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Offset printing has become the modern standard in high-volume industrial printing of magazines
and newspapers. Therefore, the continuous improvement of the printing quality through the
detection and removal of printing defects is an indispensable necessity. A vision-based inspection
method that compares an inspected image to a reference image is proposed to detect and segment
printing defects. The structural similarity image metric is used together with a Bayesian Classifier
to detect defective regions in the inspected image. The methods are evaluated using a dataset of
artificially simulated images based on defects samples from the printing facility. Results show that
the proposed methods can detect 93% of the simulated defects.
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1

INTRODUCTION

1.1 Print Quality Inspection

Offset printing, also known as lithography, is the most widely used method in the printing industry
[1] and it is the approach used for printing most magazines, newspapers and brochures. Its
popularity is mainly due to its economic efficiency and persistent quality when printing large
quantities. Offset printing produces prints with evenness in texture that is difficult to be found in
lesser quality prints.
Due to their high demand and popularity, it is important that printing facilities continually improve
methods that reduce printing defects degrading the quality of the output. Some of the known
defects in offset printing are holes, blobs, line scars and color differences. Even though printing
facilities generally use alternative measurements such as photo-spectrometry in ink color
calibration, they are unable to perform complete inline inspection as the vision based systems can.
Vision Based Inspection is becoming the trend, and standard in print quality inspection due to its
accuracy, efficiency and flexibility.
While the post-production inspection of samples for quality control is more common, real time or
online quality inspection is a more challenging task. Also, while the problem of vision-based
quality inspection has been often studied with electronic circuit boards, ceramic tiles and such
products, its applications in the printing industry is not well known. This thesis is a study based on
the actual implementation of a vision-based quality inspection system for a large-scale offsetprinting facility. The work attempts to contribute to the understanding of the specific challenges
and suitable solutions related to detecting defects in printing

The proposed defect detection methods are based on the comparison of a real-time inspected image
to a previously known “defect-free” reference image. A study of print quality perception as well
as of offset printing defects is performed to quantify a defect with respect to the automatic
inspection. The Structural Similarity index (SSIM) is used to detect image degradations and an
unsupervised approach is then used to segment any defects present.
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The automatic defect detection and segmentation methods proposed are tested with two examples
of printing defects: blob defects and line defects. These defects are modelled using defect samples
from the printing facility in a way that they simulate structural and color changes in the print image,
that examine the ability of the inspection system to detect structural and color degradations.

The defect samples as well as the images for analysis have been obtained from an industrial
printing facility in Finland. The printing plant was remotely located, and inspection data was
obtained through a remote network connection.

1.2 Image Quality, Comparison and Error Detection
Full Reference (FR) image comparison is the comparison of a probable defect-containing image
with an ideal reference image to quantify the change in quality, or detect any changes between the
two images. Several FR image similarity measures have tried to assess print quality by comparing
image statistics. These methods have attempted to quantify or grade the overall quality of a printed
image, and thereby extend this evaluation to the quality of the printing process.
However, even though the presence of defects deeply degrades the quality of an image, identifying
or detecting defects in a printed image is a separate problem. While two readers of a newspaper
might disagree on the overall quality of a print, they are more likely to agree and discern with
certainty the absence or presence of defects such as spots, marks, etc. In other words, while these
methods have proved useful in deciding whether an image is degraded (contains defects) or not,
they have not addressed the problem of localizing and segmenting these defect regions from an
image. Therefore, the detection and segmentation could be used as complementary methods to
confirm the presence of a defect. Such a system will then enable the accurate classification of
defects, whose statistics could then be used in diagnosing the defects of a printing system.
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1.3 Objectives and Limitations

As mentioned before, the perception of defects as well as image quality is a subjective
phenomenon. However, the human vision system (HVS) has been thoroughly studied to determine
its perception of color as well as structure in digital and printed images. The goal is to design an
inspection system that is suited to the HVS and prioritizes defects which are perceptible to a
person, relative to the ones that are not.
One of the biggest challenges in segmentation of defects using the comparison of two images is
choosing a decision criterion for detecting defect pixels and defect-free pixels. The thesis proposes
an unsupervised approach that provides a locally adaptive decision criterion by characterizing a
defect region as a mixture of two distributions.
Obtaining an accurate reference image involves comparing a camera inspected image to the digital
copy of a printing job and poses its own problem. This problem is out of the scope of this thesis,
and the proposed methods will assume that an “ideal” reference image has already been
established.
One of the persistent practical issues, that followed from the already established image acquisition
setup was the vibration of the camera at high web speeds. This required the alignment of the images
using feature matching before the difference image could be obtained. However, this registration
also required the lowering of the image resolution. Therefore, defects related to high frequency
artifacts as those found in textual content in printed images such as impurities of capital letters are
not dealt with in this work.

1.4 Structure of Thesis

The thesis has been structured to provide an understanding of printing defects, their perception and
finally methods for their detection and segmentation. Thereafter, these methods are validated, and
the results are presented and discussed.
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Section 2 establishes a HVS-oriented understanding of printing defects. A background of the
printing facility from which the images and print samples were obtained is also given. Section 3
introduces and elaborates the methods that are used for defect detection and segmentation. Section
4 explains the procedure of simulating defects using sample defects that have been obtained from
the printing facility. This is required in the absence of a sufficiently large defect image database
for validation. Finally, Section 5 presents the results and a discussion of the methods based on
them, and Section 6 present the concluding remarks, future applications and improvements.
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2

OFFSET PRINTING, PRINTING ERRORS AND INSPECTION

2.1 Offset Printing

An investigation into printing errors cannot begin without at least a basic understanding of the
print process. This is because the printing processes vary widely, from materials to the kind of
machinery and ink used in the system. Therefore, the defects associated to these different
techniques also vary slightly. A basic understanding of the concept of “lithography” and “offset”
will help us in understanding the challenges related to Offset Printing.
Offset Printing whose full name is Offset Lithography, is a type of impact printing method that
uses a separate printing plate for each job. It distinguishes itself from the electronic or digital
printing methods by using pressure in the image formation step.
The terms Offset, and Lithography represent two unique characteristics of the process.
Lithography is a printing technique in which the image region and the non-image region lie on the
same plane, which requires a completely flat printing surface [1] . The underlying chemical
principle of lithography is that oil and water are insoluble in each other. The offset printing ink is
an oily substance and, therefore, will repel water. The printing plate, which is usually made from
Aluminum, will be prepared such that the image area contains lipophilic – ink attractive – layer,
while, non-image area contains hydrophilic – ink repelling – layer [2].
Offset resembles the fact that the print is not directly transferred onto the paper from the plate,
rather, the ink is transferred from the plate to a rubber blanket and then to the printing web. This
allows different materials to be used in Offset printing; the only requirement being that it should
be placed on a flat surface. Offset printing also uses a rotary principle for the image transfer. This
rotary system enables high printing speeds which make them an indispensable technique in the
printing industry.
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Figure 1. Offset Printing unit [1]

Figure 1 explains this general principle with respect to a single printing unit. A printing unit can
print one color on a sheet of paper or web. Therefore, a full-color printing facility generally
requires a minimum of 4 printing units to print full-color content using cyan, magenta, yellow and
black ink. Optionally, a fifth printing unit might also be present to add varnish or for other special
finishing effects. While traditional units are only able to transfer ink to a single side of the printing
sheet, modern printing units can print on both sides at the same time
A printing unit consists of the following components:
•

The inking system

Offset ink is usually viscous and is stored in tanks above the printing unit. This ink is then
transferred to the printing plate, and then to the web through a series of rollers. The inking
system is responsible for the transfer of ink from the tank onto the printing plate and for
reducing the viscosity of the ink using a series of rollers.
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•

The dampening system

The dampening system uses water to prevent the non-image area of the printing plate from
mixing with ink. Additives are used together with water to improve the ink repulsion and
to remove other impurities on the non-image region for long term efficiency.
•

The Plate, Blanket and Impression Cylinders

The plate cylinder is a large roller to which the printing plate is attached. The non-image
regions of the plate will be covered by the thin layer of water applied by the dampening
system. The blanket serves as an intermediary during transfer of print from printing plate
onto the web. The Impression cylinder moves the paper through the printing unit while
providing pressure against the blanket to impress the image onto the paper.
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2.2 Printing Defects

In this section, a study of offset printing defects according to Industrial Specifications is
presented. It is shown, that the majority of the commonly occurring defects can be defined from
an image-based detection point of view as artifacts that cause changes in color and structure in
the original image.
Designing a system that prioritizes the detection of defects visible to the human eye therefore
requires a thorough understanding of the HVS and its ability to discern changes in color and
structure of a printed image. Therefore, Color and color models are discussed with an emphasis
on the human perception of color. Perception of image quality in printed images is discussed to
understand the limitations of the HVS in discerning changes of quality that may be caused by
defects in printed images. The knowledge established from these studies will serve as ground
rules in the automatic defect detection system.

2.2.1 Defects in Offset Printing

Several studies have attempted exhaustive classifications of offset lithography print defects by
experts according to industrial standards in printing [3], [4] . This is to classify print defects
according to a larger number of specific attributes such as dimensionality, orientations and color
variations. An equal importance is also attributed to the causes of these defects in the printing
process. Defects such as hickeys, streaks and mottles that seriously affect the overall visual
appearance of the final print should be considered as major defects [4].
According to ISO 19751 banding, color casts, ghosting, graininess, hickeys, misregistration are
considered the most frequent print defects in offset lithography printing. Classification of
automatically detected defected in to these types, specified by industrial standards is a challenge
and requires correspondence between the automatically detected defects and industrially specified
defects. This is also because, although attributes such as graininess may affect the quality of a
printed image, they are less likely to be perceived as a defect – in contrast to a water/ink splash by an automatic or manual inspection system.
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Table 1. Offset Printing Defects based on ISO 19751 [4].
Defect

Description

Banding (also known as false Break-up of a smooth blend into stair-steps in a gradient.
contour)

- One dimensional
- Periodic lightness
- Chromatic variation

Color cast

Overall tendency of an image toward a hue direction.
- Generally unnoticed by human eye

Color variation or non-

An excess of one shade or hue.

uniformity

- Result of deviations in the ink density

Ghosting

- Second lighter image appearing as a ghost image
- Due to an engraved image on the blanket from a
previous run

Graininess

- Granular appearance within image
- Sandpaper-like appearance with specks

Hickeys

Small solid area sharply defined and surrounded by white
halos.
- Due to dirt such as ink skin or pieces of torn paper

Misregistration

Printed images incorrectly position.

Moire

Unwanted pattern effect created by superposition of halftone
dots and line patterns.

Color plane misregistration

Halo or shadowing around text.
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2.2.2 Color and Human Color Vision

Color is a key component of the human visual perception and of commercial printed media. Our
ability to distinguish between a large number of color shades and intensities, compared to only two
dozen shades of gray [5], has made color based content ubiquitous all around us and especially in
printed media. Therefore, a thorough understanding of color and different color spaces is a good
to place to start understanding its role in the printing industry as well as how colors are perceived
by humans. We will not, however, at this point, present the mathematical details behind color and
color spaces, but instead try to lay a foundation in color image science and how they are utilized
in the context of print quality inspection.
The human eye consists of two types of photoreceptors: cones that are sensitive to color, and rods
which are more sensitive to brightness or intensity of light. Visible light is a narrow band of the
electromagnetic spectrum that ranges from about 400nm to 700nm in terms of wavelengths.
Different wavelengths of light are perceived as different colors. For example, light with a
wavelength of about 400nm is violet, and light with a wavelength of about 700nm is seen as red.
Our ability to see all colors is because of the presence of three sets of cones that are sensitive to
red, green and blue light, respectively. Based on these absorption characteristics of the human eye,
these colors are also called the primary colors of light. Figure 2 illustrates the response of the retina
by rods and cones at different wavelengths of visible light.

Figure 2. Human color receptor relative sensitivity [6].
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The colors that humans perceive in an object are determined by the nature of light reflected from
the object. A body that reflects light that is balanced in all visible wavelengths appear white to the
observer, whereas a body that favors reflectance in a limited range of the visible spectrum exhibits
some shades of color. If we see an image area of a printed image to be of green, it is because this
region absorbs all the wavelengths of light falling on to this object except for the wavelength
corresponding to green color, and instead reflects it. This absorption of color by pigments is called
the subtractive property of pigments.
Due to the subtractive nature of pigments, the colors that are formed by the mixture of the primary
colors – cyan, magenta and yellow are called the secondary colors since they absorb/subtract their
opposite color. This means that the pigment of cyan will reflect both its primary colors – green
and blue – but absorb red. The mixture of the reflected light of green and blue will cause the light
to appear as cyan. Figure 3 illustrates additive and subtractive color spaces.

Figure 3. Additive and Subtractive Color spaces [7].
A color space is a subspace within a geometric coordinate system that allows us to represent a
certain color by a single point or set of coordinates. The reason that it is a subspace is because that
colors perceived by human beings are a finite set.
The three most commonly used color spaces are RGB, CMYK and HSV. The RGB color model
is based on the cartesian coordinate system and is a hardware-oriented model, that is used in
display devices. Due to this reason, by convention, most digital images are encoded as RGB
images. The range of colors that can be produced by a RGB monitor is known as its color gamut
and is a subspace of all the colors that are perceptible by humans.
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The CMYK color space based on the secondary colors of light or the primary colors of pigments
described earlier is the predominant color model used in printing. The K represents a fourth color,
black, which is required to produce a true black – a vital requirement in printing – as the
combination of cyan, magenta and yellow in practice, yields a muddy-looking black. Figure 4a
and 4b illustrate the RGB and CMY color spaces, respectively.
Despite their advantages, the RGB and CMY models are not well suited for describing colors in
terms that are intuitive for human interpretation. This is because we do not think of color images
as a mixture of red, green and blue or cyan, magenta and yellow. A more intuitive understanding
of color is by representing a color as a mixture of pigment, purity and lightness. These are also
known as hue, saturation and brightness, respectively. Hue is a color attribute that describes a pure
color (pure, yellow, orange, or red), whereas saturation gives a measure of the degree to which a
pure color is diluted by white light. Brightness is a subjective descriptor that denotes the
achromatic notion of intensity. The HSI (Hue, Saturation and Intensity) model separates the
intensity or lightness component from the color-carrying information (hue and saturation, which
taken together are called chromaticity) in a color image. Therefore, the HSI model is more
appealing in developing image processing algorithms based on human color descriptions. It is vital,
in this work, in observing and explaining the color variations attributed to certain defects. For
example, some defects might display sudden hue changes, while some may resemble brightness
or intensity changes. Figure 4c illustrates the HSV color space.

Figure 4. (a) RGB color space; (b) CMY color space; (c) HSV color space [8] [9].
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There is one last concept that needs to be discussed when it comes to color models, which is device
dependence or independence. The RGB, CMYK and HSI models described above do not attempt
to model or describe color perception, but provide us a coordinate system in which we can specify
a color. This implies that these coordinate systems are device-dependent, which means that the
same color coordinates will produce different colors depending on the device. For example, a color
that has RGB values of [255,255,0] appearing yellow on a monitor will appear different on another
monitor with greater brightness and contrast. The same could be said of the CMYK, and HSI
models.
A standard color model that is device independent is important in reproducing accurate colors
across various media such as paper and displays. Also, since color models such as RGB are device
dependent, they do not give a holistic view of all the colors that are perceptible by the human eye.
The International Commission on Illumination (CIE) proposes device independent color models
that specify the chromaticity (hue and saturation) of colors. The chromaticity diagram in Figure
5a, shows a color composition as a function of 𝑥 and 𝑦 . The corresponding value of 𝑧 is obtained
by noting that 𝑧 = 1 − (𝑥 + 𝑦). The parameters 𝑥, 𝑦 and 𝑧 are called tristimulus values and
describe color perception or sensitivity to red, green and blue light respectively, at the retinal level
assuming a standard observer. This color space is also known as the CIE 1936 XYZ color system.
Figure 5b shows a typical range color gamut of a monitor (triangular region), and the color gamut
of a high-quality color printer (irregular region inside triangle).

Figure 5. (a) CIE chromaticity diagram; (b) Typical color gamut of monitors and printers [5].
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In general, the CIE system characterizes colors by a luminance or lightness parameter Y and twocolor coordinates x and y that specify the point on the chromaticity diagram. This system has a
high precision in color measurement as the parameters are based on the spectral power distribution
of the light emitted from a colored object and are factored by sensitivity curves that have been
measured for the human eye. The spectral power distribution (SPD) of a light source illustrates the
power of the light at each wavelength in the visible spectrum and, therefore, contains all the basic
physical data about the light and serves as the starting point for quantitative analyses of color. The
SPD is measured by a spectrophotometer.
However, one problem with the XYZ color system was that even though it specifies device
independent colors, the colorimetric distances between individual colors did not correspond to
perceived color differences. For example, in Figure 5a, a difference between green and greenishyellow is relatively large whereas the distance distinguishing blue and red is quite small. To solve
this problem, in 1976, CIE proposed the Lab color space (CIELAB color space). The CIELAB
color space is a perceptually uniform color space which means that the difference between two
colors as perceived by the human eye, is proportional to the Euclidean distance within the given
color space. Figure 6 illustrates the CIELAB color space.

Figure 6. (a) CIELAB color space [10].

The L*a*b* color model approximates human vision as its L component closely matches human
perception of lightness and aspires to perceptual uniformity, which means that perceptual
differences strongly correlate to differences in the L*a*b* color space. Now, that we’ve
established an understanding of the color spaces that will be used in this work, and most
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importantly the perceptually uniform LAB color space, we can quantitatively specify a perceived
difference in color print defects using L*, a*, and b* coordinates.
The difference between two color samples is often expressed as Delta E difference, also called
𝑑𝐸, or ΔE. In this project, 𝑑𝐸 is used in giving a measure of the perceived difference of print
defects against their immediate vicinity in available defects samples. It has also been used to select
the best camera and illumination setup for the system. The color resolution of such an image
acquisition setup is an indication of how accurately a color can be measured by the camera. It can
be determined by comparing the colors obtained from the setup to the colors obtained through a
spectrophotometer. Standard Organizations specify Delta E tolerances, and the printing industry
for example specify a color resolution within 𝑑𝐸 of 2. [11]

2.2.3 Visual Perception of Image Quality in Printed Media

Understanding the limitations as well as the characteristics of human visual perception with
relation to printed images can contribute to give a heuristic definition of printing errors. This means
that while the presence of printing defects is independent of human observation, their perception
in printed media such as newspapers and magazines are highly dependent on the human visual
system (HVS).
Psychophysical experiments of color difference involving images are inherently more complex
than those involving uniform colors, because of the varying size of the color areas and perceptual
interactions between them and therefore remains a largely controversial topic. Whether or not an
image content influences the perceptibility threshold of color changes is also an interesting
research and highly practical problem. While some researches have reported independence [12]
other studies on printed media show that scene content does influence the perceptibility of color
changes in printed images [13]. The subject is of high practical importance, since if the image
composition did not influence the perceptibility threshold, then data from a small set of test images
could be generalized in understanding the perception of quality in color images.
To gap the correspondence between the comparison of printed media and digital media, a
framework for bringing a scanned image of a print in to correspondence with an original digital
21

image such that they can be compared is proposed [10]. Using this framework, state-of the-art full
reference image similarity measure methods are evaluated against psychometrically defined
subjective scores of printed images to determine the best performing Full Reference methods for
printed media. It is shown that structural methods – image similarity measures that detect changes
in image structure - such as Universal quality index (UQI) and Structural similarity index (SSIM)
performed best.
As we have already established, the L*a*b Color space is a result of the motivation provided by
the understanding of the human visual system. This is because, unlike the RGB color space used
in displays and monitors, the human perception of color is better modelled by the Lab color space
than the RGB color space. Therefore, a basic preliminary step in color image comparison in printed
media is the transformation of the color space to the Lab color space.
For an instance, the magnitude of the just noticeable difference (JND) or threshold of perceptibility
between color stimuli in printed images generally lies around a 𝑑𝐸 of 2.3 [14]. While this proposes
a color resolution in the HVS, [15], proposes an optical resolution stating that printing
discrepancies smaller than 0.2mm in diameter are usually undetected by the naked eye. It has also
been found that, sensitivity to hue changes is higher than the sensitivity to lightness or chroma
changes [16]. These results greatly influence the specification of the ground rules in the proposed
defect detection system.
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2.2.4 Printing Defect Samples and Classification of Defects

Printing defects from samples collected at the printing facility were categorized into 14 different
categories by an expert with a description of each print defect type. According to these
specifications, smallest defects are in the range of 2 mm in size, and have a color difference 𝑑𝐸
greater than 2. The classification is oriented towards an automatic inspection system with specified
optical and color resolutions, and a more general description of major defects. The samples showed
that the defects E1-E6 were common and any examples of the defects E7-E14 could not be
detected. Table 2 lists a description of the defects E1-E6. The complete table is listed in Appendix
1.

Table 2. Offset Printing Defects classification for Automatic Inspection by expert.

No
E1

Type of defect
Spots, holes
Color difference (hue)

Restriction
<4mm2, several

E2

Two-dimensional
defect
Color difference (hue)
Two-dimensional
defect
Color difference (hue)

<10mm2,
single and several

Line scars, rope-shape
in paper MD,
Color
difference
compared
with
immediate vicinity
Marks, straps in paper
MD

Width>3mm,
length>30mm

Fine line scars, ropeshape in paper CD,
Color
difference
compared
with
immediate vicinity

Width<0,5mm,
length>20mm

E3

E4

E5

E6

>10mm2
Radio length/width>1

Width>1mm,
length>100mm
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Even though the defects E1 – E6 will have discernible color differences, they can be regarded as
structural defects, as they arise due to defects in the process and machinery, in contrast to defects
in the solvent or printing ink composition. Due to this reason, they can also be geometrically well
defined as to displaying shapes and sizes.
The defects E1-E3 arise mainly due to splashes of ink, water or solvent, and, therefore, usually
have an elongated blob like nature. They usually appear as a shade of grey in color. They are
categorized from E1-E3 based on their increasing length, from less than 4mm to greater than 10
mm, respectively. Figure 7 below shows four examples of blob defect samples.

Figure 7. Blob defect samples. The images are scanned copies of the samples, and are not
displayed according to actual scale.

The defect types E4-E6 are line scars, that occur mostly in the Machine Direction (MD) or
sometimes in the Cross Direction (CD). Here too, their classification into E4-E6 are based on their
width and length characteristics. They occur from scrapes arising due to contact between paper
and machine parts, or due to plate cracks, and have a significant hue color difference compared
with immediate vicinity unlike blob defects. Figure 8 shows a few examples of line defect samples.
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Figure 8. Line defect samples; The images are scanned copies of the samples, and are not
displayed according to actual scale.
The defect types E6-E12 are in general color defects, as they can be specified with having subtle
color variations rather than a complete change in lightness due to structural defects as E1-E6. They
can vary in size, and usually are due to defects in ink-water mixing, ink transport or presence of
impurities either in the solvent or on paper. Generally, color settings for printing are corrected
automatically using control points. This is a major reason why color defects are relatively rare in
a printing run.
These defect samples and their characteristics are studied in detail in chapter 4, to artificially
simulate artificial defects, that can be used to validate the proposed defect detection methods.
The defect types E12-E14 are related to textual content in images. Due to their very small size and
high frequencies, they are challenging to be detected with the available image acquisition and,
therefore, will not be considered in this work.
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2.3 Print Quality Inspection

Most Industrial Printing Systems are highly advanced systems that employ several closed loop
control systems to maintain constant high quality and efficiency in the process. One of the most
important and commonly used of these is the color correction of a printing run. Photo
spectrometers measure the colors at predefined control strips, and compare them with known color
values to make sure that the quality of the printing ink is up to the standard. This is a reason why
color defects are rarely found in such printing systems.
Since, the problem of formulating an acceptable comparison between the digital reference and the
inspected printed image automatically has not been addressed yet, the printing facility uses a
manual inspection procedure at the beginning of each print job. Once a new print job has started,
an operator will manually compare the printing output to the digital reference until the output
images show no visible defects, at which point the reference is set. This will signal the inspection
system to annotate the last inspected image as the reference image, that will be used for inspection
of the printing until the end of this print job. This reference image is termed the “Golden Reference
Image”. All the papers that are printed until the manual setting of the reference is done are
discarded.

2.3.1 System Specifications and Color Calibration

Table 3 shows the camera, optics and illumination that had been installed at the printing facility
for image acquisition. The optical resolution of the camera after the installation was found to be
0.16mm per pixel.
Table 3. Camera and Illumination.

Camera

Basler acA2000-50gc
Resolution : 2046 x 1086 pix
Sensor : CMOSIS CMV2000 CMO

Illumination

LED light source

26

Color Calibration of the camera and illumination settings are vital prerequisites in obtaining color
based measurements. It not only helps us in choosing the setting that has the least measured color
variation for a set of reference sample colors, but also allows us to have a precise understanding
of any variability that is present for the chosen setting. This knowledge could be pivotal later, in
formulating a color-difference based threshold for classifying between a defect pixel and an
unchanged pixel.

Color resolution experiments had already been performed using a Spectrophotometer and a color
sample palette on several camera and illumination settings. The measured color values were
converted to L*a*b* color space using D50 as a white reference illuminant. The CIEDE2000 color
difference formula had been used to obtain the color differences.

Results showed that about 50% of the samples met the requirement of having a color difference
less than 2. Based on the experiments, an average color difference of 2.3 was obtained for all
samples.
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3

AUTOMATIC UNSUPERVISED ERROR DETECTION

On having established the necessary background information of the offset printing process and the
types and characteristics of offset printing defects, it is possible to extend this knowledge to image
processing methods that are used in detecting and segmenting any defects that are present.
Several methods have tried to assess print quality based on attributes [17] [18]. These methods
have attempted to grade the overall quality of a printed image, and thereby extend this evaluation
to the quality of the printing process. However, even though the presence of defects deeply
degrades the quality of an image, identifying or detecting defects in a printed image is a separate
problem. While two readers of a newspaper might disagree on the overall quality of a print, they
are more likely to agree and discern with certainty the absence or presence of defects such as spots,
marks, etc. In other words, while these methods have proved useful in deciding whether an image
is degraded (contains defects) or not, the problem of localizing and segmenting these defect regions
from an image is a different, and more challenging task.
Therefore, the problem of detecting an error consists of two steps. The first, is of determining an
overall global or local image measure that suggests the presence of a defect due to a degradation
of quality. The second is the actual confirmation of this defect and, thereafter, its segmentation
from the surrounding noise in the difference image.
Full Reference (FR) Image similarity measures provide several methods that detect image
degradations, that could be caused by the presence of a defect. The most widely used mathematical
measures are the mean squared error (MSE) and peak signal-to-noise ratio (PSNR). Even though
they are computationally efficient and simple, several studies have shown that the performance of
MSE and pixel-based similarity measures are extremely poor as images with nearly identical MSE
or similarity value exhibit obviously visible differences in image quality [19]. Another reason for
this is that, even after successful registration of images, subpixel errors do occur. Therefore, simple
pixelwise distance formulation such as the MSE do not work well by themselves, since an optimum
FR image similarity algorithm should not be sensitive to minor registration errors.
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[20] performed a comprehensive study and categorization of image quality measures. Eerola
performed a detailed study of FR QA algorithms for printed images to establish a framework for
comparing printed images with digital images [21]. It is shown that structural methods such as
Universal quality index (UQI) and Structural similarity index (SSIM) outperformed other QA
algorithms such as LabMSE and PSNR.
The HVS is assumed to be highly adapted to structural information [22] and, therefore, structural
distortions need to be handled separately. from distortions arising from variations in lighting, such
as brightness and contrast. The SSIM metric attempts to measure the loss of image structure by
de-synthesizing an image degradation into luminance, contrast and structural degradations. It uses
the spatial dependencies of neighbor pixels to quantify the structural degradation of an image.
Since it is useful to apply SSIM index locally rather than globally [23], we split the reference image
and the inspected image in to k2 sub-images where k is the sub-image interval in the horizontal
and vertical dimension. Image splitting also reduces the effect of arbitrary noise, and supplements
the later stage of segmentation. Once SSIM values for sub-images have been obtained, a decision
criterion is required to annotate a sub-image as either a possible defect containing or defect-free.
A study based on an experiment with the goal of quantifying the just noticeable structural
difference in terms of the SSIM, using human participants showed that the value lies around 95.
[24] However, the analysis of defect samples showed that they could exhibit much higher SSIM
values while still containing perceivable defects. Therefore, assuming that the defects are
sufficiently small relative to the overall inspected image, we have made use of the mean and the
standard deviation of the SSIM values of the sub-images as an indicator of a possible defect region.
The segmentation of a defect is a much more challenging task, given the variability of the
textures, tones, color content and varying noise in the print. A basic approach is to use the Just
Noticeable Difference (JND) of HVS or a suitable value as a fixed threshold value that segments
between defect pixels and defect-free pixels in the difference image. However, this is not practical
due to its sensitivity to false sub-pixel registrations, and image as well as local content dependent
noise that are difficult to be avoided in an industrial setting which results in a large number of false
positive detections – blobs of noise or imperceptible misregistrations that are classified as defects.
Rakun proposes using the standard deviation of the difference between two images as an image
dependent threshold assuming that the difference image has a Gaussian distribution [15]. Pixels
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with differences exceeding 𝑛 times the standard deviation of the set of all difference pixels are
regarded as error or defect pixels. The decision threshold assumes that only small defects have
occurred and fails poorly when the error in the inspected image is large. This dependence of the
threshold value on the global mean of the difference image, makes it extremely dependent on the
inspected image. Therefore, the coefficient of variation in the inspected image will largely affect
the mean value of the difference image. Also, the selection of the parameter 𝑛 is a largely
subjective measure that is likely to vary based on the definition of defects.
Owing to the scarcity of defect samples, which discourages the use of supervised learning methods,
as well as completely knowledge-based fixed methods, an unsupervised approach is better suited
for segmentation [25]. In the case where a sub-image is likely to contain a defect, the local
difference image is treated as a mixture of two parametric distributions, assuming that each pixel
in the image can be identified as either being a defect-free pixel or a defect pixel. In this case, two
Gaussian distributions are used to represent the defect-free and defect pixels.
The two principle techniques for estimating the parameters of a distribution are maximum
likelihood and Bayesian inference [26]. Maximum likelihood attempts to find the optimum values
for the parameters by maximizing a likelihood function derived from the training data, whereas,
Bayesian inference approaches the parameters as described by a probability distribution. Assuming
that the parameters for the Gaussian distribution are fixed values, maximum likelihood method is
used to estimate these parameters.
Expectation-Maximization (EM) is an iterative method to find maximum likelihood estimates of
parameters of a distribution from a given dataset. It is used to on the dataset of the difference
image values from the local image, and Minimum-error criterion is used to find the decision
boundary that separates the two classes. This decision boundary also happens to be where these
two distributions intersect or converge and will serve as a locally adaptive threshold in segmenting
defect regions.
By introducing limits to these parameters such as the fact that this estimated threshold value needs
to lie between the minimum (𝑚𝑖𝑛𝑑𝐸 ) and maximum (𝑚𝑎𝑥𝑑𝐸 ) difference value, and that we are
not interested in defects with 𝑑𝐸 lower than 3, we are able to ignore sub-images that are less likely
to contain defects. For example, it can be assumed that a sub-image containing a defect has a
difference image pixel distribution that can be better approximated using two Gaussian
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distributions, than a sub-image containing a defect. Therefore, the defect image is more likely to
converge within the limit (𝑚𝑖𝑛𝑑𝐸 - 𝑚𝑎𝑥𝑑𝐸 ), whereas the defect-less image is more likely to not
converge or converge outside these limits.
After a local image has been thresholded, we can introduce a spatial connectivity condition based
on our studies and experiments on the optical resolution of the HVS as well as the resolution of
printing errors to filter out noise. In ideal conditions, the acuity limit of the human eye can be as
small as 0.1mm from a reading distance [27]. A similar study in an industrial environment showed
that printing discrepancies smaller than 0.2mm in diameter are undetected by the naked eye [15].
Based on this resolution, connected components of the thresholded image are filtered assuming
the spatial dependencies of defect pixels. Figure 9 illustrates the detection and segmentation
procedure.

Figure 9. Automatic Detection and Segmentation of Defects.

3.1 Image Registration and Difference Image

Image Registration or alignment is an important pre-requisite before the reference and inspected
images could be compared with each other. The vibration of the camera as well as the printing web
will introduce relatively significant misalignments into each image. Therefore, the raw inspected
image is registered to the reference image, and both the images are cut into smaller images such
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that differences due to camera vibration will be removed. This is done so that both the reference
image and the inspected image will contain the same image content.
SIFT feature points are used for this registration. SIFT features are scale and rotation invariant
interest point detectors that provide a robust correspondence between two images [28]. The
registration consists of extracting local features from both images, matching the features to
estimate the translation required to align the image correctly in the 𝑥 and 𝑦 directions. The
misalignment in the inspected image with respect to the reference image can be assumed to be
only translation by ignoring the scaling and sheering parameters. This reduces the task of
matching, to find the translational vector [𝑑𝑥 𝑑𝑦]. Figure 10 shows the detection and matching
of feature points between the reference and inspected images.

Figure 10. Detection and Matching of SIFT features between the inspected and the reference
images.
The translational vector [𝑑𝑥 𝑑𝑦] that best explains the misalignment is found by applying the
random sample consensus (RANSAC) principle [29]. During the alignment step, both the
inspected and reference images are made smaller by twice the magnitude of the translational vector
[𝑑𝑥 𝑑𝑦] in both directions. In other words, the size of the images is reduced from 𝑀 𝑏𝑦 𝑁 to (𝑀 −
2 ∗ 𝑑𝑥) by (𝑁 − 2 ∗ 𝑑𝑦) . However, even after successful registration, sub-pixel misregistrations
were found to be present.
After image alignment has been performed the difference image is obtained from the two images.
For this, the two RGB images are converted to L*a*b Color space using the CIE 1976 formula
given in Equation 1, and the D50 reference white such that the difference image will represent Δ𝐸
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values of the two images at each pixel. The segmentation of defects will be based on the L*a*b*
color difference values in this difference image and is calculated using the following equation:

Δ𝐸 = √(𝐿∗2 − 𝐿∗1 )2 + (𝑎2∗ − 𝑎1∗ )2 + (𝑏2∗ − 𝑏1∗ )2 .

(Eq. 1)

3.2 SSIM: Image Similarity Measure for Defect Image
The Structural Similarity index is based on the theory that the HVS is highly sensitive to structural
information [23]. Since the structural information contained in an image is independent of its
luminance and contrast, extracting the structural information from an image requires the removal
of these lightness variations. Also, since luminance and contrast may vary across an image, local
luminance and contrast is used and, therefore, the SSIM is better adapted to local images. Figure
11 illustrates the separation of the luminance, contrast and structure from an image and the
determination of the SSIM.

Figure 11. Structural Similarity index measurement [23].
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The luminance of an image is estimated as the mean intensity
(Eq. 2)

1 N
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x 

where 𝑥𝑖 is the pixel value at pixel 𝑖, and 𝑁 is the total number of pixels in the image.
The luminance comparison function l (x, y) of two images x and y is a function of µx and µy and is
given by
l ( x, y ) 
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(Eq. 3)
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where the constant 𝐶1 is included to avoid instability when µx2 + µy2 is very close to zero.
The standard deviation of the image is used as an estimate of the signal contrast. Before it is
calculated, the mean intensitites of both images are subtracted.
The contrast comparison function
c ( x, y ) 
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(Eq. 4)
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where 𝜎𝑥 and 𝜎𝑦 are the standard deviations of the image x and y, respectively, and 𝐶2 is a
constant similar to 𝐶1 used to avoid instability when 𝜎𝑥 2 + µy2 is very close to zero.
The structure comparison 𝑠(𝑥, 𝑦) is conducted on standardized images

(𝑥−µ𝑥 )
𝜎𝑥

and

(𝑦−µ𝑦 )
𝜎𝑦

so that

the two images have unit standard deviation. The structural comparison functions
s ( x, y ) 
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.
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(Eq. 5)

where,
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(Eq. 6)
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and 𝐶3 is a constant used to avoid instability when 𝜎𝑥 µ𝑦 is very close to zero.
The regularization constants for the luminance, contrast, and structural terms, are used by the
SSIM to avoid instability when the denominator approaches zero. This happens for local images
where the mean and the standard deviation are close to zero.
By default, MATLAB uses the following:
•
•
•

𝐶1 = (0.01𝐿)2 , where L is the specified Dynamic Range value, 1 for double type images.
𝐶2 = (0.03𝐿)2
𝐶3 = 𝐶2/2
The general formulation of the SSIM is given as follows:
SSIM ( x, y )  l ( x, y ) .c( x, y ) .s ( x, y )






(Eq. 7)

where α > 0, β > 0 and γ > 0 are parameters used to adjust the relative importance of the three
components. Generally, these values are set as α = β = γ = 1 and C3 = C2/2. This results in a specific
form of the SSIM index:
SSIM ( x, y ) 
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(Eq. 8)

3.3 Bayesian Classifier and Expectation Maximization
One of the biggest challenges in unsupervised or automatic change detection between two images
is the discriminating between defect-free and defect pixels in the difference image. Usually, the
distinction is performed using empirical strategies or manual trial-and-error procedures, that affect
the accuracy as well as the reliability of the defect localization and segmentation process.
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A Bayesian classifier allows the use of an automatic selection of the threshold that minimizes the
overall defect segmentation error probability based on the assumption that pixels in the difference
image independent of one another, and that the difference image contains defect and defect-free
pixels with distributions as shown below. The parameters (µ, σ) of these probabilities are
estimated using the expectation-maximization algorithm which tries to determine the parameters
that maximizes the likelihood of the observed sample.

3.3.1 Bayesian Decision Theory

Bayesian decision theory is a fundamental statistical approach in pattern classification [30]. It
models the classification problem in probabilistic terms with the relevant probabilities known prior
or through estimation.
The Bayesian Decision theory is based on the Bayes Formula which defines the probabilities
involving two independent events A and B. It states that the conditional probability of observing
event A, given that event B has occurred is
(Eq. 9)

where 𝑃(𝐴) and 𝑃(𝐵) are the probabilities of observing 𝐴 and 𝐵 independently.
𝑃(𝐵 ∕ 𝐴) is also a conditional probability, the probability of observing 𝐵, given that 𝐴 is true.
In the domain of classification, the conditional probability 𝑃(𝐴⁄𝐵 ) is usually known as the
posterior probability, since we are interested in computing this, after we have confirmed event 𝐵.
Let us consider two images, a reference image R, and an inspected Y of size 𝐼 × 𝐽 after they have
been aligned and registered. Let 𝑋 be a random variable in the range [1, … , 𝑑𝐸𝑚𝑎𝑥 ], and let it
represent the values of the 𝐼 × 𝐽 pixels in the L*a*b difference image 𝑋𝐷 = {𝑋(𝑖, 𝑗), 1 ≤ 𝑖 ≤
𝐼, 1 ≤ 𝑗 ≤ 𝐽} obtained using images R and Y.
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Let 𝑤𝑑 and 𝑤𝑛 denote the two classes associated with defect and defect-free pixels, respectively.
Given a value of X, we can now derive the posterior probabilities of this pixel belonging to either
of the two classes as:
𝑃(𝑤𝑑 ⁄𝑋) =

𝑝(𝑋⁄𝑤𝑑 )𝑝(𝑤𝑑 )
.
𝑝(𝑋)

(Eq. 10)

𝑃(𝑤𝑛 ⁄𝑋) =

𝑝(𝑋⁄𝑤𝑛 )𝑝(𝑤𝑛 )
.
𝑝(𝑋)

(Eq. 11)

In general, the Bayes formula can be expressed as
𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 =

𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 × 𝑝𝑟𝑖𝑜𝑟
𝑒𝑣𝑖𝑑𝑒𝑛𝑐𝑒

In most practical cases as in this one, we do not have sufficient background knowledge about the
probabilistic structure of the problem. This is due to the fact, that we do not have an adequately
large enough dataset to approximate the prior or likelihood probabilities.
Parametric methods assume that these probability distributions are parametrized which allows
these parameters to be estimated. In the case of defect and defect-free regions, it is reasonable to
assume that the class conditional probability 𝑝(𝑋/𝑤𝑑 ) is a Gaussian distribution. This allows us
to characterize the likelihood probability using mean and standard deviation of this distribution.
Maximum-likelihood view these parameters as quantities with fixed, but unknown values. The
best estimate of their value is considered to be the one that maximizes the overall probability of
obtaining the samples observed.

3.3.2 Expectation Maximization
Expectation – Maximization (EM) algorithm is an iterative method to find estimates of parameters
in our statistical model that maximizes the likelihood of the observations. The EM algorithm
estimates the values of the a priori probabilities 𝑝(𝑤𝑑 ) and 𝑝(𝑤𝑛 )and the values of the parameters
that characterize the likelihood functions 𝑝(𝑋⁄𝑤𝑑 ) and 𝑝(𝑋⁄𝑤𝑛 )). The Gaussian probability
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density function associated with the class 𝑤𝑛 can be described by the mean µn and the variance
σn2. Similarly, the Gaussian probability density function associated with the class 𝑤𝑐 can be
described by the mean µ𝑐 and the variance σc2. Then, these terms are updated at each iteration
using the derivations as follows: [31]

 t (n ) p t ( X (i, j ) / n )
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(Eq. 12)
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(Eq. 14)

The initial values of the estimates are approximated by dividing the dynamic range of the
difference image into two subsets of pixels - A subset 𝑆𝑛 of pixels likely to belong to 𝑤𝑛 and a
subset 𝑆𝑑 of pixels likely to belong to 𝑤𝑑 . They can be obtained by applying two thresholds, 𝑇𝑛
and 𝑇𝑑 , to the right and left extremes of the histogram h(X) of the difference image. 𝑇𝑛 an 𝑇𝑑 are
expressed as 𝑇𝑛 = 𝑀𝐷 (1 − α) , and 𝑇𝑐 = 𝑀𝐷 (1 + α), where 𝑀𝐷 is the middle value of h(X), and
α, (α ∈ [0, 1]) is an initialization parameter that defines the offset from 𝑀𝐷 in which pixels cannot
be easily identified as either a defect or defect-free pixel.
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Then the sets 𝑆𝑛 = {𝑋(𝑖, 𝑗)|𝑋(𝑖, 𝑗) < 𝑇𝑛 } and 𝑆𝑑 = {𝑋(𝑖, 𝑗)|𝑋(𝑖, 𝑗) > 𝑇𝑑 } are used to compute
the initial estimates of the statistical parameters associated with classes 𝑤𝑛 and 𝑤𝑑 , respectively.
Figure 12 illustrates the initialization of the EM algorithm using the difference histogram.

Figure 12. Initialization of the EM algorithm using the difference histogram ℎ(𝑥) [25].

3.3.3 Minimum – Error Decision Criteria

The Gaussian derivation for minimum error classification is used to find the threshold value that
minimizes the error in classification. This value lies at the point where the two distributions
intersect, and is found by solving the following equation:
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2
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(Eq. 15)

Figure 13 shows an example of the EM algorithm. The blue plot represents the original histogram
ℎ(𝑥) of the difference image, while the other colored plots represent the approximation of the
likelihood distributions as models.
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Figure 13. Expectation – Maximization Algorithm for the threshold 𝑑𝐸.

The MATLAB implementation of the Minimum-Error decision criteria will solve for the roots of
the equation as the threshold 𝑑𝐸 value in most cases. However, in certain cases, when the
histogram h(x) of the difference image cannot be modelled by Gaussian distributions, certain
stability conditions must be introduced to prevent the algorithm from diverging.
3.3.4 Stability Conditions

There is a possibility that the Expectation-Maximization algorithm may diverge, or not converge
in a way that is acceptable. This could happen in the case that the sub-image does not actually
contain any defects, and therefore, the algorithm fails to approximate the pixel distributions as two
Gaussian models.
To avoid such cases, we specify that the resulting threshold 𝑑𝐸 value should be in the
range [4, 𝑚𝑎𝑥𝑑𝐸 ]. This is because, as it has been shown printing defects with 𝑑𝐸 < 2.3 are
usually undetected by the eye. Incorporating the results from the color calibration of the camera, a
minimum 𝑑𝐸 value of 4 is chosen.
In some cases, there might a clear distinction between the two approximated distributions, without
a point at which they intersect. This is usually because MATLAB approximates infinitesimally
small probabilities as zero. In such cases, the point of intersection is found by interpolation of
points in the distributions.
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3.4 Connected Components
It has already been established by various studies that printing discrepancies smaller than 0.2mm
in diameter are usually undetected by the naked eye, the size of defects to be found can be specified
in terms of pixels. Therefore, theoretically, 0.2mm is a target resolution for defect size. However,
the camera resolution – 0.16mm per pixel – makes it practically impossible to detect such defects
accurately due to sub-pixel misregistration during the image registration stage and noise in the
image. Therefore, the defect resolution or minimum defect size has been set to approximately
1.6mm by 1.6mm, which is 10 times the camera resolution. (This value has been chosen based on
the analysis of defect samples which showed that the average width of line defects was 2.4mm.)
To filter out pixels that are smaller than the target defect size, the property of connectivity is used.
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4

EXPERIMENTS AND RESULTS

4.1 Simulation of Print Defects
Investigating the perception of errors and validating the performance of an automatic error
inspection system requires an adequate amount of error samples that present defects at many
different magnitudes of strength, and in the presence of many different image contents. Obtaining
a substantial amount of print quality defects from an actual printing process might be a timeconsuming and almost impossible job, since errors are scarce for any high-volume advanced
printing system. To overcome this problem, print defects from the available samples are scanned,
analyzed for simulation and re-generated on defect-free images.
Although, defects could be rendered based on visual appearance, or simply by replicating scanned
copies, [32] argues that the simulation of print quality defects based on characterization and
modeling of the defects is a better approach. This is because scanned defects are less likely to
capture all the characteristics of a defect due to their low contrast and/or fine structure and that it
will always contain content dependent information, that is independent of the actual defect.
The preferred approach is to model and characterize defects – its geometry and color dependencies
using the information from scanned defects. Modelling the geometry of a defect is straight forward
and makes use of geometrical parameters like height, width and radius. Modelling the color change
due to a defect is done by observing how a defect affects a pixel – its lightness, hue and saturation.
Defects occurring in a perceptibly even background are chosen to be studied, since then it could
be assumed that the original or uncorrupted defect region should be equal to the defect’s immediate
vicinity. The HSV color model has been used to characterize defects, since changes in defect
strength relate well to human perception. Figure shows a few examples of scanned images for
defects.
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Since the nature of defects can vary based on the kind of printing used, an understanding of the
underlying printing mechanism can also help in simulating accurate defects. The spatial
distribution of a defect, which refers to the position of a defect relative to the image can also be
modelled independently. However, in this case, it has been modelled to be random since the
automatic detection of a defect should be independent of a defect’s position. Once a defect has
been characterized, it is then reproduced on arbitrary images with varying degrees of strength.

[32] classifies laser print defects into three types: defects of uniformity, random marks or repetitive
artifacts and color defects, and proposes a general framework to simulate defects. According to
the error samples available, as well as the categorization of errors provided in Table No.2,
simulated defects will be classified as structural defects and color defects.
Structural defects are those defects whose colors are independent of the colors of the underlying
content of the original image. They usually arise due to mechanical faults, impurities or splashes
of ink. For example, a line scar due to contact with machine part will create a visual degradation
irrespective of the underlying color. Also, structural defects will have strict geometric restrictions
defined by shape, and shape dependent parameters such as height/width or radius in the case of
circular defects. Structural defects simulate error types E1-E6.
Color defects are those that have a direct dependency to the colors of the underlying color of the
original image, such as local variations of brightness. The color differences between these defects
and its neighborhood will not vary sporadically as in structural defects, but vary gradually.
Therefore, color defects will have stricter color difference restrictions and more flexible geometric
patterns. Color defects simulate errors E7-E14. Line Defects E3-E6 could also be considered as
color defects when they show variation in color.
To account for structural defects and color defects, defect types E1-E6 have been modelled. Blob
defects E1-E3 have been modelled as structural defects, while Line Defects E4-E6 have been
modelled as color defects.
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The error samples of type E1-E6, were first scanned using a flatbed scanner. Thereafter, the defects
were cropped such that the cropped images contained the defect image enclosed in an even
background as shown in Figure 14. This allows us to assume that the original pixel values of the
region corrupted by the defect is close to the pixel values of the background.

Figure 14. Sample defects (cropped).
Thereafter, the images were segmented into defect and background regions by using Otsu’s global
thresholding method [33]. An enclosed region was obtained as the defect area using morphological
operations, and the connected component conditions which assumed the defect to be sufficiently
large.

Figure 15. Thresholded defect sample images.
The RGB defect images were converted to the HSV color space to observe how the lightness
(value) and the chromaticity of the defect regions contrasted to the immediate vicinity. The results
showed that the mean change in lightness or intensity was far greater than changes in hue or
saturation. The mean delta E was also calculated using a conversion to Lab color space.
The model specifies a simulation procedure which shows how to synthesize the defect within a
continuous tone image. The simulation model also contains a set of simulation parameters to
control the severity of the defect. Mean and standard deviation values for width, radius and change
in lightness, for example. Structural defects, due to their well definability geometrically, require a
defect profile which is synthesized in an input image during the simulation process. A defect
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profile is generally described by its geometrical shape and/or the absorptance variation of the
defect.
In the instance that we have a substantial number of samples for each kind of defect, a statistical
analysis could be done to determine an a priori distribution of the defect’s geometric properties
such as height, width, etc. In the absence of such data, the approach proposed is a prototype based
model which could be generated from even one real defect sample. However, in this case we have
no basis for generating other profiles in the simulation process than those captured as defect
prototypes. This may result in a lack of representativeness, such that a simulated defect may look
very different from a defect found in the factory.

4.1.1 Blob Defect Samples

Blob defect samples exhibited the greatest variation in intensity, then saturation and hue when
compared to the color values in their immediate vicinity. These differences in hue, saturation and
intensity were then correlated with 𝑑𝐸 calculated using the Lab color difference formula.
The correlation values for Hue, Saturation and intensity were as follows. 0.40, 0.67 and 0.76.
According to visual perception, as well as the data obtained from the samples, the change in hue
and saturation are assumed to be less significant and therefore are negligible compared to the
change in intensity. Figure 16 illustrates the change in intensity against 𝑑𝐸 for blob samples.
The difference in intensities between the defect regions and the immediate vicinity has a mean of
0.16, and a standard deviation of 0.12. Assuming a linear relationship between the intensity
difference values and the 𝑑𝐸 values, the mean difference corresponds to a 𝑑𝐸 of 18, which should
be easily identifiable by a human or vision inspection system. Two sets of blob defects are
simulated. The first set is based on the mean and standard deviation obtained from the samples.
The second, contains samples that have been obtained by reducing the mean and standard deviation
to correspond to a 𝑑𝐸 of approximately 4.
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Figure 16. The change in Intensity against 𝑑𝐸 for blob samples.

The intensities within the defect region were made to follow a distribution with this difference, as
its mean, and standard deviation of 0.038 obtained from the samples. The geometry of the blob
was modelled with the approach presented in [32] using radius and width. Table 4 shows the
parameters obtained from the blob defect samples.

Table 4. The analysis of blob defect samples
Parameter

Sample Data
Mean/ mm

Std. / mm

Radius

3.2

3.8

Width

12

16

Change in Lightness

0.160894

0.123648
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Figure 17 shows examples of the simulated blob like defects.

Figure 17. Simulated blob defects.
4.1.2

Line Defects

Line Defects usually arise due to mechanical contact between printing web and machinery. As this
causes them to create impressions on the web before the print is dried, they usually have a
significant CMY color that fade out in the machine direction. Since they have a color variation in
the CMY color space, the accurate simulation of line defects requires the conversion of the image
first in to the CMY color space.
The block diagram in Figure 18 depicts the general framework for the characterization of color
defects. The input to the simulation process is an RGB continuous tone image from the Basler
camera. The image is then converted in to a CMY continuous tone image. We use the simple
transformation from RGB space to CMY space given by

[𝐶 𝑀 𝑌]𝑡 = [1 1 1]𝑡 − [𝑅 𝐺 𝐵]𝑡 .

(Eq. 16)

After the color space conversion, the defect features are separately synthesized for each of the
CMY color planes. This allows us to alter the color planes individually to simulate color defects
such as color plane MI registrations. Finally, the image is converted back to RGB.
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Figure 18. Color defect characterization [17].
Line Defects are categorized from E3-E6 according to their width and have been simulated by
varying either of the CMY color components of a vertical strip in the image. Examples of simulated
line defects are shown in Figure 19.

Figure 19. Simulated Line Defects.
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4.2 Experimental Setup

The goal of the experiments was to determine the performance of the SSIM and Bayesian
estimator, in determining defects and segmenting them, respectively. In addition to observing the
characteristics of these two methods individually, how accurately they work together in
distinguishing between defect free and defect containing images are determined.
We will start by preparing a database of test images. The parameters used in simulating these errors
are shown in Table 5.
Table 5. Parameters for simulated defect image sets.

Image Set 1

Defect-free

Number
Defect Parameters (mm)
of Images
60
Length (𝐿)

µ∆𝑳
Image Set 2
Image Set 3

Blob Defects
Blob Defects

20
20

0.1610
0.0357

σ∆𝐋
0.124
0.0238

Width (𝑊)

Image Set 4

Line Defects

20

µ𝑤 = 2.4

𝜎𝑤 =1

Radius (𝑟)

µr

σr

3.2
3.2

12
12

Change in Hue (∆𝐻)
µ∆𝐻 = 0.5

𝜎∆𝐻 = 0.5

The inspection is repeated over the dataset for different values of k and n, where k is the equal
number of columns and rows the image is split into, and n is an integer that multiplies by the
standard deviation of the SSIM values of the image splits to be used as a decision criterion in
detecting degraded splits.
The test database of images contains equal number of defect-free and defect-simulated images. Six
different images were chosen to allow variation in image content and defect background. Figure
20 shows the six different images used in the test images. Notice that some images contain mainly
textual content while others contain objects.
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Figure 20. Six images chosen for validation. Test set contains 20 images of each image; a total
of 120 images.

4.3 Results

The test results from the image sets were classified in to True Positives, False Positives, True
Negatives and False Negatives according to the table shown below, to evaluate the performance
of the defect detection.
Table 6. Test Conditions for detection of defects.

Positive
Negative

Test

Defect
Present

Absent

True

False

Positive (TP)

Positive (FP)

False

True

Negative (FN)

Negative (TN)
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Sensitivity and Specificity of a defect detection system gives a quantitative measure of its
performance. Specificity measures the ability of the detection system to correctly exclude the
images that do not have any defects. This is mainly affected by the number of false positives, that
is desired to be low. Specificity is determined as follows:
𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 𝑇𝑁/(𝑇𝑁 + 𝐹𝑃).

(Eq. 18)

Sensitivity measures the ability of the detection system to detect a defect image when one or
more defects are present. Defects that are not detected are false negatives, and reduce the
sensitivity. It is given as follows:
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑇𝑃/(𝑇𝑃 + 𝐹𝑁).

(Eq. 17)

Table 7. Results of defect detection using proposed methods on simulated image datasets for
different values of 𝑘 and 𝑛.
Exp. k

n

Set 1

TP

FN

TN FP Specificity

S2 S3 S4

S2 S3 S4

No
Sensitivity

1

3

1

38

22

0.63

20

13

15

48

0

7

5

12

0.8

2

3

1.5 48

12

0.80

16

5

16

37

4

15 4

23

0.62

3

3

2

60

0

1

12

3

5

20

8

17 15

40

0.2

4

5

1

37

23

0.62

20

17

20

57

0

3

0

3

0.95

5

5

1.5 43

17

0.72

18

13

20

51

2

7

0

9

0.85

6

5

2

53

7

0.88

17

10

20

47

3

10 0

13

0.78

7

10 1

36

24

0.60

20

15

20

55

0

5

0

5

0.92

8

10 1.5 41

19

0.68

20

16

20

56

0

4

0

4

0.93

9

10 2

15

0.75

19

16

20

55

1

4

0

5

0.92
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The results indicate that the inspection system can detect and segment most defects. It is seen that
for lower values of 𝑘, the standard deviation based SSIM value has a greater effect on the
sensitivity of detection. It is also seen, that at least for the three values of 𝑘 tested, increasing the
number of sub-images improves the sensitivity. The highest sensitivity of 0.93 is obtained, when
𝑘 = 10. However, increasing the number of sub-images, also has a reverse effect on specificity
due to increase number of false positives. This is due to the fact that noise-pixels or peaks due to
sub-pixel misregistrations may appear to be significantly different from defect-free regions as the
sub-image size is reduced. This is seen by observing the Specificity of experiments 3-5 against 69. This case is most pronounced in images with a lot of textual content due to their high
frequencies.
In contrast, increasing the standard deviation for a particular value of 𝑘 improves the specificity
and decreases the sensitivity. Therefore, deciding on suitable values of 𝑘 and 𝑛 requires a
reasonable trade-off between Specificity and Sensitivity. According to the requirements of the
project, 𝑘 = 10, and 𝑛 = 2 are chosen.
When comparing the detection of blob defects against line defects, the system performs better with
the latter. This is possibly due to the large deformation in structure that a color variation introduces
in an image than the lightness variation alone. Therefore, line defects cause greater change in SSIM
values that account for structural change in images. However, it should be noted here that the
simulated blob defects in Image Set 3 exhibit a much smaller variation in lightness, and therefore
in 𝑑𝐸, than the actual defect samples that were obtained. In contrast, all the simulated blob defects
in Image set 2, containing blob defects characterized by parameters obtained from sample defects
were detected well.
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5

DISCUSSION

Results from the experiments on the simulated image datasets showed that a specificity and
sensitivity of 0.75 and 0.93, respectively, can be obtained and affirms the hypothesis that the
methods used are appropriate for detecting printing defects. Using a higher standard deviation
multiplier 𝑛 with the SSIM is more reasonable when the number of sub-images 𝑘 is large.
However, since the first step of the detection process largely depends on the standard deviation of
the SSIM values of the sub-images, an image with a large-sized defect (occupying a majority of
the image) might not be detected. Therefore, in practice, this exception should be handled. One
approach would be to perform an SSIM comparison of the full image initially, with respect to a
standardized SSIM value. For example, a study based on an experiment with the goal of
quantifying the just noticeable structural difference in terms of the SSIM, using human participants
showed that the value lies around 95 [24]. A multi-scaled approach at increasing number of subimages could also be used to better localize defects. However, the computational cost of such an
approach needs to be considered such that it could be used in real-time. Another approach would
be to use the images that are detected as defect images to estimate a thresholding SSIM by studying
how the SSIM corresponds to defect-free and defect regions in printed images.
The inspection performed better with line defects compared to blob defects in general. Since, blob
defects mainly consist of a variation in lightness, the SSIM measure is not largely affected, when
this variation is small, as in images of Image Set 2. Line Defects represent structural as well as
color variations, changes which have a direct effect on the SSIM measure.
Textual content in the images posed problems as their inaccurate registrations were detected as
false positives. One direct solution to this problem is in using a higher resolution image acquisition
setup and re-installing the camera to avoid vibration. A more practical alternative that does not
require any changes in the camera is to perform defect detection in non-textual regions of the image
only. However, this requires the prior segmentation of the inspected image into textual and nontextual regions.
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The segmentation done using the Bayes estimation procedure yields accurate segmentation of
defects, and serves to avoid false positives in the detection system when identifying split images
that might be degraded due to noise, rather than actual defects. Figure 21 shows examples of the
detection and segmentation of a blob defect and a line defect.

Figure 21. (a) Detection of Blob defect (b.) Detection of Line Defect.
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6

CONCLUSION

A method for detecting and segmenting offset print quality defects was proposed. The detection
procedure utilizes SSIM similarity measure on sub-images derived from the reference and
inspected images. The SSIM measure is sensitive to structural changes in images. The
segmentation method is based on the modelling of the difference image as two distributions
containing defect-free and defect regions, and the estimation of distribution parameters by the
Expectation-Maximization algorithm. The thresholding of these two distributions using the
statistical method of minimum-error decision criteria yields an adaptive and robust 𝑑𝐸 value for
defect segmentation.

Characteristics of the human visual system with respect to perception of printed images and the
study of print defects provide useful ground rules for defect detection. Image regions that exhibit
a change in color 𝑑𝐸 greater than 4, and are larger than 1.6 mm in either dimension is defined as
potential defects. Connected components based on the concept of connectivity is used to remove
random noise that are present in the segmented defect region.

The inspection system is tested against a database of artificially simulated defect images based on
the modelling of defects using original defect samples from the printing facility. A general
framework for simulating structural defects as well as color defects in printing images are also
presented.

Results show that the SSIM is a promising image similarity measure for detecting print defects, as
defect regions exhibit significantly lower values for SSIM compared to defect-free regions.
Segmentation using statistical estimation performs well in segmenting defects, as well as
confirming the presence of defects in sub-images.

The inspection system, although evaluated with blob and line defects, is also able to detect other
types of structural and color defects that comply to the ground rules established. Therefore, it can
be used to collect more sample images of defects, that could then be used to extend the capabilities
of the detection procedure.
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Appendix 1

Table A1. Offset Printing Defects classification for Automatic Inspection by expert.

No.

Type of error

Restriction

E1

Spots/holes with
color difference

<4mm2

E2

Two-dimensional defect with
color difference

<10mm2

E3

Two-dimensional defect with
color difference

>10mm2
length/width>1

E4

Line scars Color difference compared with
immediate vicinity
Marks, straps in paper MD

Width>3mm, length>30mm

E5
E6
E7

Fine line scars, Color difference
compared with immediate vicinity
Blurred print, grubby print-out

E8

Dying print text

E9

Diffuse print text, bright text in dark
surroundings loses contrast,
Color flash at area edges
Changing color, local variation of
brightness
Large-area change of color

E10
E11
E12
E13

Loss of color (black, cyan, magenta,
yellow) in image
Impurity of capitals (text)

E14

Errors in font (Arabic languages,)

Width>1mm, length>100mm
Width<0,5mm, length>20mm
>50mm2
𝑑𝐸 >2
>50mm2
<1mm width,
Text: in line
>10mm2,
𝑑𝐸>2
>100mm2,
𝑑𝐸>2
>10mm2
Single capital (font
size>2mm),>1mm2
Font size>2mm, <1mm2
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