two very different
purposes. In situations where the issue is one of colour
perceptibility or where no historical data are available, the
CMC method is to be preferred. But the CAT/QC-AI
system does provide a useful complement to CMC when
there are disagreements between instrumental
assessments and visual decisions.

CONCLUSION

Artificial intelligence is beginning to make an impact in a
wide range of technical areas including recipe formu-
lation, pass/fail analysis, colour notation conversion, and
hardware calibration procedures. The use of Al techniques
may offer better solutions to certain problems than
existing conventional techniques. In many cases, however,
they simply offer a different approach, and as such should
be seen as complements to existing approaches.

Each of the Al techniques is beset with its own
particular difficulties. For example, the problem of
network design revolves around the choice of network
size, data representation, and learning parameters. Most
current work involves ad hoc decisions and consequently
non-optimal selections. Since these problems are central to
virtually every practical application of artificial neural
networks, there is a great deal of research effort in these
areas. The outcome of this work, coupled with the ever-
increasing affordability of processing power, will ensure
that ANNs will become increasingly important in
colorimetric applications. Similar progress can be expected
in the fields of expert systems, fuzzy logic and the
comparatively new area of genetic algorithms.

The amalgamation of Al techniques is, however,
perhaps the most optimistic route forward. Fuzzy logic is
being integrated into neural networks to produce fuzzy
neural networks [38], and expert systems are being
designed that incorporate neural networks [7}.
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