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Abstract—In this paper, we present a neural networks and image
analysis based approach to assessing colour deviations in an offset
printing process from direct measurements on halftone multicoloured
pictures—there are no measuring areas printed solely to assess the
deviations. A committee of neural networks is trained to assess the
ink proportions in a small image area. From only one measurement
the trained committee is capable of estimating the actual amount of
printing inks dispersed on paper in the measuring area. To match the
measured image area of the printed picture with the corresponding
area of the original image, when comparing the actual ink proportions
with the targeted ones, properties of the 2-D Fourier transform are
exploited.
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1 Introduction

Offset lithographic printing is the most widely used com-
mercial printing process. It is used to produce high quality
pictures in the production of magazines, catalogs, news-
papers, etc. The pictures are represented by cyan (C),
magenta (M), yellow (Y), and black (K) dots of varying
sizes on thin metal plates. These plates are mounted on
press cylinders. Since both the empty areas and areas to be
printed are on the same plane on the plates, they are distin-
guished from each other by one being water receptive and
the other being ink receptive. As the press runs, a thin film
of water is applied to the plate followed by an application
of the corresponding ink. The inked picture is transferred
from a plate onto the blanket cylinder, and then onto the
paper. An example of an image taken from such a picture
is shown in Fig. 1.

Fig. 1. Left: A multicoloured picture. Right: An enlarged view of a
small part of the picture shown on the left.

Throughout the job run, the press operator repeatedly
samples the prints to assess print quality. The samples are

compared to the approved reference print. The initial com-
parison is visual. If deviations discernible to the human
eye are detected, then a densitometer or spectrophotometer
is used to obtain a numerical assessment of the deviations.
Deviations in print consistency from the reference print oc-
cur as a result of changes in operating conditions and press
variability. The types of adjustments that are frequently
required during a job run are often attributed to adjusting
the proportions of each ink dispersed on the correspond-
ing plate. It is not uncommon for a press operator to alter
the amount of ink by nearly 20% during a job run to main-
tain the same printing quality [1]. Each individual operator
performs inking adjustments based on his perception of the
relationship between the proportions of the different inks
and their overlap that results in the full-colour printed pic-
ture. The perception is very subjective and so is the printed
result.

To measure the ink proportions, usually small test ar-
eas are printed. Fig. 2 presents an example of two types
of such areas. Full tone test areas of cyan, magenta, yel-
low, and black colours, as those shown on the upper part
of Fig. 2, are usually used for densitometer or spectropho-
tometer based ink density measurements.

Fig. 2. Above: An example of full tone test areas. Below: An example
of a double grey-bar.

However, print quality of a printed picture depends on
both ink densities and dot sizes [2]. Thus, to take both these
factors into consideration, one need to measure the ink pro-
portions on halftone areas, for example, on the so called
double grey-bars, shown in the lower part of Fig. 2. One



half of the double grey-bar is printed with cyan, magenta,
and yellow inks while the other half is printed as a black
halftone screen. Obviously, the most adequate estimate of
the ink proportions would be obtained if a press operator,
instead of using test areas, could measure the proportions
directly on multicoloured halftone pictures.

The estimated ink proportions, the press operator has
to relate, to the appropriate adjustments of the amount of
ink dispersed on paper necessary to maintain print quality.
Since each individual press responds differently to on-line
adjustments, then it is the experience that a press operator
has gained from monitoring the behaviour of the same press
over time that allows him to apply appropriate adjustments
that can maintain print consistency. Obviously, this is quite
a difficult task.

In this paper, we propose an approach to using artificial
neural networks for estimating the ink proportions directly
on arbitrary areas of multicoloured halftone pictures. The
obtained ink proportions are then automatically compared
with corresponding areas of printing plates containing in-
formation about the targeted proportions of the four print-
ing inks. The comparison result—the deviation—is further
used by the press operator/control system to compensate
for the colour deviation.

2 Estimating Ink Proportions by Neural Net-
works

To estimate the ink proportions, an RGB image from a
measuring area is first recorded by the image acquisition
equipment used. Since the RGB colour space is device de-
pendent and rather nonuniform, the recorded RGB image
is transformed to the L∗a∗b∗ counterpart [3]. The device
independent L∗a∗b∗ colour space, which will be briefly in-
troduced in Section 2.2, is known to be much more uni-
form. Then the mean L̂∗a∗b∗ values are calculated for the
image. Now, the ink proportions—the CMYK values—are
easily obtained for the measuring area if we know the map-
ping L∗a∗b∗ → CMY K. The mapping is learned by an
artificial neural network using a predetermined number of
training data measured on specially designed test patches.
An example of several test patches used is shown in Fig. 3.

Fig. 3. An example of several test patches used to collect data for training
the transformation network.

In this paper, we consider mappings L∗a∗b∗ →
CMY —it is assumed that K results from the CMY over-
lap. However, mappings L∗a∗b∗ → CMY K can also be
learned. CMY values for a test patch show how large part
of the area of the patch is covered by dots of cyan, ma-
genta, and yellow ink, respectively. For example, CMY val-
ues equal to 0.2, 0.4, and 1.0 indicate that dots of cyan ink
cover 20% of the area, dots of magenta ink cover 40%, and
yellow ink covers the entire area of the patch.

To train the network, the mean L̂∗a∗b∗ values measured
on the test patches are used as the input data and the ink
proportions—CMY values—estimated for the correspond-
ing patches, serve for the target data. The way used to esti-
mate the target values is outlined in Section 2.2.

A feedforward two hidden layer perceptron with three
input and three output nodes is the neural network used to
learn the mapping. The number of hidden nodes is found by
cross-validation. To mitigate the data registration burden, it
is highly desirable to use small neural network training data
sets. It is known, however, that neural networks are unsta-
ble to perturbations in a learning data set. Hence, the use
of small training data sets may cause generalization prob-
lems. Therefore, to cope with the problem, we use neural
network committees to learn the mapping.

2.1 Neural Network Committee Used

A variety of schemes have been proposed for combining
multiple estimators [4]. For the purpose of the application
described here, the averaging approach proved to be the
most reliable. This approach simply averages the individ-
ual neural network outputs:

yC(x) =
1
L

L∑
i=1

yi(x) (1)

where L is the number of neural networks and yi(x) rep-
resents the output of the ith neural network given an input
data vector x.

We apply the Bayesian framework for training members
of the committee, using a simple Gaussian prior for the
weights [5]. In the Bayesian framework, the assumption is
that the network weights are normally distributed and give
rise to normally distributed outputs, where each output yi

is effectively the mean of the distribution and σi the asso-
ciated standard deviation. In the committee, therefore, we
assume that each network makes an approximation to the
”true” distribution of outputs, which has mean yC and vari-
ance given by

σ2
C =

1
L − 1

L∑
i=1

(yi − yC)2 (2)

With some simple manipulations we get

σ2
C =

1
L

L∑
i=1

σ2
i +

1
L

L∑
i=1

y2
i −

(
1
L

L∑
i=1

yi

)2

(3)



Note that this equation assumes that the networks in the
committee all approximate the same Gaussian distribution
of the outputs.

2.2 Estimating Target Values

In our experiments, six nominal CMY values of 0, 0.2,
0.4, 0.6, 0.8, and 1.0 are used to print the test patches.
Thus, there are 216 test patches when using three print-
ing inks. Though the nominal CMY values used to print
the test patches are known, the actual values are unknown,
since dots grow during the printing process. To estimate
the actual CMY values—the target values for training the
neural network—the Neugebauer model [6] is used.

According to the Neugebauer spectral equations [6], the
predicted average spectral reflectance of the printed test
patch R̂S(λ) is given by

R̂S(λ) =

[
P∑

i=1

wiRi(λ)1/n

]n

(4)

where Ri(λ) is the known spectral reflectance of the ith
Neugebauer primary colour—measured on a correspond-
ing test patch, wi is the area covered by the ith primary, P
is the number of the primaries, and n is the Yule-Nielsen
correction factor, which accounts for light scatering in pa-
per [6]. There are P = 8 Neugebauer primaries when
using cyan, magenta, and yellow inks, namely, white pa-
per, cyan, magenta, yellow, green—overlap of cyan and
yellow, blue—overlap of cyan and magenta, red—overlap
of magenta and yellow, and black—overlap of cyan, ma-
genta, and yellow. Accordingly, there are P = 16 pri-
maries when using four printing inks. It is clear, that know-
ing wis for each of the test patches, the CMY values are
easily calculated. The parameters wi are obtained from
Eq.(4) through an optimization process using data from test
patches. Rather than performing the optimization in the
spectral space—Eq.(4)—we fulfill the search in the approx-
imately uniform L∗a∗b∗ colour space. The L∗a∗b∗ coordi-
nates are calculated as follows.

Let us assume that RS(λ) is the measured spectral re-
flectance of a test patch illuminated by a light source with
the spectral power distribution S(λ). The predicted spec-
tral reflectance of the patch is denoted by R̂S(λ). Having
the spectral reflectance and the colour matching functions
x(λ), y(λ), z(λ) [3], we can calculate the tristimulus val-
ues XY Z characterizing the patch:

X = k

∫
RS(λ)S(λ)x(λ)dλ (5)

where

k =
100∫

S(λ)y(λ)dλ
(6)

The variables Y and Z are obtained likewise. Having
the XY Z tristimulus values, the L∗a∗b∗ colour space is

defined as follows [3]:

L∗ = 116(Y/Yn)1/3 − 16 (7)

a∗ = 500[(X/Xn)1/3 − (Y/Yn)1/3] (8)

b∗ = 200[(Y/Yn)1/3 − (Z/Zn)1/3] (9)

where Xn, Yn, Zn are the tristimulus values of X , Y ,
and Z for the appropriately chosen reference white. The
Euclidean distance measure can be used to measure the
distance (�E) between the two points representing the
colours in the colour space:

�E = [(�L∗)2 + (�a∗)2 + (�b∗)2]1/2 (10)

The cost function minimized during the optimization
process when estimating the parameters wi is given by

J = ΣK
k=1∆Ek (11)

where K is the number of the test patches used and ∆Ek

is the difference between the kth patch colour (according
to Eq.(10)) evaluated using the predicted R̂Sk(λ) and the
measured RSk(λ) spectra of the patch. The optimal val-
ues of parameters wi are found by stochastic optimization.
Knowing the parameters the target values are easily calcu-
lated for all the test patches.

2.3 Training Committee Members

Bootstrapping [7], Boosting [8], and AdaBoosting [9] are
the most often used approaches for data sampling when
training members of neural network committees. Some
studies show that boosting may create committees that are
less accurate than a single network [10]. Boosting may suf-
fer from overfitting in the presence of noise [10], [11]. In
our application, data sets are rather noisy. Therefore, we
have chosen the bootstrapping sampling technique.

We train each member of the committee by minimising
the following objective function

E = βED + αEW =
β

2

ND∑
n=1

Q∑
k=1

[
yk(xn;wi) − tnk

]2

+
α

2

NiW∑
j=1

(wij)2 (12)

where xn stands for the nth input data point, ND is the
number of input data, Q is the number of outputs in the
network, wi is the weight vector of the ith member, NiW

is the number of weights in the ith member of the commit-
tee, α and β are hyper-parameters of the objective function.
The second term of the objective function performs reg-
ularization. We use the Levenberg-Marquardt algorithm
for neural network training [12] and Bayesian regulariza-
tion techniques [5]. In the Bayesian approach, the posterior
probability distribution for the weights, p(w|D,α, β,M),
is given by

p(w|D,α, β,M) =
p(D|w, β,M)p(w|α,M)

p(D|α, β,M)
(13)



where M is the particular neural network model used,
p(w|α,M) is the prior probability distribution for the
weights, p(D|w, β,M) is the data likelihood function, and
p(D|α, β,M) is the normalization factor. Assuming Gaus-
sian prior distribution of the weights, additive zero-mean
Gaussian noise for the target data, and provided the data
points are drawn independently, the probability densities
are written as

p(D|w, β,M) =
1

ZD(β)
exp(−βED) (14)

p(w|α,M) =
1

ZW (α)
exp(−αEW ) (15)

where ZD(β) = (2π/β)ND/2 and ZW (α) =
(2π/α)NW /2. The optimal weights maximize the posterior
probability p(w|D,α, β,M).

3 Comparing Printed Result and the Target

To assess the actual ink proportions on an arbitrary area of
a multicoloured picture, first an L∗a∗b∗ image of the area
is recorded. The average L∗a∗b∗ values for the area are
then calculated and presented to the neural network. The
network predicts the actual ink proportions, which have to
be compared with the targeted ones. The targeted ink pro-
portions are known as a digital copy of the printing plates.
The original image to be printed is also known, usually in
an RGB or L∗a∗b∗ format.

To compare the actual ink proportions with the targeted
ones one has to match the recorded image area of the
printed picture with the corresponding area of the original
image. To perform the match we exploit properties of the
Fourier transform.

Let f1(x, y) and f2(x, y) be two images, and F1(u, v)
and F2(u, v) their corresponding Fourier transforms. Let
also f2(x, y) = f1(x + x0, y + y0), as illustrated in Fig. 4.
Then according to the Fourier shift theorem:

F2(u, v)F ∗
1 (u, v)

|F2(u, v)F ∗
1 (u, v)| = ej2π(ux0+vy0) (16)

where ∗ denotes the complex conjugate. The shift pa-
rameters (x0, y0) can now be determined from the inverse
Fourier transform:

F−1
(
ej2π(ux0+vy0)

)
= δ(x0, y0) (17)

Fig. 5 visualizes the inverse Fourier transform calculated
for the images shown in Fig. 4. The translation parameters
are given by the position of the peak.

The same technique can be applied to identify the rota-
tional displacement and scaling. The rotation is represented
as a shift in polar coordinates, while scaling as a shift in
logarithmic coordinates [13].

If, for example, f1(x, y) is f2(x, y) scaled with factors
(a, b), then the Fourier transforms of the images are related
as:

F2(u, v) =
1

|ab|F1

(u

a
,
v

b

)
(18)

Fig. 4. Left: An original image. Right: The translated original image.

Fig. 5. Visualization of the result, given by Eq.(17), for the images shown
in Fig.4.

Ignoring the factor 1
|ab| and using the logarithmic scale

we get:

F2(log u, log v) = F1(log u − log a, log v − log b) (19)

or
F2(s, t) = F1(s − c, t − d) (20)

where s = log u, t = log v, c = log a, and d = log b,
The translation (c, d) is found by applying the shift the-

orem and the scaling (a, b) is given by

a = ec, b = ed (21)

Having the shift, rotation, and scaling parameters,
matching of the image areas can be performed.

4 Experimental Tests

The experimental tests performed concern an offset news-
paper printing process. First, to test the ability of neural
networks to learn the mapping, several test sheets, each
containing 216 test patches, were printed keeping the same
ink density. An example of thirty-six such pathes is shown
in Fig. 3. For each cyan, magenta, and yellow inks, the
average ink coverage of a patch area—the dot size—was
varied in 20% steps, namely, 0.0, 0.2, 0.4, 0.6, 0.8, and 1.0.
Thus, from one test sheet we get one set of data containing
216 data points.

4.1 Target Values and Colour Mapping

To train the mapping networks, one test sheet—216 data
points—were used. Fig. 6 presents the result of estimat-
ing the target vales for the training data. The target values
are given by the average actual ink coverage—average dot
size—of the patches. The difference between the nominal
and actual dot sizes is known as dot gain.



Fig. 6. Actual versus nominal dot sizes.

The optimal structure of the mapping network was found
by cross-validation—it turned to be a structure of 3-8-5-3
nodes. The number of networks included into the commit-
tee was found to be seven. In Fig. 7, the evaluation result

Fig. 7. The error map for the yellow ink coverage, with the percentage of
the nominal coverage shown on the left.

of the mapping networks is shown. The Figure visualizes
the prediction errors of the yellow ink coverage for 216
colour patches of the test data set. One pixel of the image
corresponds to one colour patch. When scanning the im-
age from left to right the nominal cyan ink coverage varies
with the highest frequency—20% each step—from 0 to 1
and then repeats it self. The magenta ink coverage varies
with 6 times and yellow ink with 36 times lower frequency.
The percentage shown on the left of Fig. 7 is for the yellow
ink coverage. The maximum error observed is 0.035, while
most of the errors are below 0.01. The maximum as well as
the average errors obtained for cyan and magenta inks were
about 30% lower than those observed for yellow ink. Thus,
we can conclude, that the trained committee of neural net-
works is capable of predicting the actual ink coverage with
very good accuracy.

It is worth noting that the exact ink coverage value is
not known for each colour patch, since the estimated target
values are the average ink coverage values. Colour patches
printed with the same nominal ink coverage values may ex-

hibit slightly different the actual ink coverage values. Thus,
the ink coverage prediction errors may be even lower than
those exemplified in Fig. 7.

4.2 Comparing Target and Result Images

The target and result images used in this test origin from
different sources and are of rather different quality. The
difference may cause problems in the matching process.

The target colour image is obtained from the digital im-
ages used to produce the printing plates. The digital im-
ages are high resolution monochrome images, one for each
printing ink. From these monochrome images we calculate
an RGB image, which is transformed to the L∗a∗b∗ coun-
terpart. Fig. 8 presents an example of the target image used.

Fig. 8. The target image calculated from the high resolution digital images
used to produce the printing plates.

Fig. 9. The result image obtained by scanning the offset printed picture.

To obtain the result image we scan the offset print using a
HP ScanjetIIc scanner. The scanner produces an RGB im-
age, which is then transformed to the L∗a∗b∗ counterpart.
Fig. 9 shows a part of the scanned image to be matched
against the target image shown in Fig. 8.

To make the matching process less expensive in comput-
ing time and memory, we down-sampled the images used
in the matching process from 1500 × 1500 to 512 × 512
pixels.

The quite large discrepancy between the target and re-
sult images caused by the printing process and effects of



the log-polar conversion, introduces undesirable peeks in
the matching result. However, we know a priory that the re-
sult image is only moderately translated, rotated, and scaled
compared to the target image. Thus, we can avoid selecting
one of these false peeks simply by limiting our peek search
area. Fig. 10 visualizes the matching result characterizing
the scaling and rotation steps. The square shown in Fig. 10
indicates the peek search area while the arrow marks the
peek identifying the angle and scale of the result image as
compared to the target.

Fig. 10. Visualization of the matching result characterizing the scaling
and rotation steps. The square shows our peek search area while the
arrow marks the peek identifying the angle and scale of the result
image as compared to the target.

Fig. 11. The adjusted—scaled, rotated, and translated—result image.

5 Conclusions

To maintain an acceptable quality of multicoloured pic-
tures, the offset printing process requires the press opera-
tor to make appropriate and timely on-line ink feed adjust-
ments to compensate for colour deviations from the refer-
ence print. To assess the deviations and monitor the print-
ing process is quite a difficult task for the printing press
operator.

In this paper, we presented an approach to assessing
colour deviations from direct measurements on halftone
multicoloured pictures. From only one measurement a
trained neural network committee is capable of estimating
the actual relative amount of each cyan, magenta, yellow,
and black inks dispersed on paper in the measuring area.

The target vales used to train the networks are obtained
from the spectral Neugebauer equations based reflectance
modelling. A quite high estimation accuracy of the amount
of inks was observed in the tests performed. Registration
of the measured image area of the printed picture against
the corresponding area of the original image is achieved by
exploiting the shift, rotation, and scaling properties of the
2-D Fourier transform.
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