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Abstract—Printing is in its bare essence a binary process:
putting ink on paper or not. To obtain the impression of
gray values and colors one normally uses a pattern of small
ink dots. The characteristics of these dots have a very im-
portant impact on the resulting print. It is well known that
for today’s print resolutions the actual density of a printed
dot depends on neighbouring dots. The aim of print mod-
elling is to quantify this relationship. Print models use the
neighbourhood of a dot to map the pattern of neighbouring
input pixels to an actual ink density. The neighbourhood
size of traditional print models does not exceed

�����
due

to the exponential growth of the underlying mathematical
problem [1, 8]. In the presented research we propose tech-
niques to reduce the dimensionality an to make it possible
to tackle bigger neighbourhoods. For example, instead of
using the whole pattern of the neighbourhood, the (binned)
number of black dots in several dot groups are used as char-
acteristic. The choice of the number and size of those dot
groups is a degree of freedom that enables us to design big-
ger neighbourhoods while limiting the dimensionality of the
mathematical problem.

We conducted some experiments based on printing a high
number of periodic dot patterns with two laser printers.
To model these printers, we tried more than 50 different
neighbourhood group constellations, covering � � � up to�����

neighbouring dots and with their corresponding prob-
lem dimensionality ranging from 2 to over 800. Fitting
the modelled dot reflectance to the measured reflectance of
the printed patterns can be formulated mathematically as
a constrained quadratic programming problem. We ob-
served that low modelling errors can already be obtained
with neighbourhoods of low dimensionality (order 20 to 30),
which is even lower than the dimensionality of a traditional
print model with

���	�
neighbourhood (with dimensionality

102).
Keywords—print modelling

I. INTRODUCTION

Traditional printing is in its bare essence a binary pro-
cess: for every position on the paper one has two choices:
putting ink or not putting ink. Despite this seemingly lim-
itation, it is possible to obtain a broad pallet of gray scales
and colors without the need for an individual ink for each
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particular color. Based on the fact that the human visual
system has low pass properties, the typical procedure is to
distribute small spots of ink. When this pattern of spots
is viewed from a sufficient distance, the spots will be un-
noticeable and the human eye will only perceive a certain
color. The precise properties of the perceived color will not
only depend color of the spots, but also on their size and
spacing. This makes it possible to obtain the impression of
gray scale by only using black ink spots or produce color
prints by only using a limited set of color inks (typically
the four colors: cyan, magenta yellow and black).

Halftoning is the process that transforms an input im-
age to a pattern of spots, in order to print the image. Sev-
eral halftoning techniques exist, which differ in the proper-
ties of the spot pattern they generate: clustered versus dis-
persed spots, regular versus stochastic positioning, etc. In
case of digital halftoning all these techniques construct the
spot pattern out of so called “dots”, the smallest units of
addressability of the printing device, conceptually equiv-
alent to pixels. Current digital printing devices work on
a scale of several hundred dots per inch. This means that
the sizes of the used dots are several tens of micrometers.
On this scale the dot is not what one expects from an ideal
pixel: a perfect square or rectangle. As a first approxima-
tion, dots have a round form, for example caused by the
spherical form of ink dots for ink based technologies or
the circular laser beam profile for toner based technolo-
gies. Further deviation from the ideal square pixel model
are problems like dot gain, caused by ink spread on the
paper [1–3, 7–11], dot loss, indicating that some dots are
bad or not accepted on the paper [3], interaction between
dots [1], etc. It is clear that these mechanisms have an im-
portant impact on the final appearance of the printed im-
age. Print modelling is therefore needed to compensate for
these print distortions during the halftoning process.

Like already mentioned in the previous section, the most
basic model of a dot is the circular dot model [3, 4, 6, 7,
9, 10], assuming that each printed dot is circular with a
uniform distribution of ink. This geometric model does
not account for interaction between neighbouring dots and
therefore tends to fail for current and higher resolutions
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[3]. At these resolutions the real density differs from what
can be expected based on geometric grounds (overlap of
circular areas).

Based on physical considerations of electrophoto-
graphic printing devices [5] proposes a dot model using
probabilities of the toner particles being at a certain point
on the photoconductive drum. Dot interaction is incorpo-
rated by an OR operation of the different probabilities of
neighbouring dots. [3] identifies problems of this model
related to undense toner packing seen at cluster centroids.
He solves this problem by going one step deeper in the
physics of the printing device. He uses the amount of light
energy collected at the photoconductive drum and trans-
forms this to probabilities of toner being at a position on
the drum. With this model the probability of toner occur-
ring for a particular dot is now directly affected by the con-
centration of dots in the surrounding area.

II. LOOK-UP BASED PRINT MODELS

The class of print models we will focus on in this paper
make abstraction of the precise physics of the print pro-
cess. These models try instead to model the ink or toner
density with a look-up table in function of the neighbour-
ing dot pattern at each dot. As a starting point we consider
an input image1 after halftoning: 
�� 
������ , which is a binary
image defined in the discrete space corresponding with the
printer addressability grid. After printing we get on pa-
per an continuous-tone output reflectance image ���� �
�� ����
in continuous space

� �
�� ���� . As an important simplifica-
tion we will use an equivalent discrete space output image� � 
������ instead, which abstracts the continuous space ef-
fects in one reflectance per addressable cell of the printer.
In short, the print model we want to deploy basically trans-
forms the discrete binary image 
�� 
������ to the discrete con-
tinuous tone image

� � 
������ without using continuous space
concepts. For each pixel or dot2 � 
������ we will consider in-
put pixels 
�� 
������ and its neighbours 
�� 
�� �!�����#"$� for� �!��"$�&%(' in order to determine the output

� � 
������ . The
set ' defines the neighbourhood or window used for the
print model. For example we can take a )�*+) neighbour-
hood ( ' ,-�/.102�435�607�8*#�/.102�435�607� ), in which 9;:<,>=5069
different binary patterns ?A@ are possible. We define the
print model by associating a reflectance BC@ to each of these
patterns. For clarity, we map the patterns to the reflectance
of the central pixel � 
������ of the neighbourhood, not to the
mean reflectance of the whole pattern.

The reflectance B @ of the pattern ? @ can be obtainedD
We will only consider gray scale input images here, the halftoned

images are binary as consequence.E
In this discrete space discussion the concepts pixel and dot are

equivalent.

with a direct and an indirect approach. The direct way,
used in [1], involves printing the patterns ?F@ , scanning
them with a high resolution scanner and calculating the
reflectance of the central pixel. The main drawback of this
approach is that precise registration is needed in order to
catch the central pixel of the pattern. Furthermore, precise
calibration of the scanning device is another difficult issue.
The other approach, used in [8] and this paper, eliminates
the difficulty of registration and calibration by only using
macroscopic densitometric measurements. This technique
will be explained further in section IV.

Given a certain neighbourhood ' and a mapping of
the associated patterns to reflectances, the transformation
from input image 
�� 
������ to output image

� � 
������ is simply
done by considering the pattern around each pixel � 
������
and looking up the associated reflectance.

The problem with this technique is the exponential grow
of the lookup table in function of the size of neighbour-
hood ' . If we expand the )G*H) neighbourhood of the
example with one pixel in each direction, we have a =	*G=
neighbourhood with more than 33 million possible pat-
terns. On the other hand, some patterns can be considered
the reflection or rotation of other patterns. If we assume
that the reflection or rotation of a pattern makes no differ-
ence of the reflectance of the central pattern, it is possible
to eliminate some entries in the lookup table. This tech-
nique would for example reduce the number of necessary)�*I) patterns to from 512 to 102. Regrettably, it would
not make a =	*J= print model practically feasible to use.

III. GENERALISED NEIGHBOURHOODS

The research presented in this paper tries to eliminate
more entries in the lookup table in order to make it feasi-
ble using neighbourhoods with a size exceeding )K*1) . The
principles are based on a near field versus far field separa-
tion, like sometimes used in electromagnetism. Hereby
we assume that individual pixel close to the central pixel
of the pattern have a more important influence on the ac-
tual reflectance of the central pixel than individual pixels
further away. On the other hand, the pixels further away
are greater in number, which leads to a more important
combined influence. Through sacrificing resolution on the
pixel further away we want to limit the dimensionality of
the underlying mathematical problem (see section IV). We
use the following two techniques for this:L Grouping pixels in a “neighbour group”. Up until now
we used the whole binary pattern in the neighbourhood '
to identify its state. Within a neighbour group we can limit
the number of states by just looking at the number of black
pixels in the group. For example, in a group of 5 pixels
there are 9NM<,O)N9 different binary patterns possible, but
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TABLE I
SOME EXAMPLES OF GENERALISED NEIGHBOURHOODS AS A SET OF NEIGHBOUR GROUPS AND THEIR CORRESPONDING

NUMBER OF PATTERNS AND SIGNATURES.

(A) (B) (C) (D) (E)

neighbour groups (with bin size between
brackets if different from 1)

1 2
3

4
5

67

8 9
1 2
3

4
5

66

6 6 1 2
3

4
5

67

8 9
10

11

12

13

14
1516

17

18
19 20

21

2223

24 25

1 2
3

4
5

66

6 6
7

7

7

7

1 2
3

4
5

66

6 6
7
(3)

7 (3)

7
(3)

7 (3)

the number of pixels in neighbourhood P 9 9 25 25 25Q
, the number of possible patterns R5S 512 512 33554432 33554432 33554432

the number of signatures T�S 512 160 33554432 2720 960QVU
, the number of basic signatures T�W UYXS 102 60 n/a 1020 360

only 6 possibilities for the number of black pixels: 0, 1, 2,
3, 4 or 5.L Binning the number of black pixels in a neighbour group.
Using the previous example of a 5 pixel sized neighbour
group will be the easiest to explain. If we join the possi-
bilities for the number of black pixels per two, there are
only 3 states (or bins) for the neighbour group left: “0 or 1
black pixel”, “2 or 3 black pixels” and “4 or 5 pixels”.

With these techniques we change the concept of a neigh-
bourhood ' from a set of pixels to a set of Z neighbour
groups [8\ . Each neighbour group []\ covers one or more
pixels and uses its own binning. If we now consider a
binary pattern ?^@ , we count the number of black pixels
in each neighbour group []\ to obtain the applicable bin_ \ � ?�@`� . With those Z values

_ \ � ?�@`� we construct a vectora @ , which we we call the signature of the pattern ? @ , be-
cause it gives a characterization of the pattern. Because of
the grouping and the binning the number of possible signa-
tures

acb
will be typically much smaller than the number of

possible patterns ?^@ . Moreover, if we eliminate the dou-
bles due to to reflection and rotation like mentioned at the
end of section II, we obtain an even more limited number
of basic signatures

aFd/ecf@ , denoted by g e .
Table I illustrates these presented concepts with some

simple examples. Neighbourhoods (A) and (C) are the
classic case of using the individual pixels as identifica-
tion of the pattern (each neighbour group contains just one
pixel) like discussed in section II and used in [8]. Neigh-
bourhood (B) covers the same pixels as (A), but groups
the pixels in the corners in one group, which reduces the
number of signatures from 9�:h,i=5069 to 9 Mkj =�,l06m23 . The
number of basic signatures is also reduced from 102 to 60.
The reduction are even more striking with the =�*G= sized
neighbourhood examples (C), (D) and (E). Neighbourhood
(D) groups pixel 6 to 9 of (C) in one group, like in the )&*h)
example, and also groups the pixels 10 to 25 of (C) in an-

n oqp7rsptr�p7rvu6rwuxrwytz n .16

n o{uxrvu6r�p7rsptrwuxr}|~z n .73

pattern signature T W UYXS reflectance �NS
Fig. 1. Application of a printer model with signatures based on
neighbourhood (B) from table I.

other group. This already reduces the number of signatures
with more than 4 orders of magnitude. Neighbourhood (E)
also uses binning on the surrounding neighbour group by
grouping the possible number of black pixels per 3. This
reduces the number of basic signatures to 360 which makes
a =�*J= print model practically feasible.

Although the examples from table I span a square neigh-
bourhood, this is not required. To make it possible to elimi-
nate doubles due to reflection and rotation, only some sym-
metry around the central pixel is needed. Another variation
is possible by introducing an offset of a halve pixel in both
directions between the pixel grids of 
�� 
������ and

� � 
������ .
This eliminates the intuitive mapping from pixels between
�� 
������ and

� � 
������ , but makes it possible to use even sized
neighbourhoods such as 9�*J9 and ��*�� .

IV. TRAINING/SOLVING THE MODEL

With the introduced concepts we can change, mutatis
mutandis, the look-up based print model from section II.
Instead of associating an effective reflectance BC@ to the
central pixel of a pattern ?A@ , we now associate a re-
flectance to the signature

a d�ecf@ of the patterns. The aim
is here to obtain values for B$@ in order to define our print
model. In this section we will develop a mathematical
and macroscopic based alternative to the microscopic re-
flectance measurements of B�@ as used in [1].
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The technique, also used in [8], only uses global densit-
ometric measurements of a set of � printed test patches��h�

. Each of these binary test patch is the periodic repeti-
tion of a

���
, a small binary pattern of [�*�� pixels. With

the densitometer we measure (without a need for registra-
tion) the effective reflectance

�� � of each printed test patch��h�
. The size ��*�� should not be to big, in order to have

enough repetition of the pattern in the measurement area
of the densitometer. Moreover, ��*+� also should not be
smaller than the coverage of the neighbourhood. In this
case we can assume that the measured global reflectance
of the printed test patch

��h�
is the same of the mean re-

flectance of the printed pattern
� �

. This is important be-
cause, with the help of the print model, we can express
this mean reflectance as a function of the (yet unknown)B�@ . For each pixel � 
������ of binary pattern

���
we explore

its neighbourhood (at borders
���

should be extended pe-
riodically) to obtain the basic signature

a d/e�f@ d��2� �6� � f and the
associated reflectance B @ d��2� �6� � f of that pixel. The mod-
elled mean reflectance of pattern

���
is just the mean of

these values B @ d��2� �6� � f , so we get:

0[��
��
�x���

��
�7��� B @ d��2� �x� � f , �� � for ��,�02��9Y�������x���

This set of equations can be simplified by counting the
number of times each signature

a&d/ecf@ (and its associated re-
flectance B�@ ) occurs in each pattern

�1�
. If we call this

number of times   � � @ , we get:

0[h�
¡ U�
@ ���   � � @6B�@�, �� � for ��,¢02��9Y�������£���

If we define a � *(g e matrix ¤ with ¤ � � @¥,-¦�§�¨ S� � ,
this expression can be written as a matrix equation

¤�©!, �ª (1)

Two problems arise when one want to solve this equa-
tion directly, for example by using g e test patches (mak-
ing ¤ a square matrix) and try to invert it. First of all,
there is a certain noise on the measurements

�ª , due to vari-
ations of the printing process itself and measuring noise.
This suggest a more statistical approach, in which � , the
number of printed and measured patches, should be big-
ger than g e , the number of parameters in the print model.
A second more important and radical problem is the oc-
currence of linear dependencies between the rows of ¤ .
For all (except some trivial small) neighbourhoods used
in the experiments we observed relationships between the
occurrence of signatures and patterns, independent of the

Fig. 3. Close-up of two printed patches. In the lower right
corner of each patch an enlarged version is also printed depicting«8¬

four times. The actual size of the patches is �®­ � cm
� �x­ � cm

used pattern
�1�

. See Fig. 2 for a simple example. The
mathematic consequence of this is that the matrix ¤ is not
invertible.

As done in [8], we solve equation 1 by looking for a© that minimizes the quadratic error between ¤1© and
�ª .

The linear dependencies between row of ¤ suggest that
extra constraints are needed, such as the reflectance being
between ¯ �K° @ , the minimum reflectance possible (the re-
flectance of a totally black patch) and ¯ � ¦ � , the reflectance
of unprinted paper. Doing so, we end up with a quadratic
program:

minimize
� ¤�©<. �ª �w± � ¤�©<. �ª � (2)

with ¯ �V° @³²+B�@³²´¯ � ¦ � for "G,¢02��9Y�������®�4g e (3)

In short, given a set of � binary patterns
�µ�

, we can
count the occurrences of each signature ¶ d/ecf@ and con-
struct matrix ¤ . We also print patches build of the pat-
terns

� �
and measure their reflectance

�ª . The solution
of the quadratic program (2,3) is the g e -dimensional vec-
tor ©A· and defines the print model. In the general case,
the residual error ¸J,¹¤1© · . �ª will not be zero. For be-
ing able to compare different neighbourhoods we will use

the root mean squared error RMSE ,»º ¼7½�¼¾ . This error
has tree contributors: model incompleteness, variability of
the printing process and measurement noise. The first two
are the interesting ones, whereas the measurement noise
should be minimal.

V. EXPERIMENTAL RESULTS

We used the described method to model two printers at
our lab, called “verdana” and “zapf”. Both are 600 dpi
laser printers, verdana is a HP LaserJet 4300 and zapf is
a Nashuatec DSc224 copier/printer. We printed two dif-
ferent patch sets

����
and measured the density with a X-

Rite spectrodensitometer to obtain the global reflectance
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# + # + # = # + # + # # + # = # + #

� � : 2 + 2 + 0 = 2 + 1 + 1 1 + 1 = 0 + 2��¿
: 1 + 2 + 2 = 1 + 0 + 4 1 + 0 = 0 + 1

Fig. 2. Simple example of the relationships between occurrences of signatures (for simplicity the signatures are just patterns without
elimination due to reflection and rotation).

100 101 102 103

10−2

10−1

300 patches

N
O

R
M

S
E

verdana
zapf

Fig. 4. RMSE of print model in function of À�Á for verdana and
zapf using the patch set with 300 patches.

of each patch. The first set consists of 300 patches
��h�

,
each build by periodically repeating a ÂÃ*¥Â random pat-
tern
� �

and was measured for both verdana and zapf. The
second set consists of 1000 patches

����
, this time build

with ÄG*ÅÄ random patterns, and was only measured for
verdana. Fig. 3 shows two patches of this second patch
set. The random patterns patterns

�µ�
were generated by

thresholding uniform distributed white noise. The thresh-
old was chosen different for each pattern to try avoiding
that certain patterns ?A@ or basic signatures

a d/ecf@ would not
occur in a whole set of test patterns. Unfortunately, this
goal was not always achieved since for neighbourhoods
with a rather high g e some basic signatures did not occur
in the patch sets after all. In the experiments we conducted
however it was possible to ignore the signatures that did
not occur. In the following discussion g�Æ will denote the
number of occurred basic signatures as g³Æ . We used more
than 50 neighbourhood configurations. The coverage of
these neighbourhoods ranges from 0�*Ç0 to =J*¥= pixels
and their g�Æ ranges from 2 to 803.

Fig. 4 shows the RMSE of the printmodel for the dif-
ferent neighbourhood configurations in function of their

100 101 102 103

10−2

10−1

verdana

N
O

R
M

S
E

300 patches
1000 patches

Fig. 5. RMSE of print model in function of À�Á for verdana
using both patch sets (300 and 1000 patches).

number of basic signatures, in case the 300 patch set and
for both printers. It can be clearly seen that the RMSE

for zapf is systematically lower than the RMSE of verdana.
This assures that the error components related to the model
incompleteness and the variability of the printing process
are bigger than the error component related to measure-
ment noise. We can conclude this because the measure-
ment noise is the same for both printers. Moreover we
have no reason to believe that zapf, has no print variability
or could be perfectly modelled. Furthermore, as expected,
the RMSE shrinks when g	Æ increases, but the rate is rather
small. At a g	Æ of around 30 the RMSE is already around0�3YÈ ¿ , meaning that the print model is on average 1 percent
wrong about the reflectance at that point, and decreases not
very much for higher g�Æ . This is an indication that for the
used resolution (600 dpi) there is not much to gain by us-
ing neighbourhood constellations of higher dimensional-
ity. Another interpretation is that the results obtained with
near field/far field separation are comparable with the re-
sults of the full descriptive model of [8].

In Fig. 5 we only consider verdana, for both patch sets
(300 and 1000 patches). The behaviour of RMSE for the
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TABLE II
SOME EXAMPLES OF NEIGHBOURHOOD CONSTELLATIONS WITH THEIR À�É , À]Á AND RMSE OF THE CORRESPONDING PRINT

MODEL FOR VERDANA, TRAINED WITH THE 1000 PATCHES. THE NUMBER IN THE PIXELS DENOTE THE NEIGHBOUR GROUP

THEY ARE IN. IF THE BIN SIZE DIFFERS FROM ONE, IT IS DISPLAYED BETWEEN PARANTHESES.

name MEZEL YOCEM FIFUX XEKUK SEWON ZETEQ KABAH YUHUL

1 1 2
3 4

1 2
3 45

5

5

5

1 2
3 45

5

5

5

1
3

5
4 2 1

3

5
4 2

98

67
1
2

2
2 2

33

33
1
2

2
2 2 3

3
3

3
3

3
3

3Q U
2 6 54 78 12 102 50 90QVÊ
2 6 54 78 12 102 50 90

RMSE 11.61% 1.96% 1.51% 1.48% 1.75% 1.45% 1.53% 1.47%

name GUGEC HUWOY JETIL CIDOS GUXID VOFOZ

1 2
2

2
2

1 2
2

2
2

3

3

3

3

1 2
2

2
2

3
(3)

3 (3)

3
(3)

3(3)

1
2

2
2 2

33

33

4
(3)

4 (3)

4
(3)

4 (3)

1 2
2

2
2

3
(5)

3 (5)

3
(5)

3(5)

1
2

2
2 2

33

33

4
(5)

4 (5)

4
(5)

4 (5)

QVU
18 306 108 300 72 200Q Ê
18 280 103 281 68 186

RMSE 1.60% 1.33% 1.44% 1.34% 1.49% 1.42%

case of 1000 patches is even more flat in function of g Æ
and worse than the case of 300 patches. We assume that
this is caused by the augmented influence of print variabil-
ity, due to the higher number of patches. We also observe
that the points in Fig. 5 of the 1000 patches experiment are
less scattered than in the 300 patches case. Because the
1000 patches experiment is statistically more important,
we can conclude from this that the type of dimensionality
reduction (grouping or binning) has very little influence on
the print model accuracy.

Table II gives some examples of neighbourhood con-
stellations3 with their g e , g�Æ and the RMSE of the ex-
periment with verdana and the 1000 patches. Like in
Fig. 5, it illustrates that bigger g�Æ values correspond with
lower RMSE. Consider for example the set neighbour-
hoods MEZEL, YOCEM, SEWON, and ZETEQ, all tra-
ditional neighbourhoods, in the sense that they do not
use neighbour grouping or binning. The first neighbour-
hood, MEZEL, is a simple 0J*Ë0 printer model with 2
states and results in a RMS error of 11.6%. YOCEM, an9(* 9 neighbourhood with only 6 states, offers already
an error of only 1.96%. Such a huge difference is not re-
peated. Compare for example YOCEM and SEWON, the
doubling in dimensionality only reduces the RMSE with
0.21%. The same order of RMSE-reduction can be seenÌ

The seemingly silly names of the neighbourhoods are in fact com-
pact hash representations we used to make it easier to handle these dif-
ferent neighbourhoods.

100 101 102 103

10−2

10−1

verdana, training and testing

N
O

R
M

S
E

testset 300 patches
testset 1000 patches

Fig. 6. RMSE of the test set in function of À�Á for verdana
using both patch sets (300 and 1000 patches), each time split in
a training and test set.

from SEWON to ZETEQ, but it involves a more than
four times bigger dimensionality. The usage and bene-
fits of grouping can seen by inspecting each of the neigh-
bourhood sets Í YOCEM, FIFUX, XEKUK Î , Í ZETEQ,
KABAH, YUHUL Î or Í ZETEQ, GUGEC, HUWOY Î .
Binning is illustrated in neighbourhoods sets Í GUGEC,
JETIL, GUXID Î and Í KABAH, CIDOS, VOFOZ Î .
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In a last experiment we split the patch set in two equal
sized subsets. With one set, the training set, we train the
print model and with the other set, the test set, we evaluate
the trained model. Fig. 6 shows the RMSE of the test set for
both the 300 patches case and the 1000 patch case. Now
the RMSE of the 300 patches case is worse than the RMSE

for the 1000 patches case. This can be attributed to the
fact that the print models generalise better for 1000 patches
than for 300 patches. Also, from a certain g�Æ the RMSE

increases again for both cases. This to can be explained
by worse generalisation when the number of parameters
to train ( g�Æ ) becomes to big compared to the number of
measurements ( � , 150 and 500 respectively).

VI. CONCLUSIONS

We presented a generalised neighbourhood framework
to characterise the binary neighbourhood of a pixel with
reduced dimensionality. This made it possible to explore
look-up based print models spanning a neighbourhood that
exceeds )µ*Ã) . The entries in the print model’s look-up ta-
ble were obtained indirectly based on global macroscopic
measurements and solving a quadratic program. We used
this technique to try different neighbourhood constella-
tions with different pixel coverages, group sizes and bin
sizes. We used the residual error as a metric to compare
different neighbourhood constellations. For the used print
technology (laser printing at 600 dpi) we observed that
descent print modelling can be obtained with low dimen-
sional neighbourhood constellations, comparable to the re-
sults of the traditional )³*<) neighbourhood. We also ob-
served a clear trade-off between print model accuracy and
print model dimensionality, in which the type of dimen-
sionality reduction (grouping or binning) has little impor-
tance.
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