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Abstract
Conventional mechanisms for computer colorant formulation commonly employ the
Kubelka-Munk theory to relate reflectance values to colorant concentrations, however there
are situations where this approach is not applicable and hence an alternative is desirable.
One such method is to utilise Artificial Intelligence techniques to mimic the behaviour of the
professional colourist. The purpose of this paper is to describe recent research being
carried out at Reading University, sponsored by Courtaulds Research, that utilises
collections of cellular automata, known as Neural Networks, in the problem of recipe
prediction.

Introduction
Since the early development of a computer colorant formulation method computer recipe
prediction has become one of the most important industrial applications of colorimetry. The
first commercial computer for recipe prediction1 was an analog device known as the
COMIC (colorant mixture computer) and this was superseded by the first digital computer
system, a Ferranti Pegasus computer, in 19612.

Several companies today market computer recipe prediction systems and all are based on
digital computers. All computer recipe prediction systems developed to date are based on an
optical model that performs two specific functions:



• The model relates the concentrations of the individual colorants to some
measurable property of the colorants in use;

• The model describes how the colorants behave in mixture.

The model that is commonly employed is the Kubelka-Munk theory which relates measured
reflectance values to colorant concentration via two termsK and S, which are Kubelka-
Munk versions of the absorption and scattering coefficients respectively of the colorant. In
order for the Kubelka-Munk equations to be used as a model for recipe prediction it is
necessary to establish the optical behaviour of the individual colorants as they are applied at
a range of concentrations. It is then assumed that the Kubelka-Munk coefficients are
additive when mixtures of the colorants are used. Thus it is usual for a database to
be prepared which includes all of the colorants which are to be used by the system and
allows the calculation of K and S for the individual colorants.

The Kubelka-Munk theory is in fact an approximation of an exact theory of radiative
transfer. Exact theories are well documented in the literature3, but have rarely been used in
the coloration industry. The Kubelka-Munk approximation is a two-flux version of the
many-flux treatment for solving radiative problems.

In order for the Kubelka-Munk approximation to be valid the following restrictions are
assumed:

• The scattering medium is bounded by parallel planes and extends over a region
very large compared to its thickness;

• The boundary conditions which include the illumination, do not depend upon time
or the position of the boundary planes;

• The medium is homogenous for the purposes of calculation;

• The radiation is confined to a narrow wavelength band so that the absorption and
scattering coefficients are constant;

• The medium does not emit radiation (e.g. fluoresce);

• The medium is isotropic.

There are many applications of the Kubelka-Munk approximation in the coloration industry,
where these assumptions are known to be false. In particular, the applications to thin layers
of colorants  (e.g.  printing inks4) and fluorescent dyestuffs5,6 have generally yielded poor
results.

The use of an approximation of the exact model has attracted criticism. For example, Van de
Hulst7 when discussing its application to paint layers comments:  ”it is a pity that all this
work has been based on such a crude approximation...•. The popularity of the Kubelka-
Munk equations are undoubtedly due to their simplicity and ease of use. The equations give
insight and can be used to predict recipes with reasonable accuracy in many cases. In
addition, the simple principles involved  in the theory are easily understood by the non-
specialist and rightly form the basis for study for those involved in the coloration industry8.



The use of the exact theory of radiation transfer is not of practical interest to the coloration
industry. The calculations generally require data bases and spectrophotometers of a greater
complexity than those suitable for Kubelka-Munk calculations.

The performance of the Kubelka-Munk theory in certain areas of coloration is such to
warrant an alternative approach. It is possible for professional colourists to perform recipe
prediction to a high standard even for fairly complex situations and yet such colourists do so
without knowledge of the Kubelka-Munk theory or indeed any optical  model. The
traditional colourist accumulates experience of the behaviour of the colorants  and is able to
extrapolate and interpolate from this data to predict recipes for new shades. Computer
hardware and software technology is such that it is now possible to mimic the performance
of human operators or •experts‘ in many areas of science and technology. One particular
computer technology that could be used for recipe prediction is that of neural networks.

What is a Neural Network ?
A Neural Network can be considered a black box, which is connected to the world by a
series of inputs and which interacts with the world via a set of outputs. The task of the
Network is to perform a set of mappings between its input and output. What makes Neural
Networks unusual and powerful is their ability to deal with fuzzy real world data, and their
potential for performance improvement over time as they acquire more knowledge about a
problem.

Unlike conventional computer solutions to specific problems a neural network is not
explicitly programmed to complete a given task, rather it adapts and acquires knowledge
over time in order to complete it. It is this power that enables the use of network models on
computationally ill-defined systems.

Parallel Distributed Processing (PDP) techniques
Neural Networks consist of collections of connected processing elements that are not
individually programmable.  Each cell usually computes a simple non linear function f
on the weighted sum of its input (figure 1). The output of this function is defined as the
activation of the cell. Long term knowledge is stored in the network in form of
interconnection weights linking these cells.

f �

I*W

Input  I Weight  W

Output

FIG 1. The generalized neuron model



The Neural Network used in these experiments consisted of an input layer where cell
inputs are clamped to external values (eg. scaled CIELAB values). Two hidden layers,
where cell inputs are defined by the weighted activation values from the cells in the
previous layer that they are connected to, and an output layer connected to the second
hidden layer (see figure 2). On presentation of input, the network will rapidly settle into
a stable state consistent with it.

Input Vector

Input Units Hidden Units

Output Units

Cell Interconnections
(not all shown)

Output Vector

FIG 2. Multilayer neural network

In a Neural Network, learning is the process of defining a set of weights that will
produce a desired response to an input pattern. Two of the best known learning
strategies for multi-layer connectionist machines are The Boltzmann machine learning
algorithm9 and Back Propagation of the Generalised Delta Rule10, the latter of which has
been used in this study.

Given enough cells and having learnt the right set of inter-cell weights, a network of this
sort can produce input / output mappings of arbitrary complexity and can find them
quickly as all of its knowledge operates in parallel. The process of finding the optimum
set of inter-cell weights is very computationally intensive, however this initial learning
phase is only executed once. These experiments used an IBM compatible 12MHz ©286
machine, where typical timings for learning were around 48 hours, whereas in use the
network took less than a tenth of a second to predict a recipe.

Neural Networks and Recipe Prediction
One of the main problems with recipe prediction is that the application of exact colour
theory is not computationally practical and an approximation to it has to be employed. It
was expected that a Neural Network approach to recipe prediction would offer a novel and
profitable new solution to this problem, since many problems in Artificial Intelligence (AI)
involve systems where conventional rule based knowledge is not perfect or the application
of the pure theory is too computer intensive to be used in practical systems. Neural
Networks are already widely used in Computer Vision, both in the investigation of difficult
problems such as facial feature location11,12 and in practical general purpose industrial
vision systems13.



In the field of recipe prediction it was hoped that a suitable network system would
automatically learn relationships between colorants and colour, and hence learn to predict
which colorants, and at which concentrations, need to be applied to a particular substrate in
order to produce a specified colour.

The Back Propagation, or Generalised Delta, Learning Rule
Many different learning rules have been developed for neural networks. One of the key
developments in neural network research in the past decade had been the development of
learning rules that can teach hidden units. One such rule is the Generalised Delta Rule,
which propagates an error term backwards through the net from the output units to the input
units making weight changes such that overall error in the net is minimised. A complete
introduction to this learning rule10 is beyond the scope of this paper, however a brief
description will be given. 

The generalised delta rule works by performing gradient descent in Error/Weight space.
That is, after each pattern has been presented, the resulting error on that pattern is computed,
by comparing the actual output with the desired output, and each weight in the network
modified by moving down the error gradient towards its minimum for that input/output
pattern pair. Gradient descent involves changing each weight in proportion to the negative
of the derivative of the error, defined by this pair.

The Generalised Delta Rule is based on the original Delta or Widrow-Hoff learning rule14 .
The weight update procedure for this rule, given an input vector I, an output vector O, a
target vector T and a weight matrix W is:
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 Where  is the change to be made to the weight linking the ith to the jth unit, given the
current input/output vector pair.
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 is defined as the learning rate constant.
�

j can be
considered as an error term describing the difference between the desired output and the
actual output. The key development, by the PDP research group at the University of
California, was the extension of the above learning rule for single layer networks, to
function with multi-layer nets.
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The basic form of the Generalised Delta Rule is identical the the Simple Delta Rule:
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At the output layer the error signal is:
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and for a hidden layer the error signal is:
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Where  is the derivative of a semilinear activation function acting on the jth unit,
which maps the total input to the unit to an output value. A semilinear function must be
differentiable, continuous, monotonic and non-linear. The activation function used in this
study is the logistic activation function:

� j �
�

netj �

oj �

1

�

1 � e�

netj
�

�

5
�

Where . � j is a bias term and can be learned like any other weight
by considering it connected to a unit which is permanently on. The derivative of 
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Thus for an output unit the error signal is:
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and for a hidden unit the signal is:
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Learning Rate �

The above learning procedure requires only that the change in weight is proportional to,
whereas true gradient descent requires infinitesimal small steps to be taken. The constant of
proportionality is the learning rate constant,� . The larger this value, the larger the changes
in weight at each iteration and the faster the network learns. However if the learning rate is
too large, then the network will go unstable and oscillate. It has been shown15 that one way
to increase the learning rate, without leading to oscillation is to introduce a momentum term.
ie.
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wheren indexes the current input/output presentation number,�  is the learning rate constant
and �  is the momentum constant. This defines how much past weight changes effect the
current direction of movement, providing a force analogous to momentum in weight space,
which acts to filter out high frequency variations in the error surface. For example, if the



network arrives at a gradually descending ravine in weight error space, the steepest error
gradient may be mainly across, rather than down, the ravine. The use of a momentum term
tends to filter out such sideways movement, while compounding movement down the
ravine.

In one learning sweep with the Generalised Delta Rule, the following sequence of events
occur:

· The network is presented with an input pattern (all the input units of the network
are set to the required values).

· This input vector is used to compute the output values by feeding forward through
the net and computing activation values for all the other units according to the
weight values.

· The output vector for this pattern is compared to the required, or target, pattern
and the error term is calculated for every output unit.

· Error terms are recursively propagated backwards through the net to the other
units in proportion to the connection strengths between the units.

· The weights are then adjusted in such a way as to reduce the error terms, by
performing gradient descent in weight error space, in a similar manner to the
Simple Delta Rule.

· The process is repeated for all the input/target pattern pairs in the training set.

The process of presenting to the network all the patterns over which it is to be trained is
defined as an epoch. Training continues for as many epochs as are necessary to reduce the
overall error to an acceptably low value.

Experimental Results
In the experiments described below the input data (CIELAB coordinates) were used in LCH
and LAB form and after scaling to the interval [0..1], directly applied to three input units.

The dye system used for these initial tests consisted of three dyes on a nylon substrate.
Because the aim of the experiment was to investigate the feasibility of recipe prediction
using a neural network it was not necessary to use real data and hence the training and test
recipes were synthesised using an ICS-TEXICON colour system. The ICS-Texicon system
included a conventional recipe prediction data base and was capable of predicting recipes
and colour coordinates using a standard Kubelka-Munk model. The three dyes chosen were
Nylosan Blue (EGL), Nylosan Yellow (ERPL) and Nylosan Scarlet (F-3GL) and recipes
were synthesised using varying concentrations of single and two dye mixtures from this
group, to produce CIELAB colour coordinates under D65 illuminant data.

The neural network consisted of three input units, 24 hidden units arranged in two layers of
8 and 16 units, and three output units (figure 2). The input units correspond to the three
colour co-ordinates and the output units to concentrations of the three dyes. The net was
trained using a low learning rate as empirical evidence showed that the network was
unstable at higher rates. The net was trained on approximately half of the synthesised



recipes with the remaining recipes being used as test data in order to discover whether the
net could produce accurate recipes for previously unseen colours. The results were
evaluated using the ICS system mentioned above, using the CMC (2:1) colour difference
equation.

a: Experiments using data in LCH format
The first tests performed used data in LCH format trained over 3000 epochs.
Observation of the network during training showed that after some initial progress the
network ceased learning and training was aborted. Examination of the results illustrates
particularly poor performance for the blue and scarlet mixture recipes (see figure 3a).
This is caused by the nature of the hue angle: values close to 360 degrees are similar in
hue to angles close to 0 degrees. Thus colours that are almost identical can have a
disproportionately large variation in the hue angle input to the net.



b: Experiments using data in CIELAB format
LAB tests used the same data set and conditions as the LCH tests, but with the input in
LAB format instead of LCH. Observation of the network during training showed a
gradual decrease in error over time. Training was continued for 55000 epochs until
improvement became marginal. The results are given in Table One and are summarised
in figure 3b.

TABLE 1. Results of network prediction using LAB input data.



From analysis of the results it was clear that the LCH format is not suitable for use with
this type of network and all further experimentation has used the LAB format for colour
measurement.

Conclusion
Initial results, using a simple Multi-Layer Perceptron Neural Network model, have
demonstrated the feasibility of using neural networks for computer recipe prediction and
indicate that the technique is worth investigating further. Although LCH colour definition
was unsatisfactory for this research (figure 3), approximately 60% of all predictions using
LAB format data result in � E values less than one (see figure 6). 

The results for single dye predictions are relatively poor, only 24% of predictions result in a
� E value less than one (figure 4). This may be due to problems at the extremities of the
concentration scaling, since by definition in one dye formulations the concentrations of the
other two dyes are at an extreme (0.00). In particular, the results for the blue single dye
mixtures are significantly better between the two concentration extremes [0.5 .. 4.0].
Computationally, a likely cause for this phenomena is the use of the sigmoid logistic
activation function, which results in values at the extremities of the output range becoming
hard to learn14. Work is ongoing to resolve this problem.

The two dye predictions are very promising. 78.8% of all such predictions result in� E
values less than 0.8 (figure 5). Research is continuing to see if this performance can be
achieved on larger scale experiments.

The work reported in this paper suggests that neural network techniques maybe be useful for
solving recipe prediction problems. It has been shown that the Kubelka-Munk model has
been approximated without any a priori knowledge about the system. There is no reason to
believe that similar neural networks cannot learn the relationship between colorant
concentrations and colour coordinates for real coloration systems. In order for this approach
to become viable it will be necessary to extend the training data to include a greater number
of colorants. It remains to be seen how many training recipes will be necessary to enable the
network to make accurate predictions when a larger number of colorants are used. It will
also be necessary to be able to include information regarding illuminants other that D65; it
is possible that this may be accomplished by entering colorimetric data for more than one
illuminant or by using reflectance values for the target data during training.

The use of neural networks offers several potential advantages over the conventional
Kubelka-Munk approach:

· It is not necessary to prepare a special database in order to use the neural network
method. Conventional Kubelka-Munk systems necessitate data base samples to be
produced and up to ten samples per colorant is not unusual. The network would be
trained on actual production samples. Most dyehouses, for example, maintain
historical shade data and this would be most suitable for training.

· The neural network is able to continue to learn after the initial training period,
since future production samples can be presented to the system and this
knowledge incorporated into the network weights. This gives the network the
potential to adapt to changes in important factors such as water supply, substrate
properties or colorant colour strengths in the same way that a colourist would



adapt to such changes over time.

· The neural network approach may be able to learn the behaviour of colorants for
coloration systems for which the mathematical descriptions are complex. For
example, fluorescent dyes and metallic paint systems, are currently difficult to
treat using standard Kubelka-Munk theory.

The application of neural networks to recipe prediction represents a radical departure from
conventional mathematical treatments and this initial study suggests that the approach may
be successful.
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