
4. Deep Learning for

manufacturing improvement

The goal of this chapter is to findways to improve amanufacturing linewith the help of algorithms
and data. More specifically Deep Learning (DL). A soft sensor Deep Neural Network (DNN) is
presented that performs a classification of images from high-resolution cameras towards a fully
computer vision based Optical Quality Control (OQC) of the printing cylinder of a global leading
player in the Printing Industry 4.0. As shown in detail in Section 4.2, this aims to increase the
accuracy of the quality inspection process by first supporting the human expert final decision-
making, thereby reducing the cost of quality inspection process through automatization of the
visual processing. This ought to be contextualized in a hostile industrial context in which the
complexity of error detection is very high due both to the extraordinary variability of possible
errors, as well as the changing environmental conditions of light, moisture, dirt, and pollution -
all of which can confuse the best algorithms developed thus far. Furthermore, this information
can be used to improve the quality and through this, further decrease costs and add value to the
production line.

This work can be placed with two points in the Industry 4.0 framework seen in Figure 4.1. A
human and the machine, as well as their interaction in the form of the machine and software
with the user. In a wider context, the resulting information can be used to change the working of
the production line and the connections of the workers. This can be done by not only using the
information to detect the defects, but to use this information in the production line to understand
where and why this defect originated.

The rest of the chapter is structured to ensure clarity in the presentation, replication of the results
obtained, and a proper framing in the ongoing global context of the fourth industrial revolution.
Section 4.1 briefly shows the continuous improvement of the manufacturing value stream of an
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Figure 4.1: Industry 4.0 framework with the main point of this chapter. The graphic is based on
the work in [86].

Industry 4.0 leader that made the integration of DL technology possible. Section 4.2 outlines the
materials and methods used to design and implement a better performing OQC integrated DNN
soft sensor. Additionally, DNN computer code is made available on an Open Access Repository.
Further, Sections 4.3 to 4.6 look at the possibility of using the data gained through the OQC to
improve the quality. Finally, Section 4.7 closes this chapter with the conclusions to the research
question 2.

4.1 Evolution towards automatic deep

learning-based quality control
To frame this research in amore general context and to allow its replication in other value streams,
it is important to describe the constant process of continuous improvement [237] that a leading
player in the printing industry has followed in recent years to reach the level that has allowed the
implementation of the presented DL-based OQC research.

To make it easier for interested readers to recognize the fundamental phases of this OQC evolu-

https://osf.io/z85hx/?view_only=87dde0cf35af437a8a9cec28945516da
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tional continuous improvement process that paved the road for a fully automatized computer vi-
sion OQC process have been summarized in the following and are depicted in Figures 4.2, 4.3,4.4,
4.5.

Figure 4.2: Manual Inspection of Printed Prod-
uct.

Figure 4.3: Manual Inspection of Monochrome
Printed Product.

Figure 4.4: Expert Evaluation with the help of
the software cLynx.

Figure 4.5: Machine used to scan the cylinder
surface.

• Manual Inspection of Printed Product (Figure 4.2)

In the first stage, all cylinders of an order were printed together. Due to the processes used
producing gravure cylinders, mistakes like holes in the cylinder are almost inevitable. To
check the quality of the gravure cylinders, all the cylinders of one order are generally printed
together and the resulting print checked manually with the help of a magnifying glass. To
do this, the approximate color of each individual cylinder must be mixed and all cylinders
are printed one after the other on one substrate. On average, this can be 5-10 cylinders or
colours in one job. The big disadvantage is that all cylinders of a jobmust already be present.
Thus, a one-piece flow is not possible. In addition, a lot of time is spent mixing the colours.



4.1 Evolution towards automatic deep learning-based quality control 60

As a direct comparison with the expected data was very difficult, the search for errors was
focused on the most common errors that can happen during the production of an engraved
printing cylinder. The coppering of the cylinder is a galvanic process, therefore it is possible
that the cylinder has holes that also print. Another common mistake in the production
of engraved printing cylinders is that parts that should print do not print. This can have
different causes. Most of them can be traced back to problems during the engraving of
the cylinder. To find these errors without a comparison to the expected data, a search for
irregularities is then carried out. As there are a lot of issues that had to be checked, it was
quite an ergonomically challenging job, where some mistakes were not caught during the
check.

• Manual Inspection of Individual Color Printed Product (Figure 4.3)

In the second stage, the cylinders were all printed individually in the same (green) colour. In
an attempt to further improve the quality control of each individual cylinder, the cylinder
can also be printed itself. This impression was also checked manually with a magnifying
glass by process experts. This has the advantage that there is no need to wait for the other
cylinders of a job and no need to mix colours. However, the manual reading of the prints
takes longer because there is one print for every cylinder of an order (5-10 cylinders) and
not only one print for one order. Although this increased process reliability because pro-
cess mistakes were directly tested on the product, the ergonomic weaknesses of the OQC
process based on human experts could not be eliminated with this new improvement.

• Evaluation of Errors by an Expert with aid of patented Software cLynx (Figure 4.4)

This was then solved by the third stage: the digital scanning of the cylinder supported by the
patented cLynx software (DE102017105704B3) [238]. To improve the quality and automate
the process, a software named cLynx was developed to automatically compare the scanned
file with the engraving file. The invention relates to a method for checking a printing form,
in particular a gravure cylinder, for errors in an engraving printing form. A press proof
of a cylinder gets printed and scanned using a high-resolution scanner. To compare the
scans with the engraving file, a sequence of registration steps are performed. As a result,
the scans are matched with the engraving file. The differences between the two files are
subject to a threshold in order to present the operator with a series of possible errors. As a
result, the complexity of checking the entire print is reduced to a fewpossible errors that are
checked by the operator. Since most of the work of troubleshooting was done by scanning
+ software, only the most conspicuous spots found by the software had to be evaluated by
an expert.

• Machine scans the cylinder and integrates the software cLynx (Figure 4.5)
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In the fourth stage, the entire printing process is omitted, as the cylinder surface is recorded
directly with a camera within a cylinder scanning machine. To further reduce the cost of
quality inspection, there is a need to check the cylinder without having to print it. To scan
the surface of the cylinder, a machine was built with a high-resolution line camera that
scans the rotating cylinder at an approximate current speed of 1 meter/second. Because
the scanning itself takes a minor portion of the processing time, this speed could actually
be increased with a brighter LED lamp. After every movement, a picture is taken, resulting
in a flat image of the cylinder (Figure 4.6). The main principles stay the same as with the
scanned prints, as two complete recordings of the cylinder are made. These get matched
to the engraving file and possible errors are presented to the operator using fixed thresh-
olds (Figure 4.7). This is done by automatically selecting areas around possible errors and
calculating the absolute difference between the cylinder scan and the layout engraving file
as shown in Figures 4.8, 4.9, 4.10. This significantly shortens the inspection time. How-
ever, the most prominent areas still have to be evaluated manually by the employee. For
this reason, another fifth step towards a fully automated process is desired.

Figure 4.6: Cylinder Scan. Figure 4.7: Cylinder Engraving File.

4.2 Deep learning for industrial computer

vision quality control
To reduce time checking possiblemistakes on the cylinder, and further reduceOQCcost and value
stream-related lead time, an automatic pre-selection of the errors using artificial intelligence is de-
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Figure 4.8: Detail
Cylinder Scan.

Figure 4.9: Detail
Engraving Layout.

Figure 4.10: Abso-
lute Difference.

sired. Due to intensive research investment and strategic focus on quality control throughout the
value stream process, real noisy industrial data has been classified and properly labelled. This is
how the idea was born to design a DNN that would learn from the statistical information embed-
ded within the previously classified data to perform a fully automated computer vision quality
control.

Due to intensive research investment and strategic focus on quality control throughout the value
stream process, there were previously numerous classified and properly labeled data aggregated
through the fourth stage. Possible errors were selected using thresholds between the original file
and the scanned cylinder. These were then shown to the operator, who judged them as if they
were real errors. These judgements were then saved comprising the labeled data-set.

In the fifth stage, the process is taken over by a fully automatedDNN architecture. As proposed in
this chapter (see Section 4.2), after an intensive experimental program, which has tested different
configurations of different filter sizes, abstraction layers, etc., this version was selected [239].

The DNN soft sensor presented achieves an accuracy of 98.4% in fully automatic recognition of pro-

duction errors. More details are provided in the following subsections. This contribution makes
it possible to decide immediately after scanning whether the cylinder can be delivered or whether
errors need to be corrected. It was decided not to use specific denoising treatments as specific
filters before classification [240], [241]. This is because of the intrinsic capabilities found in the
adopted Convolutional Neural Network (CNN) architecture.
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Deep Neural Network Architecture for Computer Vision in

Industrial Quality Control in the Printing Industry 4.0

Experimental Setup

The experiments in this study were implemented with a computer equipped with an Intel(R)
Xeon(R) Gold 6154 3.00GHz CPU and an NVIDIA Quadro P4000 Graphic Process Unit (GPU)
with 96 GB of Random-Access Memory (RAM). The operating system was Red Hat Linux 16.04
64-bit version.

The DL model training and testing were conducted with Keras which is an interface for Tensor-
Flow (Version 1.8), and the model was built in Python (Version 2.7) language [242]. TensorFlow
is an interface for expressing machine learning algorithms, and an application for executing such
algorithms, including training and inference algorithms for DNN models. More specifically, the
TF.Learn module of TensorFlow was adopted for creating, configuring, training, and evaluating
the DNN. TF.Learn is a high-level Python module for distributed machine learning inside Ten-
sorFlow. It integrates a wide range of state-of-the-art machine learning algorithms built on top
of TensorFlow’s low-level APIs for small- to large-scale supervised and unsupervised problems.
Additional Python interfaces were used: OpenCV for computer vision algorithms and image pro-
cessing,Numpy for scientific computing and array calculation, andMatplotlib for displaying plots.
The details of building the DNN model for OQC with Python are provided online at Open Access
Repository and were created with Jupyter Notebook.

Data Pre-processing

In order to train the DNN, standardized, classified input data is needed. For this reason, the Data
pre-processing is divided in three steps: (1) decision of which is the size of the image that serves
as input for the DNN and what the size of the convolutional window used by the DNN should
be, (2) brightness adjustment through a histogram stretching, and (3) automatize the selection and
labelling of the file structure to be fed to the DNN.

1. Image Size for DNN Input and Convolutional Window Size

Due to the need for standardized input data, a decision needs to be made about which di-
mensions the input images should have. The first decision is the aspect ratio. The following
decision should be how many pixels wide and high the input images should be. In order to
get a first impression of the existing sizes, a short analysis of the previous manually con-

https://osf.io/z85hx/?view_only=87dde0cf35af437a8a9cec28945516da
https://osf.io/z85hx/?view_only=87dde0cf35af437a8a9cec28945516da
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firmed errors is made. According to the data, the mean value of the width is slightly higher
than that of the height. In the mean aspect ratio, this gets even clearer, with a mean aspect
ratio of about 1.5. This is probably a result of some errors that are elongated by the rotation
of the cylinder. The median aspect ratio is exactly at 1.0. Because the median describes a
higher percentage of errors better, this should also be the aspect ratio of the neural network
input. As shown in the representation of the width and height of error in pixel against the
LOG of the amount of errors in Figures 4.11 and 4.12.

Figure 4.11: Width of errors vs. LOG Number
of errors.

Figure 4.12: Height of errors vs. LOG Number
of errors.

As the size of the error also plays a role in the judgment of the errors, scaling operations
should be reduced to a minimum. Because of the range of the sizes, this is not always possi-
ble. The training time of the neural network would increase dramatically with large input
sizes and small errors would mostly consist of OK-cylinder surface. Therefore, a middle
ground is needed so that most input images can be shown without much scaling or added
OK-cylinder surface. A size in the middle would be 100 pixels. We therefore calculate the
percentage of errors with the width smaller or equal to 100. The results show that about
90% of all errors have both the height and width below or equal to 100 and almost 74% have
both the height and width below or equal to 10. One option would be to use an input size
of 100x100.

2. Brightness Adjustment

To get comparable data for all cylinder images, pre-processing is needed and is performed
on the complete scan of a cylinder. From this scan, multiple examples are taken. Because
there can be slight deviations due to many influences during the recording of the cylinder
surface, this can only be achieved by having a similar brightness for the cylinder surface and
engraved parts. Another important point is that no essential information gets lost from the
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images and, that the brightness between the engraved and not engraved parts are compa-
rable for all cylinder scans. Therefore, a brightness stretch is needed, but only a few pixels
are allowed to become the darkest or brightest pixels. Notwithstanding, the amount of
pixel that become the darkest and brightest pixels cannot be set to a very low value because
noise in the image data would result in big differences. In conclusion, a low percentage of
the pixels should be set as darkest and brightest. For example, the lowest and the highest
percentage should each have a maximum of 0.5%. Figures 4.13 and 4.14 show a stretching
example for brightness adjustment for one image so that 0.5% of all pixels will have a value
of 0 and 0.5% of all pixels will have the value of 255.

Figure 4.13: Histogram before stretching. Figure 4.14: Histogram after stretching.

3. Automatic selection and Dataset Labelling

To simplify the later steps, the images need to be cut from the original file and saved into
two folders with examples that are OK-cylinder (Figure 4.15) and examples that are not-
OK-cylinder (Figure 4.16). The great variety of patterns presented in the spectrum can
be observed in the figures. The very nature of the process implies that each new product
represents a new challenge for DNN, as it has probably never before been confronted with
these images. For this reason, the errors may be of a very different nature. This implies
a high complexity of solving the challenge of training and testing the DNN. Likewise, the
different shades of black and grey, very difficult to appreciate with the naked eye when
manually sorting the images, represent an added difficulty that must be resolved by DNN
architecture.

If errors are smaller in width or height than 100, the region of interest gets increased to 100.
In the rare cases where any side is bigger than 100 pixels, the split subimages are used for
the test-data. As shown in the Open Access Repository, there are multiple possible ways to
handle the bigger data.

https://osf.io/z85hx/?view_only=87dde0cf35af437a8a9cec28945516da
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Every example of data contains the actual and target data. There are different ways of using
this data as input. One way is just using the actual data. A different option is to use the
difference between the actual and expected data. The problem in both cases is that informa-
tion gets lost. Better results have been achieved by using the differences. These get adjusted,
so that the input data is in a range from [−1,1]. Once this is performed, and because a bal-
anced dataset is important to train the neural network and the OK-cylinder examples far
outnumber the not-OK-cylinder examples, an OK-cylinder example is only saved if a not-
OK-cylinder example has been found previously.

Figure 4.15: OK cylinder Images. Figure 4.16: not-OK cylinder Images.

Automatic detection of cylinder errors using a DNN soft sensor

TheDNNsoft sensor architecture design is performedwith twomain goals inmind: classification
and performance:

• Classification. The first goal of this architecture is not to identify different objects inside of
a part of the image but to separate two classes (not-OK and OK images), where the main
source of noise comes from the illumination factor from the scanner lectures. Therefore,
neither the deep architecture nor the identity transference, which is the key for the ResNet
[243] is needed in our case, and just a few convolutions shall help identify convenient struc-
tural features to rely on.

• Performance. The proposed architecture is even more simplistic than the AlexNet [93] one,
as not five convolution layers are just but just three. The main reason is to look for a com-
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promise between the number of parameters and the available dataset of images. The archi-
tecture was always looking to be frugal in terms of resources, as it is expected to be a soft
sensor, running in real time.

Figure 4.17: Deep Learning Architecture for Industrial Computer Vision OQC in the Printing
Industry 4.0.
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After data acquisition and preprocessing, the input data of the DNN is represented as a tensor. A
type of network that performs well on the classification problem of such data is usually divided
in two main parts: feature extractors and classifiers, as shown in Figure 4.17.

As shown in the Open Access Repository, using Keras, Tensorflow backend for the DNN and
OpenCV/Numpy for image manipulation, a balanced dataset of 13335 not-OK- and 13335 OK-
cylinder examples is used, giving a total of 26670. Thesewere collected over a period of 14months
from almost 4000 cylinder scans. The training images are mirrored vertically and horizontally,
resulting in 85344 training samples in total. All not-OK- cylinder examples are labeled 0 and all
Ok examples are labeled 1. As the standard procedure, the data is split into training dataset (80%),
testing dataset (10%) and validation dataset (10%). The training dataset is used to train the DNN
throughout a number of epochs as shown in Figures 4.18 and 4.19. It can be observed that both
accuracy and loss do not increase or decrease significantly after epoch number 10.

Figure 4.18: DNN Model Training Accuracy. Figure 4.19: DNN Model Training Loss.

The testing dataset is subsequently used to test DNNperformance. Specifically, given the balanced
dataset chosen, the accuracy delivered by the DNN soft sensor is 98.4%. The TN rate is 97.85%,
the TP rate is 99.01%, the FN rate is 2.15% and the FP rate is 0.99%. These levels of accuracy can
be considered acceptable for such a complicated industrial classification problem. The results are
summarized in Figure 4.20.

In Table 4.1, the DNN architecture shown in Figure 4.17 is described layer by layer by outlining
the rationale behind the choice of a layer rather than another. Going even further, to compare the
performance of the proposed softDNNsensor, it has been compared to three similar architectures.
The result of this comparison is shown inOpen Access Repository and summarized in Figure 4.21
in which it is clearly shown that the proposedDNN soft sensor has superior performance to other
alternative architectures.

https://osf.io/z85hx/?view_only=87dde0cf35af437a8a9cec28945516da
https://osf.io/z85hx/?view_only=87dde0cf35af437a8a9cec28945516da
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Figure 4.20: DNN Model Testing Confusion Matrix

Figure 4.21: Deep Learning Architecture Comparison. Time to Train vs. Accuracy.

Two parameters, accuracy and computational time, have been measured consistently on the same
training and test set, and then compared. First, it has been tested with an identical architecture
by adding a dropout, then it has been tested with a deeper architecture and finally with a more
shallow DNN with fewer layers. The accuracy should be as high as possible to generate the lowest
possible error in data characterization, and the computation time should be as low as possible to
ensure that the soft DNN sensor can be effectively integrated into an Industry 4.0 environment,
thus ensuringmaximumeffectiveness and efficiency, respectively. ADNNsensormust be not only
accurate but also fast to ensure, among other things, a minimum Lead Time impact on the process
and low CO2 emissions derived from the energy consumption associated with the computation.
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Table 4.1: Detailed description of the DNN architecture

Layer Size Layer Name Layer description and rationale behind the choice.

(98, 98, 32) conv2d 1 +
activation 1
(relu)

This is the first convolutional layer of the network. As
observed in Figure 4.26, this layer mainly finds edges in
the input image. To keep the values in check, an activation
function is needed after each convolutional layer which
sets the negative values to zero (Figure 4.27).

(49, 49, 32) max pool-
ing2d 1

To reduce the complexity of the convoluted result a max
pooling layer is used. Only the maximum in this case of a
2*2 pixel window is chosen.

(47, 47, 64) conv2d 2 +
activation 2
(relu)

In the second convolutional layer the results describe
more complex forms as is visible in Figure. 4.26. To keep
the values in check, an activation function is needed after
each convolutional layer.

(23, 23, 64) max pool-
ing2d 2

As with the previous max pooling layer this layer is used
to reduce the complexity of the convoluted result.

(21, 21, 64) conv2d 3 +
activation 3
(relu)

In the third convolutional layer resulting features are even
more complex. To keep the values in check, an activation
function is needed after each convolutional layer.

(10, 10, 64) max pool-
ing2d 3

As with the previous max pooling layer this layer is used
to reduce the complexity of the convoluted result.

(8, 8, 32) conv2d 4 +
activation 4
(relu)

This is the final convolutional layer with the most com-
plex features. To keep the values in check, an activation
function is needed after each convolutional layer.

(4, 4, 32) max pool-
ing2d 4

As with the previous max pooling layer this layer is used
to reduce the complexity of the convoluted result.

(512) flatten 1 The flatten layer is used to flatten the previous 3 dimen-
sional tensor to 1 dimension.

(64) dense 1 + acti-
vation 5 (relu)

To further reduce the complexity a fully connected layer
is used. Before the final connection takes place the relu
function is used to zero out the negative results.

(1) dense 2 + ac-
tivation 6 (sig-
moid)

As the probability of the input image being an error is
wanted, the sigmoid function is needed to transform the
input value into a probability [0-1].

Visualizing the learned features

Experience has shown that visualizing what each of the DNN layers learns can help deep archi-
tecture designers improve their understanding of the learning of the DNN hidden layers and thus
support an appropriate fine tuning of their design for improvement purposes. This is because vi-
sualizingwhat theDNNhas learned can help in the understanding of the decisionmaking process.
There are different ways of visualizing what has been learned by showing different parts. These
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can make it easier to understand why some things do not work as expected. For example, why
some pictures with errors were not categorized as errors (FP).

This visualization can be performed in different ways. For instance, given an example image of
a not-OK cylinder shown in Figure 4.22, an option is to visualize what the DNN captures using
class activation heatmaps. A class activation heatmap is a 2D grid of scores associated with a
specific output class, computed for every location in any input image, indicating how important
each location is with respect to the class under consideration. An example is shown in Figure 4.23.

Figure 4.22: Example Image of Error in not-OK
cylinder.

Figure 4.23: ActivationHeatmapof Error innot-
OK cylinder.

Another option is to calculate an input image that gets the highest response from a layer. This is
done by displaying the visual pattern that each filter is meant to respond to. This can be donewith
gradient ascent in the input space: applying gradient descent to the value of the input image of a
convolutional network to maximize the response of a specific filter, starting from a blank input
image. The resulting input image will be one that the chosen filter is maximally responsive to.
Examples are shown in Figures 4.24 and 4.25.

Finally, an alternative approach would be to show the outputs of all DNN layers as color-coded
images. Visualizing intermediate activations consists of displaying the feature maps that are out-
put by various convolution and pooling layers in a network, given a certain input (the output of
a layer is often called its activation, the output of the activation function). This gives a view of
how an input is decomposed into the different filters learned by the network. We want to vi-
sualize feature maps with three dimensions: width, height, and depth (channels). Each channel
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Figure 4.24: Most Responding Input. Figure 4.25: Most Responding Input Detail.

encodes relatively independent features, so the proper way to visualize these feature maps is by
independently plotting the contents of every channel as a 2D image. For explanatory purposes,
on the Open Access Repository, four different examples, TP-TN-FP-FN, of such feature maps are
depicted. These shall help the reader better understand what the DNN sees and how it responds in
different circumstances. One of these examples, TN, is visualized in Figures 4.26 to 4.36.

Figure 4.26: 1st Layer Conv 2D-1. Figure 4.27: 2nd Layer Activation-1.

Figure 4.28: 3rd Layer Max Pooling-1. Figure 4.29: 4th Layer Conv 2D-2.

Figure 4.30: 5th Layer Activation-2. Figure 4.31: 6th Layer Max Pooling-2.

https://osf.io/z85hx/?view_only=87dde0cf35af437a8a9cec28945516da
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Figure 4.32: 7th Layer Conv 2D-3. Figure 4.33: 8th Activation-3.

Figure 4.34: 9th Max Pooling-3. Figure 4.35: 11th Conv 2D-4.

Figure 4.36: 12th Max Pooling-4.

4.3 Deciding on production steps to improve

quality
The achieved results can also be a useful tool to improve the quality of the process with the help
of the classification data and further algorithms. It could be used in the way that the underlaying
effects for the creation of the defect are found and further eliminated. The first step in the assess-
ment of possible starting points in the production is the analysis of the production steps and the
impact a defect in this step would have.

The potential savings of energy, resources, and time depend on multiple factors. The two major
factors for the environmental consequences are the impact of a defect and howoften it occurs. The
cost of the defect can bemeasured by the impact on the various forms of environmental waste, but
also on further kinds of drain used from a management point of view. To a specific degree, most
include environmental waste. Perhaps every kind of waste found in Lean Management (LM) to
a certain extent impacts the environmental waste, as prior lean experience can be an important
predecessor for environmental management practices [244]. Still, both environmental waste and
lean waste can sometimes even stand in conflict [245]. Therefore, in the following, the view on
the waste is through the lens of environmental waste.
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The environmental waste of a defect needs to be measured by examining the impact it has on the
production compared to a defect-free item. Only viewing the environmentalwaste, it is composed
of the material and energy that is needed to fix the defect. For some types of defects, it’s possible
to fix a mistake by correcting the current production step. For other defects, it can be necessary
that also earlier steps have to be repeated as the defect can not be fixed.

To get a complete picture, it can be an interesting challenge to estimate a realistic potential of how
much a production step could be improved. As this can usually just be an educated guess and could
lead to falsely dismissed production steps that have a high potential, the basis of deciding which
production step has the highest potential to be improved should only be based on the resulting
waste of a production step.

4.4 Potential savings of the production steps
In the following, the results using the discussed methods for determining the potential savings of
every manufacturing step are examined. Defects are usually found at the end. Therefore, the root
cause for the defect can’t always be determined. This raises the difficulty of finding the source of
a defect, and in which production step it occurs. In addition, it increases the difficulty of deter-
mining the exact potential waste savings for every production step. Because of this and to show
generic data, in the following relative figures in the form of a proportion of the total waste of each
production step between 0-1 are given.

During mechanical dechroming and decoppering, the risks for the resulting defects are very low.
Although imperfections in the resulting copper layer can exist, these neither significantly interfere
with the next production steps nor directly lead to defects on the cylinder surface, as long as these
are not extreme. A rare defect could be that the decoppering has not been deep enough, and cells
of the earlier engraving are still visible. Although a rare case, this would cause immense waste,
as all production steps would have to be repeated to produce a defect-free object. Therefore, the
proportion of defective items through this production step are rated with 0.1 in the following
evaluation.

The degreasing step is also a low-risk production step. Nevertheless, a big contamination could
lead to dramatic consequences, as the copper would not be able to form a solid layer. The degreas-
ing step still only contributes to 0.1 of the added waste.

The coopering phase has the highest associated risk for resulting defects. During this production
step, themajor risks are holes in the cylinder surface. This is also confirmed in [246] as the highest
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waste producing category for rotogravuremanufacturing. Sizeable holes in the surface could print.
Even if these are smaller or the copper hardness is not consistent, this could lead to defects in the
next production phase. Hence, this production step adds a proportion of 0.45 to the total.

For the engraving phase, the complexity of defects is the highest, as the cells need to be placed
with a very high accuracy and with a consistent depth across the complete cylinder surface. As a
result, the range of unique types of defects is very high, whereas the most common is the fracture
of the stylus [247]. However, also other defects, such as distortions of the engraved image in any
direction or pin holes, are possible. As a result, this production step comprises 0.25 of the total
waste.

In the last step, the chroming can also add defects to the item. These could be small holes or
incomplete chrome plating. Due to it being the last step and as most of the defects resulting from
this production step can be fixed, be chemical dechroming and rechroming the cylinder, the total
waste is manageable. This step is responsible for 0.1 of the total waste.

Because of the analysis, the highest waste saving potential can be seen in the copper plating phase.
This is the production step responsible for the highest amount of waste. Moreover, if defects are
found at this stage, repairing the item has a much lower cost than in later stages. As an added
benefit, it can help in analyzing the origin of a defect.

4.5 Methods for improving quality control
The previous analysis shows the best next target point for the future work. The implementation
allows for various strategies. In this section, three alternatives are described and rated based on
the costs and saving potentials.

The different alternatives are visualized in Figure 4.37. On the left (I), the quality check deployed
at the investigated manufacturing plant can be seen, where only one visual inspection at the end is
used, that uses algorithms from computer vision and Artificial Intelligence (AI) to detect defects
[133]. This kind of quality check has its equivalents in other manufacturing areas, such as for
laser welding [244] or metal additive manufacturing [248]. Although visual inspection systems
show outstanding results for the final quality check, as discussed, this still doesn’t prevent internal
waste to accumulate, as defects are usually only found at the end.

The first alternative to the current workflow (Figure 4.37-II) uses multiple instances of the visual
inspection system. Although it is possible to use a visual inspection system after every production
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Figure 4.37: Three different possible quality checks for rotogravuremanufacturing. The currently
deployed quality check on the left. An alternative with more visual inspections in the middle and
a data based method on the right.

step, only three steps with high waste were chosen for this alternative. Nevertheless, a visual
inspection system could be used for each step. The visual inspection system could ensure that
only items with no defects are passed on to the next production step. This would make it possible
to fix or discard an item without producing waste by adding the next production steps to the
already broken item. A downside to this approach is the strong cost point of the visual inspection
system and that only the symptoms in the form of defective items are considered and not the root
cause in the form of a not optimized production step that only produces defect-free items.

The second alternative (Figure 4.37-III) doesn’t use any further visual inspection systems. Quality
checks are data based. Details on feasible ways how this can be achieved are discussed in Sec-
tion 4.6. Depending on the achievements of the data-based checks, it would also be possible to
replace the final visual inspection system. This alternative would reduce the costs for the needed
hardware and could help analyze the core problems in each process step.

In the long term, the correlation between the defects found by the inspection system and the op-
erational parameters will make it possible to address 4.37-III, following the LM culture.
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4.6 Deep Learning for rotogravure

manufacturing

Data based alternatives
DL appears to be a promising tool to improve the manufacturing quality. Still, other data-based
strategies should be taken into consideration. Through the rise of data generation and collection,
many types have been developed over the years. All coming with advantages and disadvantages.
Although in general terms this includes LM focused systems such as Six Sigma or Kaizen [249],
the further focus lies on automated techniques that process data and give an output which is used
to improve the quality.

A solution to a problem should never be more complex than it needs to be. Therefore, a first
step should almost always be the visualization of the data and, if possible, simple models could
be developed and the correlations of the factors checked. Through this, big influencing factors
can already be determined. Domain-knowledge can be a considerable plus in this stage. Unfortu-
nately, this approach is not sufficient for most cases as a manufacturing system is usually dynamic,
uncertain, and complex [250]. With the help ofmachine learning, it is possible tomodelmore com-
plex systems. This gives an enormous advantage as most processing steps have many influencing
parameters that result in a high dimensional relation.

Most Machine Learning (ML) algorithms can be grouped into two major categories. Supervised
and unsupervised learning. Unsupervised learning is used to detect patterns in unlabeled data sets
and generally needs little supervision by a human. Supervised learning, however, depends on a
labeled dataset and learns to find the connecting patterns between input and labels. It learns from
the examples provided. If the data and the use case make it possible, supervised learning usually
achieves better results.

Through the data won from the vision-based systems, it is possible to label the data with the infor-
mation of existing defects. This makes it possible to use supervised learning if the use case allows
it.

The more concrete groups that are promising for the planned results are classification and regres-
sion. Although the exact use case depends on the planned achievements, which will be further
discussed in Section 4.6. Classification algorithms could be used to detect defective states. This
would be the best choice if the factors resulting in a defect are only temporary. Through regression,
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prediction and forecasting could be implemented. This would be more useful if the influencing
parameters are more continuous and need to be kept in check.

Since the 2000s, DL, which belongs to ML, has seen a substantial surge in popularity. Although
more traditional ML approaches such as Support Vector Machine (SVM)s have also shown suc-
cesses inmanufacturing [251] [252], DL aremost often superior. Themore traditional approaches
require manual feature extraction, while DL networks are able to learn more complex features in
each layer, which reduces the difficulty significantly [132]. The advantages of deep neural net-
works have been proven mathematically [253]. This is one of the reasons why it has seen many
successful implementations in manufacturing in the last years [254] [255] and why it is chosen as
the prime candidate for future work.

Roadmap to improve rotogravure manufacturing using DL
To test which algorithm is most suitable for a problem, the required results and the data that can
be used to train the neural network need to be examined.

The eventual goal is to find ways that reduce the waste in production, which allows for distinct
strategies. These can range from detecting, with a high probability, that a defective item was
produced to further inspect the item for faults, to improving the production step by adjusting
controllable variables that have an influence during the production through an automatic system.
While the latter would be the ideal end state, where every production step would adjust itself to
only produce defect-free items.

Figure 4.38: Potential steps in order to improve waste saving through quality improvement aided
by the possibilities of DL.
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According to the Industry 4.0 maturity index from Schuh et al. [256], the steps visibility, trans-
parency, prognosis, and autonomy can be described as a path towards Industry 4.0 or in more
general terms as an improvement to the manufacturing. This can also be adapted to this case of
quality improvement with the help of DL as seen in Figure 4.38.

The first step increases the visibility of the system. Here, this could, for example, be done by
visualizing the interacting parameters through feature reduction with the help of auto-encoders
[257].

Creating transparency can achieve further potential. For example, showing which parameters
have a negative influence on quality or how these parameters interact. Making a prognosis can
increase the potential. For example, the staff could see the influence of the current state on the
system. With this knowledge, it’s possible to know which parameters have the biggest influence
on the quality and should be adjusted. As the last step, a fully autonomous system can be imagined
that adjusts its own parameters to produce defect-free items.

Because the goal is to detect defects, it is necessary to know when a defect has occurred. After
the copper plating, the cylinder is checked by scanning the cylinder surface with the help of a line-
scan camera and an LED-light. Any holes or other anomalies can be detected through a deviation
towards the cylinder surface. The check after the image transfer and the chrome plating is more
difficult, but also starts by scanning the cylinder surface. Now it needs to be compared with the
engraving file through transformation and brightness adaptations, as described in the beginning
of this chapter. These results are the target for all supervised ML/DL algorithms in the training
phase.

For the input data, it is necessary that it, in more or less hidden form, contains the information
that a defect exists. It is desirable that no further delays or costs are added. These properties to the
current knowledge should be able to be achieved by the data already produced by the machines in
every production step. These are usually a mix of different outputs from sensors and parameters
from the machine. In the case of copper (Figure 4.37.3) and chrome plating (4.37.5) these would
apply to the galvanization process such as the temperature, the amount of additives or the current.
For the image transfer step (4.37.4) thesewould be related to the speed of themachine, the pressure
of the stylus, and any fluctuations in the electricity used. If it is not possible to achieve the desired
results, added sensors could be installed that contribute further information.
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4.7 Conclusions
Research question 2 asks how data and algorithms can be used to reduce costs and add value
to a manufacturing line. An important point in these advancements is that these can build on
the previous developments and therefore allow a constant improvement. This research shows the
possibility through the use of data and algorithms with the goal of adding value through better
quality and automated steps in the workflow.

Quality Control
The costs associated with the quality control can be drastically reduced through the automation
demonstrated in Chapter 4. In addition, the accuracy of error detection increased considerably.
The results can be therefore considered very promising and allow for different ways to increase the
performance and add value to a manufacturing line. However, these results have to be interpreted
in a broad context of Industry 4.0. This section provides some essential aspects that will help to
understand and contextualize the contributed results through a meta-discussion at various orga-
nizational levels. This will help to present a possible future strategic development of these deep
technologies in the short, medium, and long term.

There are different steps that have to be taken until the full potential can be used in the production
without taking a too high risk of missing an error.

1. Using the DNN fully automates the OQC classification to predict the amount of errors a
cylinder has.

The DNN only provides a successful result 98.4% of the time. To be sure that the wrongly
classified images are not big mistakes, human experts will review all possible errors. DNN
has already had a positive influence on the workflow, as we know howmany errors are very
likely an error: DNN helps significantly in the planning of the next workflow step because
it is known with a high probability if the cylinder needs to go to the correction department
or if it is very likely that the product is an OK-cylinder.

2. Showing the error probability to the operator that is currently deciding if it is an error or
if it is not.

This gives a hint to the operator, who can give feedback if there are relevant mistakes that
were not predicted as mistakes. This can also help the operator to reduce the likelihood of
missing an error.
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3. Only showing possible errors that have been predicted by the DNN.

In the last step, the DNN could completely filter out errors that are not relevant. This can
also be used in multiple steps because it is possible to increase the threshold error proba-
bility for the possible error to be shown. At some point, a threshold will have to be chosen,
taking into consideration the cost of checking a possible error and the cost of missing an
error. This would completely eliminate the step of checking the errors, and the confirmed
errors would only be checked by the correction department.

Quality Improvement
This chapter proposes steps that should make it possible to improve the quality in manufacturing
and especially in rotogravure manufacturing based on the results of the developed optical quality
control system. To verify the results, the aim is to extend this work by applying these concepts
to real-life data of a rotogravure cylinder manufacturer. This should help to show that a general
systematic quality improvement and waste reduction strategy is possible by using data and DL
algorithms.

A roadmap of the planned next steps is shown in Figure 4.39. It is not a simple transformation
from 4.37-I to 4.37-III, but consists of multiple steps that build upon each other. The first step
will be to have a visual inspection system after the copper plating. This gives the information if
a cylinder has defects and will be the target data for the DL system in this part. The second step
will be to record the data from the used machines for copper plating. This will be the input for the
DL system, from which it will learn which parameters influence the emergence of defects. In the
next step, the DL system will add visibility to the copper plating by showing which parameters
have the biggest influence on the emergence of defects. Adding to this, the next step will allow
transparency by identifying why defects have occurred. Through integrating the prognosis in the
next step, the ability will be added to determine the future outcome and given the ability to take
preventive countermeasures. These steps will be repeated for all production steps until, in the last
step, full automation of the quality control can be achieved.

Limitations and further research
Although there has been an immediate performance increase inOQCerror detection accuracy and
cost effectiveness, the larger scope for improvement is down to the managerial dimension of such
a sensor. This is because it can be expanded to not only detect defects but also to classify them
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Figure 4.39: The planned next steps for the DL based quality improvement in rotogravure manu-
facturing.

into categories. Although this requires additional effort, it will enable the cause-effect analysis
regarding manufacturing conditions and defect frequencies.

Some of these efforts can be specifically targeted to achieve an improvement in the accuracy of the
model. For example, learning from false predictions: to further improve the correct prediction
rate, it is important to take a look at the examples that have not been predicted correctly. This
could potentially improve the understanding why the wrong prediction was made by the DNN.:

• Not-OK examples that have been predicted as OK. Looking at the actual errors in the test data
that have not been predicted as errors, as in Figure 4.40, a few issues could be the cause of
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the wrong predictions. Some of the examples actually do not look like they are really not-
OK. The cause of this could either be that the input data was not labeled correctly or that
the error really is not highly visible in the image.

• OK examples that have been predicted as not-OK. After looking at the visualizationof theDNN,
it gets clear that the main focus for finding mistakes is looking for extreme edges. These
can be seen in a lot of wrongly classified examples. Especially the first two examples seen in
Figure 4.41 have some extreme edges that are a result of a slight misalignment of the images
in the preprocessing. Therefore, the image registration in the preprocessing part between
the original and the recording of the cylinder surface needs to be improved.

Figure 4.40: FP. Is an error but has been pre-
dicted as OK

Figure 4.41: FN. Is not an error but has been pre-
dicted as such.

This technology could also be implemented at the customer side to increase the defect detection
accuracy in the printed product itself. This strategic step is currently being discussed internally.
Such analyses will provide sensitivity about operations and operational conditions, which will
also impact the value stream related efficiency and effectiveness.

These aspects will probably be the next steps in further research actions to be developed within
an Industry 4.0 context. For instance, DL applied to manufacturing Industry 4.0 technology will
have an impact at various levels of aggregation in the printing manufacturing value chain:

1. DL at a shopfloor level shall impact quality, reliability and cost.

At the shopfloor level, this thesis has shown an example of how DL increases the effective-
ness and efficiency of process control aimed at achieving better quality (e.g., withOQC) and
lower costs, allowing self-correction of processes by means of shorter and more accurate
quality feedback loops. This intelligence integrated in the value streams will allow many
humans and machines to co-exist in a way in which artificial intelligence will complement
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in many aspects. In the future, significant challenges will still be encountered in the gener-
ation and collection of data from the shopfloor.

2. DL at a supply chain level shall impact lead time and on-time delivery.

At a higher level of supply chain, producing only what the customer needs, when it needs it,
in the required quality, the integration of DL technology will allow not only the systematic
improvement of complex value chains, but a better use and exploitation of resources, thus
reducing the environmental impact of industrial processes 4.0.

3. DL at a strategic level shall impact sustainable growth.

At a more strategic level, customers and suppliers will be able to reach new levels of trans-
parency and traceability on the quality and efficiency of the processes, which will generate
newbusiness opportunities for both, generating newproducts and services and cooperation
opportunities in a cyber–physical environment. In a world of limited resources, increasing
business volume can only be achieved by increasing the depth of integrated intelligence
capable of successfully handling the emerging complexity in value streams.

To summarize, despite the ”black box problem” and the challenge to have enough information and
labeled data available for learning, DL will probably conquer in the field of machine vision, one
country after another, and will act in the background without the user being aware of it. The role
that DL will play in the creation of cyber–physical systems will be adopted from a strategic point
of view, in which business leaders will tend to think of deep architectures as possible solutions to
problems.



5. Order entry in the printing

industry 4.0

The goal of this chapter is to demonstrate how algorithms and data can be used to reduce the
complexity of the customer-manufacturer interaction. This is done by implementing a novel
semi–automized job entry application for the printing industry. This tool has been developed
for rotogravure manufacturing, but can easily be adapted to other printing tools. It should turn a
tedious and complex process into an easy–to–use process, by combining the insights of domain
knowledge and data with the intent of turning these into usable algorithms.

Within the Industry 4.0 framework (Figure 5.1), this deals with two points. On the program level,
this needs to take the technical level of the implementation, as well as the human using it, and the
interaction between those two, into account. On a broader level, this has a substantial influence on
the organization and supply chain of the business, by opening up completely new paths for busi-
ness models. Through this implementation, the digitalization and processing from information
to knowledge to value can be generated.

An algorithmization of knowledge offers many benefits. With no further cost, it can be made
available worldwide. This opens a wide area for commercialising the software, as wide parts are
applicable for the whole printing industry and not only for rotogravure printing. Through this
implementation, the wide opportunities that exist through digitalization in all industries today
are demonstrated. Even though the printing industry is considered more conservative towards
change and disadvantaged by digitalization, there also exist ways to benefit from the upcoming
developments. A negligent focus can hinder growth and create a dependence on the forerunners
of this revolution that can even come from outside the industry.

Although in some cases solutions for parts of the substeps exist in the literature, no complete



5 Order entry in the printing industry 4.0 86

Figure 5.1: Industry 4.0 framework with the main points of this chapter. The graphic is based on
the work in [86].

concept nor a published tool in the industry exists to tackle this challenge. Through the whole
process, different knowledge from multiple areas is needed. With machine learning, information
can be extracted from the available data. Color science opens upways tomanipulate and optimize
the colors during the printing process, while the domain knowledge of the printing and prepress
process is necessary to understand the context and to mimic the manual processes that are done
today.

All steps needed for a job entry are described in Section 5.1. In the following sections, the solutions
are developed and explained. For the steps where solutions in the literature have been mentioned,
these are described andput into the context of the developed solution. Where possible, a validation
of the data is included. This is further highlighted in chapter 6, where a conclusion is drawn and
an outlook is given, how these results can be used from a business perspective. Furthermore,
additional features are discussed that can further improve the usefulness of this application.
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5.1 Overview of the required steps
To set up an order in an automatic way, a series of steps are needed. These build on each other,
as some information from the previous steps is needed to complete the next. An automation of
these steps is desired. Due to the sometimes hidden nature of reasoning in some aspects, some
steps can only give results that are good enough but do not completely align with the needs of
the user. Therefore, optimal results can only be achieved if the optimal choice in each step is
confirmed or adapted by the user.

In the following, the needed steps are listed. These were captured by assessing the steps taken
in the manual process. Adjusting these for the automatic process, and in the final step, sorting
these by analyzing the dependencies of the information that is necessary for each step. A short
description of the step is given in the following summary. A graphical representation of the steps
can be seen in Figure 5.2. The solutions for the steps are described in the next sections.

0. Check format

• It needs to be ensured that the file is readable and in the correct format for the pro-
cessing in the following steps

• Problems can arise when an incompatible or too old version of the software was used
to prepare the file

1. Find and set the Region Of Interest (ROI)

• The files aren’t designed for automated processing and hold further information in-
tended to be read by an operator

• For further processing, the region of the actual object intended to print is needed and
all other information can be ignored

2. Detect and set optimal ink sequence

• The order of the printing colors has a huge influence on the printed outcome

• Different colors can form and printing errors can get hidden by a later printing color

• The expectedoutcome is heavily dependent on theneeds andpreferences of the printer

3. Detect print risks

• Even though modern printing machines have a very high accuracy and technical sup-
port systems, a misalignment of colors can happen
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• This affects elements that are created by multiple colors or border a different color

• These areas need to be identified, as a data adaptation in these areas can diminish the
effects

4. Optimize print elements

• The areas detected in the previous step are analyzed for an optimal solution

• As a misalignment of the separate colors printing is a common problem since the in-
vention of printing, multiple techniques have been developed to minimize the impact
on the final print result by changing the image data

• The choices are dependent on the elements affected, but can also be dependent on the
personal preferences

5. Determine the optimal production parameters

• Through different printing parameters, different results can be achieved

• The required results depend on the image data and the interplay between all colors
used for a print

• A general rule is to prevent a Moiré pattern of halftone colors printing on top of each
other by choosing suitable parameters that have a very low chance of producing a
Moiré pattern

5.2 Detecting the region of interest
The incoming file not only holds the information from the packaging but also additional informa-
tion. An example of the complete file and the region of interest can be seen in Figure 5.3. Only
the part in the region of interest is later used for printing. The additional information can be use-
ful for an operator or to understand the context, but is unhelpful in the automatic analysis of the
print. If elements are considered that will not be in the final print, this would change the results
and lead to an undesirable outcome. Therefore, it is important to identify this area.

Although the task of finding the region of interest in the incoming file can be placed in the same
realm as object boundary detection[258], there are some points that differentiate it from the gen-
eral usage. Most object boundary detection algorithms in the literature are used to detect objects
in photographs or other complex images. This makes the detection of boundaries very challeng-
ing. For the incoming files, the conditions are a lot easier. A certain level of distinction is always



5.2 Detecting the region of interest 89

Figure 5.2: Proposed workflow for a semi-automized job entry process.
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Figure 5.3: Example packaging with the ROI marked in red.

given and the borders are defined in a clearer way. As it is necessary to use the boundaries in the
manual processing of the file, also certain standards have developed to help this process.

Aswithmany following points, the difficulty lays in the fact that no standard exists, that is followed
by all. Different technical options exist to mark the actual print in the file. These often are not
used or sometimes used in a way that it was not intended for. For this reason, better results can be
achieved by analyzing the image data. Depending on the data, two variants exist that are further
analyzed in the next part.

These have some advantages towards the neural-network-based approach. As no training needs
to occur, a lot of computational resources can be saved. It also does not require a clean, labeled
dataset. Furthermore, by using simple rules, these can be communicated and understood by the
user. This prevents many unexpected results that could be shown. Still, it requires that a high
enough accuracy can be achieved with this method.

ROI detection using technical drawing
Themost standardizedway to identify the region of interest is through a separationwhich is often
named cutter, technical drawing or simply td. This doesn’t always exist, but is often used to show
the outline of the print. An example can be seen in Figure 5.4.

The separation does not just hold the outline, but often further elements from the legend that are
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Figure 5.4: A technical drawing separation containing the outlines of a packaging.

far smaller. By identifying the biggest outline, the area can be identified that holds the print. In
the example case where two big elements exist that have similar dimensions, both outlines need
to be combined. This offers a high chance of selecting the correct ROI, but can be combined with
the following general detection to further increase the accuracy.

General ROI detection
The possibility of using the technical drawing separation to identify the ROI is not always given,
as this separation does not always exist. In these cases, it is necessary to find a set of general rules
that can help the process. As each customer has different standards, it is important to find those
that apply to all.

In this context, it is important to identify the properties that are expected to have the biggest
contrast. To a large extent, legends contain text and an outline. The print, on the other hand, can
be expected to have a continuous area with multiple layers and varying colors. By combining the
features that can be calculated from these properties, a high chance can be assured that the correct
ROI is identified.

The most promising feature is that the values of the elements printed in general have a wide range
of colors that will be printed. This can, for example, bemeasured by first adding all separations, as
seen in Figure 5.5. Although these do not contain any color, most information is still pertained. A
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Figure 5.5: The values of all separations added up and scaled to the maximum viewing range.

high variation of values should be expected for the print, whereas the legends have less variation
through the main use of full tones. For every found contour, the number of unique values can be
measured.

A second possible feature is the amount of ink used. This can be calculated by summing the val-
ues for every separation and for every contour found in the file. High values should be found in
the actual print, whereas the other elements in general should have less surface covered by the
different inks.

The area of the contour can also play a role in determining theROI. The contour area is the number
of pixels found within the contour. In general, the area of the print should be bigger than that of
the legend.

It is also possible to combine the values calculated to get a fuller picture of the contours. The
received values can have a wide range, depending on the category. To combine the values, the
range needs to be reduced. This can be done through a normalization of the values. By dividing the
value through the maximum possible value in the image, a value in a range from 0 to 1 is achieved.
Different ways of combining the values and different factors for each category are possible. A
multiplication of the values would make a very low value have a big influence on the outcome,
whereas a sum of the values could offer a more balanced result.

Verification of the results
To verify the results, these need to be compared with the ground truth. As no clean labeled dataset
exists, a random sample set of 50 jobswas rated by an expert. To check the accuracy of the features,
the results of each and the combinationwere calculated. For the combination, all three valueswere
multiplied with the same priority. The results can be seen in Table 5.1.
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Table 5.1: Overview of the results from the ROI detection features for 50 random samples.

ROI detection accuracy
Feature Accuracy
Variation 0.86
Sum 0.92
Area 0.78
Combined 0.88

For all variations, the correct ROI was found for at least three quarters of the jobs. The lowest
accuracy of 78% is achieved for the detection only based on the area of the single contours. Using
the variation of pixel values as an indicator, a noticeably higher accuracy of 86% could be achieved.
The highest accuracy of 92% is achieved with the sum of all pixel values. Not always is it possible
to use the found contours as a basis, as the parts of a packaging can in rare cases be separated. The
used combination achieves a slightly lower accuracy of 88%.

In a closer analysis of the individual results, the optimal combination of values depends on the
customer. During the creation of the data, they follow different norms affecting the outcome. If
one customer expects a wide range of information, the legend is created in a larger area. This can
be used by adapting the factors for calculating the optimal ROI detection and therefore achieving
an even higher accuracy. Still, already with these results, a high enough accuracy can be achieved
to process the next steps.

5.3 Detecting the optimal ink sequence
The ink sequence influences the outcome of the final print in multiple ways. Different require-
ments assume different ink sequence orders. There is no optimal ink sequence that fits all the
needs [259]. It has been shown that the later printing color is more dominant in the end result,
which can also be simulated with the known spectra of the paper and the inks [260]. With this,
the color gamut changes depending on the selected printing order and Moiré-like patterns can be
amplified or attenuated [261]. Therefore, the optimal sequence needs to be learned from previous
jobs, to offer the correct ink order to each customer.

Identifying identical colors
As the knowledge of the optimal ink sequence can only be gained fromprevious jobs, it is necessary
to identify identical colors. The challenge lays in the fact that the names given are not taken from
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Figure 5.6: Overview of the used color names

a predefined list. The entry is a free-text field and the same color can have different names from
different languages or spelling mistakes. Still, it can be expected that a high repetition of color
names exists. This allows two entry points in the form of the color name and color information
as Red Green Blue (RGB)-values.

To verify if this approach can work, it is necessary to analyze the distribution of color names. For
this, 17.500 color names from a random selection of jobs received from the customer were col-
lected. Of these, 2.108 are unique color names. The distribution of the 25 most common color
names is displayed in Figure 5.6. The four primary colors for printing with Cyan, Magenta, Yel-
low, Black (CMYK) already combine 33% of the total color names. The displayed 25 most com-
mon color names combine 45% of the total color names and the 100 most common color names
combine 63% of the total.

This shows that a certain standardization is present, but also a high chance exists that an unknown
color name can be used. For this reason, it is advisable to expand these results through the use of
the RGB-value of the color. Although there is also no clear standard for giving specific values for
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a defined color, the format limits the possible colors to 256 ∗ 256 ∗ 256 = 16.777.216 possible
color values. As this is also still a too extensive list, it needs to be reduced.

This could be done by binning multiple values to one. A binning of 4 separate values to one would
reduce the scope to 64 ∗ 64 ∗ 64 = 262.144 possible color values. Even with this, it is unlikely
that sufficient information can be collected for all query values. Therefore, it is possible to use a
selection of predefined colors, such as the Pantone colors.

To ensure these colors are close enough to all possible values, an examination is necessary. For the
test, 10.000 random RGB values were used. The closest color from the list of CMYK and Pantone
colors was searched for each RGB value. From this match, the Delta E value was calculated.

The distribution of these values is visible in Figure 5.7. The mean distance between these values
is 3.2, which is above the just noticeable difference, but still a very close match.

To visualize this difference, one example of an RGB value (Figure 5.8) with a Delta E of 9.71 to the
found color (Figure 5.9) are shown. By analyzing the outliers with a high Delta E value, it appears
that the majority have a very high green or blue tone. This can be explained by the fact that the
extreme green and blue tones are outside of the possible color space that can be printed. Therefore,
there are no standardized print colors close to the RGB values. Taking this into consideration, it
should be possible to use the closest CMYK or Pantone color to put the given RGB values into the
context of a color name.

Calculating the optimal ink sequence
To learn the optimal ink sequence, different algorithms can be applied. A neural-network based
approach could be possible. Similar to the other tasks, this has some disadvantages in the trace-
ability of the decision-making process. Therefore, in the following, three algorithms are tested
that use the information of the color names.

The simplest algorithm identifies the average relative position the color has in the training data
with a value from 0 to 1. 0 means it always had the first position when it occurred in the sequence
and 1 the last. With the information from all included colors, a sorted sequence can be generated
by the relative positions of each color in the training set. It plays on the fact that the previous
positions are a good indicator of the new order. In addition, every color that has been used before
has this information and can be placed within the order. If, for example, a job with black, red, and
white is the starting point, the average positions of black, red, and white in previous jobs are taken.
Through the received values, an ordering of the inks can occur. There are also disadvantages, as
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Figure 5.7: Plot of the distribution fromDelta E values of 10.000 randomRGB-values to its closest
CMYK or Pantone color.

Figure 5.8: Random color that has
a Delta E of 9.71 to the closest Pan-
tone/CMYK color.

Figure 5.9: Nearest color found for Fig-
ure 5.8 in the form of the Pantone 802
C.
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the relative position of a color can vary depending on the other colors present in the job.

Amore complex version uses the order of two colors. By learning these, the focus is on the relation
between two colors and not the general position of a color. This limits the possible results to color
combinations that have been used before, but could improve the results. There are different ways
how to interpret the results from this. The simplest checks the first position, where the following
color is usually printed after the color that is being placed. If, for example, a job with black, red,
and white is the starting point, the simplest check would first check the ordering of black and red,
and after this, the order between white and black, as well as white and red.

For the full interaction of all included colors, it is also possible to find the information from pre-
vious jobs that used the same set of colors. If, for example, a job with black, red, and white is the
starting point, all jobs that also have these colors can be searched. If one or more previous orders
are found with this selection of colors, the one found in the majority of cases is used. This further
limits the possible rate of finding any information but can give a higher accuracy, as the interac-
tions of all colors were taken into account. Even though the same set of colors was used, it does
not guarantee the correct sequence, as differences can exist.

Verification of the results
The rating of the result depends on the desired outcome. All will try to optimize for a perfect
sort, but all deviations from the optimal can be more or less worse for further processing. For an
expected outcome of 1.Cyan, 2.Magenta, 3.Yellow, 4.Black, the optimal result is the same. How-
ever, if a result of 1.Black, 2.Cyan, 3.Magenta, 4.Yellow is preferred to 1.Magenta, 2.Cyan, 3.Black,
4.Yellow, depends on the cost of the resulting outcome. If the deviations from the optimal are all
bad without differentiation, every job that deviates from the optimal is considered an error, and
these can be counted. If the sequence can be changed manually afterwards, it is advisable to count
the minimum steps that would be needed to get the optimal sequence. A more general approach,
which measures the distance from the original, sums up the difference between the actual and
expected position.

𝑥
∑
𝑛=1

|𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑𝑛 − 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑎𝑐𝑡𝑢𝑎𝑙𝑛| (5.1)

For the examples, the results were calculated with different versions. For the single separation
identification, the two-color comparison (if not possible for every layer, information from the
single separation is used), the full sequence comparison (if not possible for every layer, information
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from the two-color comparison is used) and a random shuffle for comparison were calculated. As
error rates, the general approach and a binary approach, where the correctness for every set and
for single separations are checked, were chosen.

To train and test the optimal algorithm for the ink sequence, the information from69.000 jobswith
a total of 475.000 separations was used. It contains the position used in the final ink sequence,
the color name, and further production parameters. An important categorization can be done
through a so-called proof profile id that exists for every job. Through these, specific preferences
like the CMYK sequence and further information, for example, if it is a fine print or reverse print,
are defined. This data set was split into a training set containing 80% and a test set containing the
remaining 20% of the data. The results were rated by different evaluation methods.

Table 5.2: Overview of the results from the automatic ink sequence detection algorithms

Automatic ink sequence accuracy and error rate
Algorithm / Evaluation Average

share
everything
correct

Average
share
separations
correct

Average
position
distances

Shuffle 0.020 0.181 16.008
Relative previous position
(General)

0.245 0.562 6.228

Relative previous position
(Grouped)

0.476 0.729 3.611

Two color comparison
(General)

0.046 0.231 14.788

Two color comparison
(Grouped)

0.047 0.231 14.825

Full sequence
(General)

0.832 0.905 1.132

Full sequence
(Grouped)

0.886 0.936 0.791

The results are shown in Table 5.2. As expected, the accuracy of the shuffle is very low and serves
as a reference for the other algorithms. Only 2% of the orders had the correct ink sequence and
18% of the separations were matched to the right position. The average position distance lays at
16. These results depend on the average number of separations in an order and would be better if
fewer separations in a job exist and worse if more separations in a job exist.

The relative previous position, which is not grouped, already shows a substantial improvement.
Already 24% of the sets have a correct ordering of the separations and 56% of the separations hold
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the right position. The decrease of the average position distance is also extensive, as it drops to
around 6. This is a lot better than the random shuffle but also hints that a lot of the sequences are
far away from the optimal based on the still relatively high average position distance. The cause
can be that the results of fine and reverse print are mixed up in the average. This is confirmed
by looking at some often used colors and its distribution of values. White has an average value of
0.52. However, most values are either very lowor very high. A std of 0.4 strengthens this suspicion.
This should improve a lot through the grouping based on the proof profile id, as fine and reverse
print do not use the same id.

As expected, the results based on a grouping of the proof profile id, improve by a lot. The relative
previous position reaches an accuracy of 47%, where the ink sequence for the job was predicted
correctly. Furthermore, the average share of correct separations increases to 72%. These results
show that a large portion of this gain can be traced back to the categorization of the fine and
reverse print. However, also the different preferences of the printers play into this. All in all,
these results show that a relatively stable average position within a sequence exists for colors, but
further context is needed to improve these results.

The two-color comparison algorithm, on the contrary, only shows slightly better results than a
random ordering. This can probably be traced back to the naive implementation of the algorithm.
The positions are set in an iterative way, where the position of the new color is set by finding the
first position, where the following color has been set afterwards to average in the training set. An
increase in accuracy can be expected if the relationships between them are analysed in more detail
to create a better balance between the results. Still, this algorithmdoes not showpromising results
for the requirements and is not further analyzed.

In contrast, the full sequence search shows remarkable results. The general implementation reaches
83% of correctly identified sequences. In total, 90% of the separations had the correct position and
the average position difference dropped to 1.132. These results also show that specific sets of col-
ors are probably used just for fine or reverse print, as the results for the general implementation
would have been much lower if the same set of colors is normally printed in either way. A portion
of the results can also be expected to be examples where the found sequence belongs to the same
job that has been printed before. As different possible results exist for a set of colors, a further
increase in accuracy can be expected for the grouped version of this search.

As expected, the grouped implementation of the full sequence search further improves on the
results of the full sequence search. A total of 88% of all sequences from the test jobswere identified
correctly. Of the separations, 93% received the correct positions and the average position distance
dropped to 0.791. This means that on average, for every job, less than one separation would have
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to be moved by one position to achieve the optimal sequence.

The only downside to the full sequence search is that this method could not be used for all data. In
the general implementation 82.5% and for the grouped implementation, 79% of the tests jobs had
the corresponding color set available in the training set. This share of jobs can be increased further
by using longer periods of data as training. For the rest, the results from other methods need to be
used. To gain the highest accuracy, a first check is done in the grouped full sequence archive. If it
does not exist there, the general archive canbe searched. For the rest, the grouped relative previous
position can be used to get the sequence. Taking this into account, the final accuracy of the order
being correct for all separations can be calculated at0.79∗0.886+0.035∗0.832+0.175∗0.476 =
0.81236 or 81%.

5.4 Detecting print risks
As discussed in Section 2.2, the possible misregistration can have unfavourable effects in some
parts of the image and should therefore be found. These identified areas can be changed in the
image data. If possible, these changes can be made with no visible differences to the intended
outcome. In many cases, this is not possible, and a decision needs to be made which outcome is
preferred. This decision-making process is further analyzed in section 5.5.

Image processing based risk area detection
To find these areas, it is important to understand how these develop, and which forms can exist.
As discussed in Section 2.2, these effects occur when the printing tools do not align completely.
This movement can occur in all directions and the effects are seen at the edge of elements printed
with more than one color or if two colors border each other.

In image processing terms, all possible movements can be mapped by the difference of a dilation
and erosion of the image. For a single separation, this can be seen in Figure 5.10. The size of the
erosion and dilation depend on the expected strength of misregistration during printing. Larger
possible misregistrations need larger erosion and dilation than those with a smaller misregistra-
tion.

Not all of these visible areas have the same negative effect for the human viewing the print. For
bigger elements, the misregistration does not have such a large impact, as a big share of the ele-
ments are still being printed as expected. Smaller elements, on the other hand, can already lose its
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Figure 5.10: Difference between erosion
and dilation from single separation.

Figure 5.11: Blurred version of Figure 5.10,
highlighting areas with a bigger impact.

outline if a smaller misregistration affects these elements. In that case, it would be very hard to
identify or read those elements, which lowers the quality in a significant way.

In addition, not all movements and resulting misregistrations have the same probability. The
chances of a small movement are much higher. To combine and apply these conditions to the
initial image, a simple blurring of the area is possible, as seen in Figure 5.11. If the elements are
smaller and closer to each other, the results are higher than for bigger elements. This is also the
case for regions showing smaller misregistration movements. Still, this area itself is not prone to
errors because of misregistration.

Negative effects can only occur if this area overlaps with the same area of another separation, as it
is the case in the example of the cyan and yellow separations. If no overlapping occurs, such as is
the case for a single color separation not sharing a border with any other separation, no risk exists.
Through image processing, this behavior can, for example, be generated by using the minimum of
two separations. Borders with half-tones create less negative results than those with a full-tone.
Some separations can also diminish these risks.

If a very dark or opaque color is printed on top of that area, this can overprint any area affected by
misregistration. Moreover, the misregistration needs to be taken into account, so only an eroded
version of this dark separation can delete the area where it is printed on top. By applying this,
a map is produced that shows all areas of the print that are at risk of producing undesirable re-
sults during misregistration. An example of this can be seen in Figure 5.12, where these areas are
marked in red.

Verification of the risk area detection
The verification of the results can be done in multiple ways. The main goal is to verify that the
detected areas actually are at risk of producing unwanted results in the case of misregistration. A
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Figure 5.12: All areas in the print are marked in red that can produce undesirable results, if a
misregistration takes place.

direct way would be to create a large sample of prints with the analyzed data and compare the
areas with the printed results. This is a very cost-intensive process and would require a lot of
samples to receive representative results. Therefore, other alternatives are needed.

An alternative is the comparison between the customer and reproduction data. As a part of the
job of the reproduction employee is to reduce the risks through misregistration, a noticeable dif-
ference should be expected for both, if the procedure is correct. This can show that the detected
areas were specifically changed. It should be noted that the quality and outcome can vary depend-
ing on the supplier of the data. Printable data can already be available from the customer. Still, in
a large enough sample, a large difference should be detectable.

For this verification process, a random selection of the customer and the reproduction data of
100 jobs were chosen. For each job, a rating was calculated. This rating is based on the severity
and spread of the area under risk of the misregistration. A higher score would mean a higher risk
during printing.

The results show a noticeable difference between the customer and reproduction data. They are
visualized in Figure 5.13. For the customer data, the mean data affected by the misregistration is
1%. The reproduction data shows less than a quarter of this value with an average of only 0.26%.
This is a clear indicator that is not only produced by a few outliers, as can be seen in the chart, but
a larger average difference. Although there are also some customer jobs with no or a very low area
at risk of misregistration, which can be explained by the jobs that have already been prepared to
be print-ready.



5.5 Optimizing the print elements 103

Figure 5.13: The extended area that could be affected by a misregistration was analyzed for 100
examples of each the customer data and the reproduction data.

5.5 Optimizing the print elements
Over the years, different techniques have been developed to lessen the impact of misregistration
on the final outcome. For the job entry, it is important to know if more or fewer separations are
used for printing. If applied correctly, both can reduce the impact of misregistration and still keep
the intended output as close as possible.

To calculate this, certain prerequisites must be met. First, it must be possible to simulate a print
with the given data. Otherwise, the results cannot be rated. Second, based on these possibilities,
the advantages and disadvantages of the different methods need to be calculated. Finally, the best
separation selection can be determined.

Simulating a print outcome of multiple colors
From the entry data, only approximated RGB values for the separations are available during the
job entry process. The separation data is only available as a greyscale image. Exact results of the
colored version are difficult to simulate, as these depend onmany parameters. This would require
color management with the used inks.
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Therefore, the available RGB values for every separation need to be utilized. These are set to give
a visual impression of the color used. It is representative for the full tone color, but does not define
the color values of the half-tones in the image. Therefore, these first need to be calculated.

Given the RGB-value, different ways exist to calculate the half-tone RGB-values. These different
algorithms can also be seen in the different output of PDF viewers. Even though the same data is
used, this can be represented in different ways. As not all parameters are defined, no ground truth
can be used to compare the results, but the visual perception should be close enough to deliver
meaningful results.

For the calculation of the halftone values, a linear calculation was chosen. Based on the greyscale
images of the separations, the luminance value 𝑙 of the halftone and the RGB-values of the defined
color are interpolated. First, the brightness values are inverted for it to color the darkest values
the most. These values are multiplied with the adapted and inverted future R, G, or B value of the
fulltone. Finally, the image is inverted again to receive the original intensity:

𝑟ℎ𝑎𝑙𝑓𝑡𝑜𝑛𝑒𝑣𝑎𝑙𝑢𝑒 = 255 − (255 − 𝑙ℎ𝑎𝑙𝑓𝑡𝑜𝑛𝑒𝑣𝑎𝑙𝑢𝑒) ∗ (1 − 𝑟𝑓𝑢𝑙𝑙𝑡𝑜𝑛𝑒/255)), 0 ≤ 𝑟 ≤ 255 (5.2)

𝑔ℎ𝑎𝑙𝑓𝑡𝑜𝑛𝑒𝑣𝑎𝑙𝑢𝑒 = 255 − (255 − 𝑙ℎ𝑎𝑙𝑓𝑡𝑜𝑛𝑒𝑣𝑎𝑙𝑢𝑒) ∗ (1 − 𝑔𝑓𝑢𝑙𝑙𝑡𝑜𝑛𝑒/255)), 0 ≤ 𝑔 ≤ 255 (5.3)

𝑏ℎ𝑎𝑙𝑓𝑡𝑜𝑛𝑒𝑣𝑎𝑙𝑢𝑒 = 255 − (255 − 𝑙ℎ𝑎𝑙𝑓𝑡𝑜𝑛𝑒𝑣𝑎𝑙𝑢𝑒) ∗ (1 − 𝑏𝑓𝑢𝑙𝑙𝑡𝑜𝑛𝑒/255)), 0 ≤ 𝑏 ≤ 255 (5.4)

The combination of the colored separations can be done through a multiplication of the RGB-
values [262]:

𝑟𝑛𝑒𝑤 = 𝑟1 ∗ 𝑟2
255 , 0 ≤ 𝑟 ≤ 255 (5.5)

𝑔𝑛𝑒𝑤 = 𝑔1 ∗ 𝑔2
255 , 0 ≤ 𝑔 ≤ 255 (5.6)

𝑏𝑛𝑒𝑤 = 𝑏1 ∗ 𝑏2
255 , 0 ≤ 𝑏 ≤ 255 (5.7)

Verification of the simulated print outcome
Although smaller differences cannot be prevented and will not limit the effectiveness of the al-
gorithm, the restrictions need to be known. To test the applicability of this approach, different
color combinations were printed with a cyan, magenta, yellow, and black separation and a digital
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Figure 5.14: Printed color chart with the
four separationsCyan,Magenta, Yellow and
Black.

Figure 5.15: Digital composite created with
the CMYK separations used to print Fig-
ure 5.14.

composite was created. The results of the scanned print are visible in Figure 5.14. It should be
noted that the process of scanning already changes the color values in a significant way, as the val-
ues from the print are converted to RGB. For comparison, the digital composite was also created
using the color separations and the mentioned procedure. It is shown in Figure 5.15.

The first impression is that the digital composite has more vivid colors, which in part is due to
the fact that the RGB space can create more extreme colors than through a mix of cyan, magenta,
yellow and black. To highlight the differences, the absolute difference of both print and digital
can be seen in Figure 5.16. Noticeable differences to the print can be found in some green and
brown tones. These are, on average, brighter in the print. This might be caused by the effects of
half-toning. Still, the results on average are close and can be used to determine the influence of
the options for trapping, which has been described in Section 2.2.

With a closer inspection through the Delta E values between the simulation and print, a better
understanding of these differences can be gained. It should be noted that these results are limited
by the fact that the RGB values can only be approximated towards the L*a*b values, but it still
gives a better understanding of the differences. The histogram of the Delta E values can be seen
in Figure 5.17. With a mean value of 7.8, small but noticeable differences between the colors can
be seen on average. Only a few values go higher than 15, with the maximum reaching 20.

Based on the limits of the available information, the results are satisfying for the further process.
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Figure 5.16: Difference between the print (5.14) and the digital composite (5.15) of the fourCMYK
separations.

Figure 5.17: For every color in Figure 5.15, theDelta E value towards the color value in Figure 5.14
was calculated.
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It does not have the claim of being an appropriate solution for color proofing [263], but it does
not have to for the task. The distribution is close to a Rayleigh distribution, which suggests that
outliers should not be expected within smaller areas of the color space, but in a broader space.
This is also seen in the images, where specific tones such as green and brown show the biggest
differences. Therefore, these results can be used as the basis for further calculations.

Reducing separations used
The first step should be the reduction of the amount of different inks used to print the elements.
In the best case, this makes the use of one or more printing tools redundant. In all cases where
it can be applied, it reduces the risk of unwanted effects caused by misregistration. Granted, the
color is not substituted by more colors, such as replacing a black through the three colors cyan,
magenta, and yellow. As a downside, the modification can only be done by changing the color to
some degree. However, these differences do not have to be noticeable.

To find close colors that can be used as a substitute, a method needs to be developed for the search.
The first step is to define the search space. In theory, this could be a N-dimensional space created
by the number of inks used (N) holding all possible combinations of the different tones of the inks.
In practice, most cases are limited to the color space created by the CMYK colors. This is due to
the fact that the overprinting effects are even more complex than the mixing of colors. Printing
tests to determine the exact interaction under specific conditions are only done for the basic colors
cyan, magenta, yellow, and black. For these, the possible colors created by the combinations need
to be known.

Based on the methods derived in Section 5.5, the possible colors can be generated. To reduce
the amount of possible colors, 5% steps for the colors were chosen. This still offers a high enough
accuracy to determine if a color can be substituted by a different color combination, but lowers the
amount of possible color points from 2564 = 4, 294, 967, 296 combinations to 214 = 194, 481.
This is a factor of roughly 22, 000 less, which is very noticeable in time and resource use. The
colors create a space of possible alternative colors.

Using all CMYK colors, this is a four-dimensional space. The color space created through the
combination of cyan and magenta can be seen in Figure 5.18. The results of a combination of
cyan and yellow are visible in Figure 5.19. All possible colors are displayed in Figure 5.34. This is
each time the search space.

The search needs to be divided into two steps. A first global search should determine if the print
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Figure 5.18: All possible colors that can be
generatedwith the combination of cyan and
magenta.

Figure 5.19: All possible colors that can be
generatedwith the combination of cyan and
yellow.

can be produced with fewer inks. If this is possible, this is going to be the first rule for the local
search for the elements. If it is not possible, the local search is only based on the usage of fewer
colors and a low Delta E value to the intended color.

All variants carry out the search by finding the nearest neighbor in the selected search space. If
the closest representation using CMY is searched, only the values with no black can be part of
the library. The search for the Euclidean distance is based on the 1976 version of the Delta E
calculation. Slight differences can be expected towards the more accurate 2000 version when the
values are further apart, but these differences are not relevant to the result and offer an improved
speed.

In the first global step, all combinations are selectedwhere one separation is removed. On the basis
of applying this to the CMYK separations, four possible combinations are possible. CMY, CMK,
CYK and MYK. A special evaluation of the CMY combination needs to be taken into account.

In theory, no print would need an extra black channel if cyan, magenta, and yellow are already
available, as it would also be possible to create a black color through the mixture of cyan, magenta,
and yellow, but in practice, this results in difficulties. For comparison, the same gradient and gray-
wedge was printed by the color black (Figure 5.20 and through the combination of cyan, magenta,
and yellow (Figure 5.21) on the same substrate. Already, a visual difference can be seen. Through
the measurement with a colorimeter, this is confirmed. The 100% tone created by the color black
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Figure 5.20: Gradient and graywedge printed with a black ink.

Figure 5.21: Gradient and graywedge printed with a combination of cyan, magenta and yellow in
the same ratio.

has a L*a*b value of (L=16.46, a=0.95, b=-1.28). The same tone in the CMY combination, on the
other hand, has a L*a*b value of (L=17.40, a=-1.45, b=-1.60), which signifies that the combination
of CMY is brighter and further from neutral than the black color. This can be traced back to the
spectral results of the color.

To receive an optimal black through the combination of cyan, magenta, and yellow, it would be
necessary to have the exact spectral components of which the combination is black. The actual
spectrum is a bit off from the optimal. This can, for example, be seen in the spectrum of the
yellow ink in Figure 2.4. The combination of the CMYK spectra results in a black that shows
higher reflectance in certain parts of the spectrum. Furthermore, the ink usage can be reduced to
a third in the black areas by only using the black ink instead of the combination of cyan, magenta,
and yellow. For these reasons, the reduction of the black separation should only be considered if
no noticeable areas exist that neither have neutral grey tones nor very dark tones.

The results have been calculated on an example image. The original RGB image can be seen in
Figure 5.22. By using all available CMYK values, the colors can all be simulated, as seen in Fig-
ure 5.23. Only some quantization effects in the sky are visible, due to the limited steps chosen for
the colors. This leads to a mean Delta E value of 1.09 for the image and a maximum difference of
5. Bigger differences are seen when fewer separations are used.

As the example image has many noticeable areas with very dark tones, only the CMK, CYK, and
MYK combinations need to be checked. The result of only using cyan, magenta, and black can be
seen in Figure 5.25. Large parts of the image look very similar, but the differences in the leaves
are very noticeable. These differences are further confirmed by the Delta E values towards the
original image. Only the areas with leaves are visible in Figure 5.26. The average Delta E value is
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Figure 5.22: Original RGB-image. No quan-
tization effects are visible in the sky.

Figure 5.23: Generated CMYK image based
on Figure 5.22.

Figure 5.24: CMYK channels used to create the best CMYK fit in Figure 5.23.

8.5, with a standard deviation of 9.4. The maximum value even reaches 71. This makes the CMK
combination a nonviable option.

A much closer result can be achieved by using only cyan, yellow, and black and leaving out the
magenta separation. The result in Figure 5.28 comes very close to the original. In the Delta E
image, seen in Figure 5.29, only small differences are seen in the sky. The averageDelta E value for
the complete image only lays by 3.8 and a standard deviation of 2.7, while the maximum reaches
a value of 16. Meaning that color differences towards the original are visible, but in general only
through a direct comparison. All in all, this would be an example, where it would be possible to
print the image without the magenta separation.

If one or more combinations exist, where the results are still very close to the original, a reduction
of the separations used is possible. In the case of two or more combinations, a next level search
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Figure 5.25: CMK image based on Fig-
ure 5.22. Large parts of the image can be
simulated, but the green from the trees can’t
be displayed.

Figure 5.26: Delta E values between Fig-
ure 5.22 and the CMK based simulation
(Figure 5.25) colorized by the viridis color
map [264].

Figure 5.27: CMYK channels used to create the best CMK fit in Figure 5.25.

can be started. If, for example, both combinations of CMK and CYK show only small deviations
from the original image, it is also advisable to check if the image can already be created by only
cyan and black. In this way, only the necessary calculations need to be done.

This could be repeated up until a single separation, if again, two ormore combinationswere found.
For the example selected, only the CMK combination gives acceptable results. Therefore, no fur-
ther checks need to be done. Still, to visualize the possible results, the original imagewas simulated
with the closest yellow color in Figure 5.31, which can only be used to guess the outline of the orig-
inal image and in no way can be used as a replacement. This is further exemplified through the
Delta E map seen in Figure 5.32, where only the brightest spots in the sky show lower Delta E val-
ues. The mean Delta E value reaches 133, with a standard deviation of 60 and a maximum value
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Figure 5.28: CYK image based on Fig-
ure 5.22. No bigger visual differences can
be found towards the original picture.

Figure 5.29: Delta E values between Fig-
ure 5.22 and the CYK based simulation (Fig-
ure 5.28) colorized by the viridis color map.

Figure 5.30: CMYK channels used to create the best CYK fit in Figure 5.28.

of 250.

The decision, which reduction is possible, cannot always just be based on the Delta E values. If
these are all below a certain threshold, such as the just-noticeable difference or even slightly higher,
the decision can be made in an automatic way. If it is higher than a certain threshold, it is certain
that it is not a possible replacement. In the cases in between, it is necessary to do a further analysis.

This decision needs to take more of the global visual impression into account. The easiest way
would be to let this difference be analyzed by an operator. Although differences between the op-
erators should be expected, this is also the case in the current operation. Amore complex approach
could do an automatic analysis of the differences by taking the known effects of the human visual
system into account. As an alternative, these could also be learned by a neural network, by offering
a wide class of rated examples.
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Figure 5.31: Yellow image based on Fig-
ure 5.22. No color except for yellow can be
simulated and the darker parts are the fur-
thest from the ground truth.

Figure 5.32: Delta E values between Fig-
ure 5.22 and the yellow based simulation
(Figure 5.31) colorized by the viridis color
map.

Figure 5.33: CMYK channels used to create the best Y fit in Figure 5.31.

Reducing separations used for the elements
The local search for the best color combination of the elements needs to take the results from the
global search into account. If a combination was found that uses fewer colors, only colors out of
these combinations can be used. This includes combinationswith even fewer colors. The function
can be demonstrated with an example.

The search is based on the algorithm developed in Section 5.5, but offers a higher accuracy. This is
done by further expanding the search space to all available values. Moreover, the CIE2000 version
is calculated to achieve a higher accuracy. These factors slow down the search but offer a more
comparable search.
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Figure 5.34: All simulated
possible colors that can be
created with a combination
of cyan, magenta, yellow and
black.

Figure 5.35: Query color and
the same color that can be
printed with 78% cyan, 69%
magenta, 7% yellow and 13%
black.

Figure 5.36: Closest color
to Figure 5.35 that can be
printed with only CMY
through 81% cyan, 72%
magenta, 16% yellow.

The search with a maximum Delta E value of 10 for the RGB-value (45, 51, 135) gives four differ-
ent CMYK variations. The exact color can be reproduced with the usage of all four colors and can
be seen in Figure 5.34. Both CMK (Figure 5.37) and CMY (Figure 5.36) can also be used to create
the same color with a Delta E value below 0.2. Only in the combination of CM is a small color
difference, with a Delta E of 4.68 noticeably. Although not a direct goal, it is also possible to find a
combination with the lowest ink applicationwithin the selected range of colors (Figure 5.39). The
ink application is calculated by adding all values of the applied inks. If, for example, two fulltone
inks are printed on top of each other, a 200% ink application is achieved. These results all allow a
possible color reduction and open up a wide range of possible further applications outside of the
job entry.

Calculating the applicability of using trapping
The optimal trapping is not necessary for job entry, but the knowledge, if an acceptable trapping
is possible, is needed to determine whether a new separation should be created. If the trapping of
all elements can be done with no visual artefacts, adding a new color to the printing process is not
needed. If the results are not sufficient, the advantages of using another ink in the production of
the print are heightened. Therefore, a rating of the applicability of the trapping is needed.

For the calculation, a distinction needs to be made between the two different types of trapping
applied. The elements that are created with more than one color and elements that border each
other. Elements that border each other, such as in Figure 5.40 and 5.41 do not lead to the usage
of a separate color. These can only be improved through trapping. Elements created with more



5.5 Optimizing the print elements 115

Figure 5.37: Closest color
to Figure 5.35 that can be
printed with only CMK
through 77% cyan, 66%
magenta and 22% black.

Figure 5.38: Closest color
to Figure 5.35 that can
be printed with only CM
through 83% cyan and 69%
magenta.

Figure 5.39: Color with the
lowest ink application of
135% in a close range to
Figure 5.35. The Delta E
value is below 10.

Figure 5.40: For bordering colors, a similar
brightness but very different colors can signif-
icantly reduce the applicability of trapping.

Figure 5.41: As the inside elements are
brighter, the inside elements are enlarged and
a outer boundary is created.

than one color, on the other hand, can be improved with the usage of a single color, especially if
the trapping results would be very noticeable.

The fact if a trapping result is noticeable or not is driven by two main factors. The created color
difference and the share of the element affected. The lower the created color difference and the
share of the element affected are, the higher the applicability of the trapping is. The interplay
between those factors can be investigated with a rating of examples.

In the experimental setting, a wide range of color combinations and strengths of trapping were
applied to a lettering. These were rated in the categories ”acceptable trapping” or ”unacceptable
trapping”. This line can be a bit blurry, as there are many examples that may be acceptable. In
Figure 5.42 and Figure 5.43, low Delta E values make the results acceptable. These are rather
improbable real-life examples, as it is rare that one of the colors already comes so close to the
intended color, but it sets the boundaries of which the applied trappings are acceptable.
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Figure 5.42: Only 12% of the area from the
elements are affected by the trapping and
the difference of the visible color to the com-
posite is quite low, with a Delta E of 10.

Figure 5.43: Though 54% of the area is
changed through the trapping, the Delta E
value of 7 of the intended color to the new
outline is low enough to not make it visible.

Figure 5.44: Only 12%of the area is changed
by the trapping, but the Delta E value is
quite high with 30, which still makes the
changes noticeable.

Figure 5.45: With 60% of the area affected
by the trapping and a big Delta E value of 23,
a big visual effect is noticeable at the border
of the two colorss.

An increase in the share of the element affected and the Delta E of the color visible towards the
intended color both decrease the acceptance of the trapping. Even the small trapping visible in
Figure 5.44 is noticeable enough that it is not acceptable, as theDelta E of 30 is very high. A slightly
lower Delta E, but a much larger share of the elements affected in Figure 5.45 further increase the
non-acceptability. This can also be seen in the data of the test.

The results of the ratings visualized in Figure 5.46, show that these factors are consistent with the
classification of the trappings on the example image. Only rare outliers can be found in between
the two groups. A straight line starting from (0, 45) to (45, 0) can be drawn to reach a high accu-
racy. This makes it necessary to incorporate both the share of the elements affected and the Delta
E value of the new visible color towards the intended color part in the calculation, if a trapping
can be applied in an acceptable manner.

Calculating the advantage of using a new color
Through the previous steps, all possible improvements were analyzed. Changes with a small dif-
ference that are not noticeable can be applied with no disadvantages. For the rest, there is a trade-
off through changes in the visual outcome. In the case of elements printed with multiple colors,
printing certain elements in a new separation with a new color can be an alternative.
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Figure 5.46: Examples with random changes in the severity of the trapping and the colors used
were rated by an expert, if these would be acceptable trapping results. Samples are found in Fig-
ure 5.42, 5.43, 5.44 and 5.44.

This also has disadvantages through added costs, but these can be outweighed by the improved
quality. The costs are mainly based on the printing process and the logistics. First, the additional
printing tool has production costs. Furthermore, the specific ink needs to be present, the interac-
tion of other colors and the paper needs to be known and the printing machine must handle the
load. However, the ink can also be saved when less total ink is used to create a specific color.

The starting point for the analysis is the risk area for the overlapping elements calculated in the
previous section. Only the exact colors present inside this area can be at risk through misregis-
tration. The higher the number of pixels with that color, the higher is the advantage of using the
separate color. If only lownumbers of pixels are foundwith that color, no advantage can be gained
from printing it through a separate printing tool. Therefore, only the colors with a high number
of misregistration pixels need to be further analyzed.

These colors are further analyzed. A mask can be created containing all relevant pixels for this
color. For the decision-making process, it is important to know if a trapping can be applied with
no noticeable visual artefacts. If this is not the case, a higher chance exists that a separate color is
chosen.

Only those with a large benefit need to be shown to the user. Based on the calculated values and
a visual inspection, the decision can be made. If no new color is chosen, the trapping needs to be
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applied. If a new color is chosen, this is not necessary anymore and an optimal outcome can be
achieved with the finalized reproduction images.

5.6 Determining the optimal production

parameters
Many parameters need to be set for each printing tool. The most influential parameters change
how the color will be printed. These parameters are necessary, as all images are screened. Screen-
ing creates a pattern of high frequency points that cannot be discerned anymore on the final print
from a standard viewing distance. For rotogravure cylinders, these are cells that in general are
created on a copper surface. Through the screening, it is possible to better control the amount of
color that will be printed and allow a combination of colors to be printed together.

A variety of parameters define the outcome of the screening. An example of a screening can be
seen in Figure 5.47. This was created with a 0 degree screen angle, which is the angle of the lines
created by the cells that are direct neighbors. As two lines with a 90 degree difference are created,
symmetric cells can only have screen angles in the range of 0 to 90 degrees, where the results from
0 and90degrees are equal. Different densities of the color have been created through varying sizes.
Depending on the production method, this can also be done by varying the depth of the cells.

In Figure 5.48, a 13 degree angle has been simulated. In addition, the frequency of the cells has
been increased. This can be created by decreasing the possible size of the cells or by decreasing
the cell wall. The cell wall is the space between the cells where no ink will be printed. They are
necessary to release the ink from the cells in a reproducible manner. It is possible to use different
combinations of these parameters.

Different production parameters of the printing tool affect the outcome of the final print. Many
sets of parameters are possible to achieve good results. Certain combinations can be useful to
achieve specific requests for the final image. Others can create unwanted effects in the print. For
this reason, the first step is to learn parameter sets that have been used with similar color combi-
nations before. In the second step, these possible parameter sets are checked based on the image
data of the separations and known rules for parameters that should be avoided.

To ensure that the image data can be produced with the found parameters, it needs to be analyzed.
This can be done with rules that are based on the domain knowledge. In general, the printed
outcome should be as close as possible to the digital file. Therefore, only parameters should be
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Figure 5.47: Simulated screening of a color
black with a 0∘ screen angle. Lighter tones
are created through a reduction of the cell
size towards the bottom right.

Figure 5.48: Simulated screening of a color
black with a 13∘ screen angle. Also, a higher
frequency or screen ruling is used than in
Figure 5.47.

chosen that can be used to create this outcome.

The rules can be categorized into two main groups. The first ensures that all elements print as
expected. This depends on the production method and the parameters selected, as certain prop-
erties of the ink printed are anticipated or depend on the image data. In the second group, the
interaction between the single printing tools is taken into account. If the printing tools print as
expected when they are printed alone, this does not yet guarantee a good result for a composite
created by all printing tools.

Single printing tool rules
The biggest influence is given by the production method. For the rotogravure cylinder creation,
multiple possiblemethods exist. Electro-mechanical engraving uses a graver to scrape out the cells.
Laser-engraving directly uses a laser to create the cells [265]. Autotypical etching first uses the
laser to create a mask with a protective cover and after that, the cells are etched into the cylinder.
Depending on the elements, different methods should be preferred.

The preference is influenced by the limits and possibilities of the method. Autotypical etching
should not be used to create half-tones, as it is very difficult to create reliable results for varying
sizes of the etching process. Laser-engraving can reduce the screening effect of the half-tones, as
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Figure 5.49: Thin elements with many cells that are below a minimum volume to print and will
result in a non-optimal print.

it is possible to change the ink density by reducing the depth of the created cells. These can ensure
an acceptable outcome for the separate printing tools.

One property limiting the parameters that can be used is the existence of thin elements in the
image data. The challenge can be understood through the thin elements visible in Figure 5.49. In
the chosen screening, there are many cells at the edges of the elements that are only a fraction of
the size of a complete cell. If this falls below a certain threshold, which is depending on the cell
size about 50%, the cells can neither take in nor release the ink in an expected way. This leads to
a low-quality output that should be prevented.

Different approaches have been developed to optimize the outcome. A higher raster frequency
would reduce the share of broken cells. For most production methods, this would implicate a
longer production time. It would also reduce the total possible ink coverage, as the cell depth
also often needs to be decreased. Another approach is sold under the name HQH. This works
with the image data before it is engraved. By increasing the thin positive or negative elements,
the end result is closer to the expected output. If a production method is chosen that allows the
free placement of all cells, this can be used to set the cells in an optimal position. Historically, this
has only been used for special purpose printing tools, as the manual placement of cells is a time-
consuming and costly process. Recently, the author developed the software AI screening, which
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Figure 5.50: Optimized cell placement calculated with the AI screening software, which has been
created by the author.

Figure 5.51: Example of a re-
gion of a production file con-
taining both thin and wider
elements.

Figure 5.52: A closing opera-
tion is applied on Figure 5.51
through a dilation followed
by an erosion.

Figure 5.53: Difference of
Figure 5.51 and Figure 5.52
highlighting the small print-
ing elements.

mimics this approach to achieve optimized results, as demonstrated in Figure 5.50.

To detect if a special processing is necessary, the presence of thin elements needs to be determined.
A solution is the usage of morphological image operators [266]. In particular, a closing operator.
As an illustration, Figure 5.51was chosen. Through dilation, followed by erosion, all thin elements
are removed. This can be seen in Figure 5.52. In the difference between those images shown in
Figure 5.53, the thin elements are clearly visible. Depending on the limit set for the thinness of
the elements, the kernel size of the morphological operator can be adapted. This makes a flexible
detection of thin elements possible.

Combined printing tools rules
There are also combinations of parameters that should be avoided. Two possible ways exist to de-
tect the risk of aMoiré pattern. The first is a simulation of the printing results with the image data
and the possible screening parameters. The second option is to use a fixed set of rules that need
to be fulfilled to reduce the chance of a Moiré pattern. Both have advantages and disadvantages.
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By knowing the screening parameters and the approximated ink properties, a print of all colors
can be simulated. If any visible, low frequency artifacts arise that should not exist, this shows
an increased risk of a Moiré pattern. To provide accurate results, it needs to be ensured that all
possible variations that can affect the results are taken into account. These are not always easy to
calculate, as even small differences can have a big influence. Due to the varying hardware used by
different engravingmachinemanufacturers, the set frequencies have slight differences. Variations
can also come from differences between the printing presses. This makes a simulation difficult.

As to date there is no available software to rate the risk of a Moiré pattern through a simulation
with the applied parameters, specific combinations of parameters have been identified that come
with an increased risk of a Moiré pattern. Due to the varying influences, an increased risk does
not have to result in an unwanted result. The same parameter set, together with the same image
data in the production process, can sometimes lead to a noticeable Moiré pattern and sometimes
to an acceptable result. This results in a more distinct reduction of possible parameter sets, but
guarantees good results through the positive experiences that have been made with these rules.
The rules only need to be valid for all pairs of images that both have halftones that print together,
as no Moiré pattern can occure with fulltone print.

The following two rules have been identified and can automatically be checked with the knowl-
edge of the overprinting half-tones from the image data:

1. The screen width needs to be the same.

2. The same machines need to have been used for the production of the printing tools.

5.7 Conclusions
Research questions 3 asks, howdata and algorithms can be used to reduce the complexity of the
customer-manufacturer interaction. This has been demonstrated in this research on the exam-
ple of the printing industry. By combining the domain knowledge of the printing industry with
computer vision algorithms, new algorithms were developed to automate parts of the steps in the
customer-manufacturer interaction and reduce the complexity of the decision-making process to
aminimum. By using previous data, it is also possible to learn customer-specific preferences, even
if the underlaying logic for this decision-making process is not known. Through this, a guided sys-
tem for the customer-manufacturer interaction was able to be set up.
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To a certain degree, it can be guaranteed that a good printing quality can be achieved with the
developed system. This does not necessarily result in a perfect outcome. The reasons why a dif-
ferent option is chosen cannot always be fully understood, as not all information is known that can
influence the decision and it is not even always clear which information influences the decision.

In this case, the easiest option is to offer the information to the customer in an easy-to-understand
way. Showing the advantages and disadvantages of the choices. From this, the customer is able to
make an informed decision, factoring in the points that are not known to the system.

These algorithms form the building block of a software-based ordering system that reduces the
complexity of the customer-manufacturer interaction significantly. Through it, many further ex-
tensions are possible. It can be used to offer further services and quality assurance to give more
value. Two main paths exist for this.

Limitations and further research
Where possible, the results of the steps of the developed system have been verified with existing
data and expert knowledge. To verify the complete workflow, extensive tests with the customer
will be necessary. These can point out any potential pitfalls that exist within the developed system.
Where necessary, the algorithms and the used data need to be improved in an agile approach.

Difficulties may arise when new data shows strong deviations towards the previously known data.
These cannot all be taken into consideration and need to be compensated by a smart user interface
design [267].

Different further research paths exist:

Extension towards the design phase

The first possible way is to tackle the previous steps in the printing process. Through the strategic
point in the middle of the printing process, where the customer is already using this platform,
this can be a good entry point. This can include the design creation and overall decision-making
process for the optimal color selection.

Through a large database of measurement points and the right algorithms, a visual simulation of
the end-result under the specified parameters can be done. This can influence the parameters that
are chosen for the production but also reinfluence the design phase. Through the direct feedback
loop, this can be made possible. Normally, it would take multiple days and a lot of work to show
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the influence on the printing result without this kind of system. It also opens up the possibility of
collaborating with ink suppliers and offers a time-efficient way of showing the customer how a
different ink could influence the outcome. This can lower the barrier of adapting new technolo-
gies such as more sustainable water-based inks.

A bolder approach would be to take over the complete design process. The basis could be a blank
slate or a previous package, where a redesign is wanted. Technologies like a Generative Adversar-
ial Network (GAN) can offer a multitude of new possible designs with a minimum cost. Although
a technology such as GAN is still in its infancy, the current developments make this an achievable
goal in the next years.

Extension for reproduction automation

The second possible way of development goes in the opposite direction towards the production
of printing tools. At least a part of the reproduction work that is done today can be automated.
This has already been proven in this research. It can also be used to reduce any quality issues that
can arise in the steps before producing the printing tool, as all differences can be checked and
confirmed, and issues that could arise during printing have already been detected through the
resulting software of this chapter.

The low-cost usage of the digital algorithm-based architecture offers different business perspec-
tives for the developed tools. It can be offered as a stand-alone service that offers this service for a
specific cost and outputs the data to be used by any printing tool developer. The other strategy is
to use it as an incentive. The customer orders more printing tools, as the whole process is much
easier and a faster lead-time can be offered, which also increases the customer satisfaction. As
all decisions are explained during the job entry process, the customer does not need people with
domain knowledge doing the ordering process and can trust on the decisions made by the system.
This increases customer loyalty, as the quality can be guaranteed and the overall costs of ordering
from the customer side are lower, as no specially trained worker is needed.

An even more ambitious point of view is to use the in-grained knowledge to switch the depen-
dence on the printer. The opportunity arises to offer the functionality as a platform in the or-
dering process for the business needing prints and not the printer. Currently, the printer is the
customer of the business needing the prints. The printing tool manufacturer is the customer of
the printer. By gaining further knowledge about the printing tool and its influence on the printing
process, an optimal instruction can be offered to the printer. This would offer the opportunity to
be the direct contact and reverse the dependencies.
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Overall, this demonstrates the possibilities that exist through digitalization. These opportunities
do not just exist for the from-the-ground digital companies. In the last years, old industry lead-
ers have increased their focus on digital transformation and are seeing the benefits [268]. This
opportunity also exists for the printing industry.



6. Conclusions and future work

The results of this thesis demonstrate the importance of algorithms and data for value creation
and as important tools on the path towards an Industry 4.0, or in the vision of the European Com-
mission towards an Industry 5.0 [73] that has a strong focus on the well-being of its workers and
the environment. The answers to the research questions are found in the corresponding chap-
ters. This chapter examines the findings in the context of the recognised gap and which further
research needs to be done to continue filling this gap, as the achieved results can only be seen as a
piece in a much wider puzzle.

6.1 Conclusions
This thesis demonstrates possible ways of reducing the gap that exists in the successful imple-
mentation of the Industry 4.0. A main challenge has been found in the current technical focus of
current transformation processes. The focus needs to be placed more on the human side and the
integration with the technical aspects. Algorithms and data have been shown to be helpful tools
for this case in this thesis.

By placing the results in the context of the Industry 4.0 framework (Figure 1.1), the focus has
been set on the interaction of both the human and technical sides in the approaches. This forces
taking both most important aspects into account, which is not possible with most Industry 4.0
frameworks that are built on many more dimensions [269]. Furthermore, focussing on the com-
plexity of both parts, the inherent complexity is made explicit and the focus is set on the context
of reducing it [74].

By answering research question 1, ways have been investigated to aid in the use of shopfloor man-
agement systems. The usage of a specific shopfloor management system can have a substantial
impact on the shopfloor, as it is a core tool for creating a strategic alignment. This has been iden-
tified as a research question relevant to the gap, as finding a strategic alignment is a big challenge
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for a company on the path towards Industry 4.0 and demonstrates the link between the social
complexity found in management and the technical complexity found in the factory. As a first
point, through a comparison of current research findings of the brain with Electroencephalog-
raphy (EEG)-data of workers performing shopfloor management systems, indications have been
found that those Lean Shopfloor Management (SM) systems with a focus on predefined goals can
have a detrimental effect on the brain patterns of the workers, by limiting the possible approaches
that are taken into consideration. A continuous improvement by giving directions, on the other
hand, does not show these negative effects, as it seems to allow a wider view and diverse positions
to be taken into perspective. As a second point, it has been demonstrated that a trained Deep Neu-
ral Network (DNN) is able to categorize EEG-data with an accuracy of 96.5%. This functionality
could be integrated into the work process to help workers understand the own thinking patterns
or be used during the training of a SM system. As this is only a case-study, the results should only
be used as a first indication.

By answering research question 2, possible directions for reducing costs and increasing the value
of the production line have been researched. This is only possible if the strengths of both the
workers and technology are taken into account. Through a strategic development in software, the
experience of the workers can be generalized with the help of Deep Learning (DL). This reduces
the burden of repeating tasks through an automatic classification of defects with an accuracy rate
of 98.4% and opens completely newways of using this knowledge. Through anotherDNNand the
information of the production line, the possibility exists for reducing the costs and adding value
by increasing the quality.

By answering research question 3, the focus has been on the reduction of the complexity in the
customer-manufacturer interaction. This accentuates the integration of the users and technol-
ogy in this process. A reduction of the complexity can be achieved by reducing the complexity
of decision-making processes in the interaction of the customer with the manufacturer through
algorithms and data. Only realistic suggestions are offered during the ordering process and the
most probable solution is recommended. This reduces the necessity of owning an often needed
detailed knowledge andmakes it possible to focus on relevant decision-making processes. By con-
tinuously implementing these processes, it will be made possible to keep up with the increasing
complexity in manufacturing.
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6.2 Future work
Due to the gap touching many different areas, it cannot be filled with just one thesis. Further
developments will need a multitude of different disciplines and viewpoints to catch up with the
technical developments that have been made in the past years. Algorithms and data will be able
to support this endeavour if these are also implemented with the human side in mind. It has the
potential to help empower workers but can also have negative impacts if not implemented with
sufficient foresight [270].

Based on the Industry 4.0 framework used in this thesis, a multitude of different challenges can
already be identified. This thesis attempts to solve the connection points found on the linear
growth line in Figure 1.1. These are just a selection of all possible connection points, as seen in
Figure 6.1. Even a single point can bring various difficulties that cannot all be detected through
single projects. Many more projects will be needed to even get an overview of the difficulties.

Figure 6.1: Industry 4.0 framework with all possible challenges. The graphic is based on the work
in [86].

Further work within this gap is not only possible through algorithms and data. Many different
approaches need to be taken into account to reach a large enough leap to incorporate the human
side in the advancements of the Industry 4.0.
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A large step towards a true Industry 5.0 direction can be taken, if projects are always viewed in
the framework formed by the dimensions of humans and technology. This forces the perspective
of seeing both involved parts as equal so that both need to be taken into consideration for the
implementation.



Bibliography

[1] E. Brousseau and N. Curien, Internet and digital economics: principles, methods and applica-
tions. Cambridge University Press, 2007.

[2] A. D. Borremans, I. M. Zaychenko, and O. Y. Iliashenko, “Digital economy. it strategy of
the company development,” in MATEC Web of Conferences, EDP Sciences, vol. 170, 2018.

[3] K. North and G. Kumta, Knowledge management: Value creation through organizational learn-
ing. Springer, 2018.

[4] J. Ordieres-Meré, T. Prieto Remon, and J. Rubio, “Digitalization: An opportunity for con-
tributing to sustainability from knowledge creation,” Sustainability, vol. 12, no. 4, 2020.

[5] E. G. Popkova, “Preconditions of formation and development of industry 4.0 in the con-
ditions of knowledge economy,” in Industry 4.0: Industrial Revolution of the 21st Century,
Springer, 2019.

[6] A. Goldfarb andC. Tucker, “Digital economics,” Journal of Economic Literature, vol. 57, no. 1,
2019.

[7] D. Coyle, “Precarious and productive work in the digital economy,” National institute eco-
nomic review, vol. 240, 2017.

[8] J. Gerring and W. Veenendaal, Population and politics: The impact of scale. Cambridge Uni-
versity Press, 2020.

[9] J.-P. Rodrigue and D. T. Notteboom, “The economic importance of transportation,” The
Geography of Transport Systems, 2017.

[10] M. Ruckenstein and J. Granroth, “Algorithms, advertising and the intimacy of surveil-
lance,” Journal of Cultural Economy, vol. 13, no. 1, 2020.

[11] A. S. Almasoud, F. K. Hussain, and O. K. Hussain, “Smart contracts for blockchain-based
reputation systems: A systematic literature review,” Journal of Network and Computer Appli-
cations, vol. 170, 2020.



Bibliography 131

[12] J. Ma, “Estimating epidemic exponential growth rate and basic reproduction number,” In-
fectious Disease Modelling, vol. 5, 2020.

[13] M. Ciotti, M. Ciccozzi, A. Terrinoni, W.-C. Jiang, C.-B. Wang, and S. Bernardini, “The
covid-19 pandemic,” Critical reviews in clinical laboratory sciences, vol. 57, no. 6, 2020.

[14] M. Du Sautoy, “Understanding exponential growth: From vampires to viruses,” Indepen-
dence, vol. 46, no. 1, 2021.

[15] A. Podkul, L. Vittert, S. Tranter, and A. Alduncin, “The coronavirus exponential: A prelim-
inary investigation into the public’s understanding,” Harvard Data Science Review, 2020.

[16] E. B. Seufert, Freemium economics: Leveraging analytics and user segmentation to drive revenue.
Elsevier, 2013.

[17] M. J. Koeder and E. Tanaka, Game of chance elements in free-to-play mobile games. a freemium
business model monetization tool in need of self-regulation? 2017.

[18] N. Tomić, “Effects ofmicro transactions on video games industry,”Megatrend revija, vol. 14,
no. 3, 2017.

[19] D. Rohn, P. M. Bican, A. Brem, S. Kraus, and T. Clauss, “Digital platform-based business
models–an exploration of critical success factors,” Journal of Engineering and Technology
Management, vol. 60, 2021.

[20] A. A. Fadhil, R. G. Alsarraj, and A. M. Altaie, “Software cost estimation based on dolphin
algorithm,” IEEE Access, vol. 8, 2020.

[21] D. Meredith, “What happened to wework?” Equity, vol. 33, no. 11, 2019.

[22] L. K. Bates, A. Zwick, Z. Spicer, T. Kerzhner, A. J. Kim, A. Baber, J. W. Green, and D. T.
Moulden, “Gigs, side hustles, freelance:What workmeans in the platform economy city/b-
light or remedy: Understanding ridehailing’s role in the precarious “gig economy”/labour,
gender and making rent with airbnb/the gentrification of ‘sharing’: From bandit cab to
ride share tech/the ‘sharing economy’? precarious labor in neoliberal cities/where is eco-
nomic development in the platform city?/shared economy:Wework or wework together,”
Planning Theory & Practice, vol. 20, no. 3, 2019.

[23] G. Pendergraft, The Rise and Fall of WeWork. SAGE Publications: SAGE Business Cases
Originals, 2021.

[24] M. Ghobakhloo, “Industry 4.0, digitization, and opportunities for sustainability,” Journal
of cleaner production, vol. 252, 2020.

[25] A. Ustundag and E. Cevikcan, Industry 4.0: managing the digital transformation. Springer,
2017.



Bibliography 132

[26] L. S. Dalenogare, G. B. Benitez, N. F. Ayala, and A. G. Frank, “The expected contribution
of industry 4.0 technologies for industrial performance,” International Journal of Production
Economics, vol. 204, 2018.

[27] R. S. Williams, “What’s next?[the end of moore’s law],” Computing in Science & Engineering,
vol. 19, no. 2, 2017.

[28] Y. Sherry and N. Thompson, “How fast do algorithms improve,” Mimeo, Tech. Rep., 2020.

[29] N. Thompson, “The economic impact of moore’s law: Evidence from when it faltered,”
Available at SSRN 2899115, 2017.

[30] C. E. Leiserson, N. C. Thompson, J. S. Emer, B. C. Kuszmaul, B. W. Lampson, D. Sanchez,
and T. B. Schardl, “There’s plenty of room at the top: What will drive computer perfor-
mance after moore’s law?” Science, vol. 368, no. 6495, 2020.

[31] A. Pras, R. Zimmerman, D. Levitin, andC. Guastavino, “Subjective evaluation ofmp3 com-
pression for different musical genres,” in Audio Engineering Society Convention 127, Audio
Engineering Society, 2009.

[32] G. De Prato and J. P. Simon, Is data really the new “oil” of the 21st century or just another snake
oil? looking at uses and users (private/public), 2015.

[33] M. Moore and D. Tambini, Digital dominance: the power of Google, Amazon, Facebook, and
Apple. Oxford University Press, 2018.

[34] N. Sambasivan, S. Kapania, H. Highfill, D. Akrong, P. Paritosh, and L. M. Aroyo, ““every-
one wants to do the model work, not the data work”: Data cascades in high-stakes ai,” in
proceedings of the 2021 CHI Conference on Human Factors in Computing Systems, 2021.

[35] C. Shorten, T. M. Khoshgoftaar, and B. Furht, “Deep learning applications for covid-19,”
Journal of big Data, vol. 8, no. 1, 2021.

[36] S. Minaee, N. Kalchbrenner, E. Cambria, N. Nikzad, M. Chenaghlu, and J. Gao, “Deep
learning–based text classification:A comprehensive review,”ACMComputing Surveys (CSUR),
vol. 54, no. 3, 2021.

[37] A. Esteva, A. Robicquet, B. Ramsundar, V. Kuleshov, M. DePristo, K. Chou, C. Cui, G.
Corrado, S. Thrun, and J. Dean, “A guide to deep learning in healthcare,” Nature medicine,
vol. 25, no. 1, 2019.

[38] A. Kamilaris and F. X. Prenafeta-Boldú, “Deep learning in agriculture: A survey,”Computers
and electronics in agriculture, vol. 147, 2018.

[39] A. C. Mater and M. L. Coote, “Deep learning in chemistry,” Journal of chemical information
and modeling, vol. 59, no. 6, 2019.



Bibliography 133

[40] B. Mahesh, “Machine learning algorithms-a review,” International Journal of Science and
Research (IJSR).[Internet], vol. 9, 2020.

[41] J. Villalba-Diez, D. Schmidt, R. Gevers, J. Ordieres-Meré, M. Buchwitz, and W. Wellbrock,
“Deep learning for industrial computer vision quality control in the printing industry 4.0,”
Sensors, vol. 19, no. 18, 2019.

[42] N. C. Thompson, K. Greenewald, K. Lee, and G. F. Manso, “The computational limits of
deep learning,” arXiv preprint arXiv:2007.05558, 2020.

[43] V. Monga, Y. Li, and Y. C. Eldar, “Algorithm unrolling: Interpretable, efficient deep learn-
ing for signal and image processing,” IEEE Signal Processing Magazine, vol. 38, no. 2, 2021.

[44] J. Domke, The human regression ensemble, https://justindomke.wordpress.com/
2021/09/28/the-human-regression-ensemble/, [Online; accessed 06-October-
2021], 2021.

[45] W. Hall and J. Pesenti, “Growing the artificial intelligence industry in the uk,” Department
for Digital, Culture, Media & Sport and Department for Business, Energy & Industrial Strategy.
Part of the Industrial Strategy UK and the Commonwealth, 2017.

[46] T. Santarius, J. Pohl, andS. Lange, “Digitalization and the decoupling debate:Can ict help to
reduce environmental impacts while the economy keeps growing?” Sustainability, vol. 12,
no. 18, 2020.

[47] G. C. Kane, D. Palmer, A. N. Phillips, D. Kiron, N. Buckley, et al., “Strategy, not technology,
drives digital transformation,” MIT Sloan Management Review and Deloitte University Press,
vol. 14, no. 1-25, 2015.

[48] K. S. Warner and M. Wäger, “Building dynamic capabilities for digital transformation: An
ongoing process of strategic renewal,” Long Range Planning, 2019.

[49] S. K. W. Chu, R. B. Reynolds, N. J. Tavares, M. Notari, and C. W. Y. Lee, 21st century skills
development through inquiry-based learning from theory to practice. Springer, 2021.

[50] M. Hock-Doepgen, T. Clauss, S. Kraus, and C.-F. Cheng, “Knowledge management capa-
bilities and organizational risk-taking for business model innovation in smes,” Journal of
Business Research, vol. 130, 2021.

[51] S. H. Thomke, Experimentation works: The surprising power of business experiments. Harvard
Business Press, 2020.

[52] J. H. Miller, S. E. Page, and S. Page, Complex adaptive systems. Princeton university press,
2009.

https://justindomke.wordpress.com/2021/09/28/the-human-regression-ensemble/
https://justindomke.wordpress.com/2021/09/28/the-human-regression-ensemble/


Bibliography 134

[53] M. Hemmati, H. N. Mahmoud, B. R. Ellingwood, and A. T. Crooks, “Unraveling the com-
plexity of human behavior and urbanization on community vulnerability to floods,” Scien-
tific reports, vol. 11, 2021.

[54] M. J. Hamilton, R. S. Walker, B. Buchanan, and D. S. Sandeford, “Scaling human sociopo-
litical complexity,” PloS one, vol. 15, no. 7, 2020.

[55] S. C. Volk and A. Zerfass, “Alignment: Explicating a key concept in strategic communica-
tion,” International Journal of Strategic Communication, 2018.

[56] D. Sjödin, V. Parida, M. Jovanovic, and I. Visnjic, “Value creation and value capture align-
ment in business model innovation: A process view on outcome-based business models,”
Journal of Product Innovation Management, 2020.

[57] J. Villalba-Diez, J.Ordieres-Meré,H.Chudzick, andP. López-Rojo, “Nemawashi: Attaining
value stream alignment within complex organizational networks,” Procedia CIRP, vol. 37,
2015.

[58] Z. A. Collier, J. H. Lambert, and I. Linkov, “Resilience, sustainability, and complexity in so-
cial, environmental, and technical systems,” Environment Systems & Decisions, vol. 38, no. 1,
2018.

[59] F. Emery, Characteristics of socio-technical systems. University of Pennsylvania Press, 2016.

[60] M. Sony and S. Naik, “Industry 4.0 integration with socio-technical systems theory: A sys-
tematic review and proposed theoretical model,” Technology in Society, vol. 61, 2020.

[61] E. Thorsrud, F. E. Emery, and E. Trist, Industrielt demokrati: representasjon på styreplan i
bedriftene?: noen norske og utenlandske erfaringer. Universitetsforlaget, 1964.

[62] P. Barwise and L. Watkins, “The evolution of digital dominance,” Digital dominance: The
power of Google, Amazon, Facebook, and Apple, 2018.

[63] T. Schwarzmüller, P. Brosi, D. Duman, and I. M. Welpe, “How does the digital transfor-
mation affect organizations? key themes of change in work design and leadership,” mrev
management revue, 2018.

[64] B. Tabrizi, E. Lam,K.Girard, andV. Irvin, “Digital transformation is not about technology,”
Harvard Business Review, 2019.

[65] R. Alguliyev, Y. Imamverdiyev, and L. Sukhostat, “Cyber-physical systems and their secu-
rity issues,” Computers in Industry, vol. 100, 2018.

[66] F. Tao,Q.Qi, L.Wang, andA.Nee, “Digital twins and cyber–physical systems toward smart
manufacturing and industry 4.0: Correlation and comparison,” Engineering, vol. 5, no. 4,
2019.



Bibliography 135

[67] M. Khan, X. Wu, X. Xu, and W. Dou, “Big data challenges and opportunities in the hype of
industry 4.0,” in 2017 IEEE International Conference on Communications (ICC), IEEE, 2017.

[68] M. O. Gokalp, K. Kayabay, M. A. Akyol, P. E. Eren, and A. Koçyiğit, “Big data for industry
4.0: A conceptual framework,” in 2016 International Conference on Computational Science
and Computational Intelligence (CSCI), IEEE, 2016.

[69] L. D. Xu and L. Duan, “Big data for cyber physical systems in industry 4.0: A survey,” En-
terprise Information Systems, 2019.

[70] Q. Qi and F. Tao, “Digital twin and big data towards smart manufacturing and industry
4.0: 360 degree comparison,” Ieee Access, 2018.

[71] Ð. Marović, S. Čavoški, A. Marković, and N. Zornić, “Human factor in digital transfor-
mation of workforce management: A case of southeastern european telecommunication
company,” in Central European Conference on Information and Intelligent Systems, Faculty of
Organization and Informatics Varazdin, 2019.

[72] X. Xu, Y. Lu, B. Vogel-Heuser, and L. Wang, “Industry 4.0 and industry 5.0—inception,
conception and perception,” Journal of Manufacturing Systems, vol. 61, 2021.

[73] E. Commission, D.-G. for Research, Innovation, A. Renda, S. Schwaag Serger, D. Tataj, A.
Morlet, D. Isaksson, F. Martins, M. Mir Roca, C. Hidalgo, A. Huang, S. Dixson-Declève, P.
Balland, F. Bria, C. Charveriat, K. Dunlop, and E. Giovannini, Industry 5.0, a transformative
vision for Europe : governing systemic transformations towards a sustainable industry. 2022. DOI:
doi/10.2777/17322.

[74] A. C. Valdeza, P. Braunera, A. K. Schaara, A. Holzingerb, and M. Zieflea, “Reducing com-
plexity with simplicity-usability methods for industry 4.0,” in Proceedings 19th triennial
congress of the IEA, vol. 9, 2015.

[75] Merriam-Webster, Data. [Online]. Available: https://www.merriam-webster.com/
dictionary/data (visited on 2021).

[76] ——,Algorithm. [Online]. Available:https://www.merriam-webster.com/dictionary/
algorithm (visited on 2021).

[77] SAP, What is industry 4.0? [Online]. Available: https://insights.sap.com/what-is-
industry-4-0/ (visited on 2021).

[78] D. M. Clark, K. Silvester, and S. Knowles, “Lean management systems: Creating a culture
of continuous quality improvement,” Journal of clinical pathology, vol. 66, no. 8, 2013.

[79] M. Helmold et al., Lean management and kaizen. Springer, 2020.

https://doi.org/doi/10.2777/17322
https://www.merriam-webster.com/dictionary/data
https://www.merriam-webster.com/dictionary/data
https://www.merriam-webster.com/dictionary/algorithm
https://www.merriam-webster.com/dictionary/algorithm
https://insights.sap.com/what-is-industry-4-0/
https://insights.sap.com/what-is-industry-4-0/


Bibliography 136

[80] I. C. Education, Deep learning. [Online]. Available: https://www.ibm.com/cloud/
learn/deep-learning (visited on 2021).

[81] P. Lappalainen, “Predictors of effective leadership in industry–should engineering edu-
cation focus on traditional intelligence, personality, or emotional intelligence?” European
Journal of Engineering Education, vol. 40, no. 2, 2015.

[82] R. Boyatzis, K. Rochford, and K. V. Cavanagh, “Emotional intelligence competencies in
engineer’s effectiveness and engagement,” Career Development International, 2017.

[83] R. P. Hämäläinen, E. Saarinen, and J. Törmänen, “Systems intelligence: A core competence
for next-generation engineers?” In 2018 IEEE international conference on teaching, assess-
ment, and learning for engineering (TALE), IEEE, 2018.

[84] J. R. Hartley, Concurrent engineering: shortening lead times, raising quality, and lowering costs.
Routledge, 2017.

[85] V. Lehdonvirta, O. Kässi, I. Hjorth, H. Barnard, andM.Graham, “The global platform econ-
omy: A new offshoring institution enabling emerging-economy microproviders,” Journal
of Management, 2019.

[86] J. Villalba-Diez, The Lean Brain Theory. Complex Networked Lean Strategic Organizational
Design. CRC Press. Taylor and Francis Group LLC, 2017, ISBN: 978-1-138-06927-5.

[87] A. L. Fradkov, “Early history of machine learning,” IFAC-PapersOnLine, vol. 53, no. 2, 2020.

[88] M. Z. Alom, T. M. Taha, C. Yakopcic, S. Westberg, P. Sidike, M. S. Nasrin, B. C. Van Esesn,
A. A. S. Awwal, and V. K. Asari, “The history began from alexnet: A comprehensive survey
on deep learning approaches,” arXiv preprint arXiv:1803.01164, 2018.

[89] Y. LeCun, Y. Bengio, and G. Hinton, “Deep learning,” Nature, vol. 521, no. 7553, 2015.

[90] Y. Jia, E. Shelhamer, J. Donahue, S. Karayev, J. Long, R. Girshick, S. Guadarrama, and T.
Darrell, “Caffe: Convolutional Architecture for Fast Feature Embedding,” in ACM Multi-
media, Orlando, FL, 2014.

[91] F. Chollet, Deep Learning with Python. Manning Publications Co., 2018.

[92] T. Lin, A. RoyChowdhury, and S. Maji, “Bilinear CNN Models for Fine-Grained Visual
Recognition,” in 2015 IEEE International Conference on Computer Vision (ICCV), Dec. 2015.

[93] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “Imagenet classification with deep convolu-
tional neural networks,” in Advances in neural information processing systems, 2012.

[94] I. C. Education, Recurrent neural networks. [Online]. Available: https://www.ibm.com/
cloud/learn/recurrent-neural-networks (visited on 2022).

https://www.ibm.com/cloud/learn/deep-learning
https://www.ibm.com/cloud/learn/deep-learning
https://www.ibm.com/cloud/learn/recurrent-neural-networks
https://www.ibm.com/cloud/learn/recurrent-neural-networks


Bibliography 137

[95] A. Sherstinsky, “Fundamentals of recurrent neural network (rnn) and long short-term
memory (lstm) network,” Physica D: Nonlinear Phenomena, 2020.

[96] M.Miskuf and I. Zolotova, “Comparison betweenmulti-class classifiers and deep learning
with focus on industry 4.0,” in 2016Cybernetics& Informatics (K& I), Levoca, Slovakia: IEEE,
2016.

[97] X.Zheng,M.Wang, and J.Ordieres-Mere, “ComparisonofDataPreprocessingApproaches
for Applying Deep Learning to Human Activity Recognition in the Context of Industry
4.0.,” Sensors, vol. 18, no. 7, 2018.

[98] C. Aviles-Cruz, A. Ferreyra-Ramirez, A. Zuniga-Lopez, and J. Villegas-Cortez, “Coarse-
FineConvolutionalDeep-LearningStrategy forHumanActivityRecognition,”Sensors, vol. 19,
no. 7, 2019, ISSN: 1424-8220. [Online]. Available: http : / / www . mdpi . com / 1424 -
8220/19/7/1556.

[99] L. Zhe and K.-S. Wang, “Intelligent predictive maintenance for fault diagnosis and prog-
nosis in machine centers: Industry 4.0 scenario,” Advances in Manufacturing, vol. 5, no. 4,
2017.

[100] J. Deutsch and D. He, “Using Deep Learning-Based Approach to Predict Remaining Useful
Life of Rotating Components,” IEEE Transactions on Systems, Man, and Cybernetics: Systems,
vol. 48, no. 1, 2018.

[101] R. Shanmugamani, Ed., Deep Learning for Computer Vision. Packt Publishing - ebooks Ac-
count, 2018.

[102] T.Wang, Y.Chen,M.Qiao, andH. Snoussi, “A fast and robust convolutional neural network-
based defect detection model in product quality control,” The International Journal of Ad-
vanced Manufacturing Technology, vol. 94, no. 9-12, 2018.

[103] M. He and D. He, “Deep Learning Based Approach for Bearing Fault Diagnosis,” IEEE
Transactions on Industry Applications, vol. 53, no. 3, 2017.

[104] B. D. Ripley, “Statistical ideas for selecting network architectures,” in Neural Networks: Ar-
tificial Intelligence and Industrial Applications, Springer, 1995.

[105] N. Tishby and N. Zaslavsky, “Deep learning and the information bottleneck principle,” in
2015 IEEE Information Theory Workshop (ITW), IEEE, 2015.

[106] T. Elsken, J. H. Metzen, and F. Hutter, “Neural architecture search: A survey,” The Journal
of Machine Learning Research, vol. 20, no. 1, 2019.

[107] U. Güçlü andM. A. vanGerven, “Deep neural networks reveal a gradient in the complexity
of neural representations across the ventral stream,” Journal of Neuroscience, vol. 35, no. 27,
2015.

http://www.mdpi.com/1424-8220/19/7/1556
http://www.mdpi.com/1424-8220/19/7/1556


Bibliography 138

[108] A. Ng, Train / Dev / Test sets, https://www.coursera.org/lecture/deep-neural-
network/train- dev- test- sets- cxG1s, [Online; accessed 08-November-2019],
2019.

[109] E.Alpaydin, Introduction toMachine Learning, ser. Adaptive computation andmachine learn-
ing.MITPress, 2004, ISBN: 9780262012119. [Online]. Available:https://books.google.
de/books?id=1k0%5C_-WroiqEC.

[110] D. Hummel, “Transportation costs and international trade over time,” Journal of Economic
Perspectives, forthcoming, 2008.

[111] J. Williamson, “Globalization: The concept, causes and consequences,” in Institute for In-
ternational Economics, Keynote address at the Congress of the Sri Lankan Association for the
Advancement of Science, Colombo, 15th December, 1998.

[112] A. Y. Hoekstra and T. O. Wiedmann, “Humanity’s unsustainable environmental footprint,”
Science, vol. 344, no. 6188, 2014.

[113] T. Brosnan and D.-W. Sun, “Improving quality inspection of food products by computer
vision—-a review,” Journal of food engineering, vol. 61, no. 1, 2004.

[114] J. Blasco, S. Cubero, J. Gómez-Sanchís, P. Mira, and E. Moltó, “Development of a machine
for the automatic sorting of pomegranate (Punica granatum) arils based on computer vi-
sion,” Journal of food engineering, vol. 90, no. 1, 2009.

[115] F. Zhuang, Z. Yanzheng, L. Yang, C. Qixin, C. Mingbo, Z. Jun, and J. Lee, “Solar cell crack
inspection by image processing,” in Proceedings of 2004 International Conference on the Busi-
ness of Electronic Product Reliability and Liability (IEEE Cat. No. 04EX809), IEEE, 2004.

[116] H. Sari-Sarraf and J. S. Goddard, “Vision system for on-loom fabric inspection,” in 1998
IEEE Annual Textile, Fiber and Film Industry Technical Conference (Cat. No. 98CH36246),
IEEE, 1998.

[117] D. Weimer, B. Scholz-Reiter, and M. Shpitalni, “Design of deep convolutional neural net-
work architectures for automated feature extraction in industrial inspection,” CIRP An-
nals, vol. 65, no. 1, Jan. 2016, ISSN: 0007-8506. DOI: 10.1016/j.cirp.2016.04.072.
[Online]. Available: http://www.sciencedirect.com/science/article/pii/
S0007850616300725.

[118] X. Xie, “A Review of Recent Advances in Surface Defect Detection Using Texture Analysis
Techniques.,” Electronic Letters on Computer Vision and Image Analysis, vol. 7, no. 3, 2008.

[119] B. Scholz-Reiter, D. Weimer, and H. Thamer, “Automated Surface Inspection of Cold-
Formed MicroPart.,” CIRP Annals - Manufacturing Technology, vol. 61, no. 1, 2012.

https://www.coursera.org/lecture/deep-neural-network/train-dev-test-sets-cxG1s
https://www.coursera.org/lecture/deep-neural-network/train-dev-test-sets-cxG1s
https://books.google.de/books?id=1k0%5C_-WroiqEC
https://books.google.de/books?id=1k0%5C_-WroiqEC
https://doi.org/10.1016/j.cirp.2016.04.072
http://www.sciencedirect.com/science/article/pii/S0007850616300725
http://www.sciencedirect.com/science/article/pii/S0007850616300725


Bibliography 139

[120] C. M. Hinckley, “Combining mistake-proofing and Jidoka to achieve world class quality
in clinical chemistry,” Accreditation and quality assurance, vol. 12, no. 5, 2007.

[121] S. Parker and G. Grote, “Automation, algorithms, and beyond: Why work design matters
more than ever in a digital world,” Applied Psychology, 2020.

[122] J. Villalba-Diez and J.Ordieres-Mere, “Improvingmanufacturing operational performance
by standardizing process management,” Transactions on Engineering Management, vol. 62,
no. 3, May 2015.

[123] Villalba-Diez, J., J. Ordieres-Mere, H. Chudzick, and P. Lopez-Rojo, “NEMAWASHI: At-
taining Value Stream alignment within Complex Organizational Networks,” in Procedia
CIRP, vol. 37, Cranfield, UK: Elsevier, 2015.

[124] Villalba-Diez, J., Ordieres-Meré, J., and Nuber, G., “The HOSHIN KANRI TREE. Cross-
Plant Lean ShopfloorManagement,” in Procedia CIRP, vol. 32, Bochum,Germany: Elsevier,
Jun. 2015.

[125] J. Villalba-Diez, J. Ordieres-Mere, and S. Rubio-Valdehita, “Lean learning patterns. (cpd)na
vs. kata,” Procedia CIRP, vol. 54, Oct. 2016.

[126] Villalba-Diez, J. and Ordieres-Meré, J., “Strategic Lean Organizational Design: Towards
Lean World-Small World Configurations through Discrete Dynamic Organizational Mo-
tifs,” Mathematical Problems in Engineering, vol. 2016, 2016.

[127] J. Villalba-Diez, I. DeSanctis, J. Ordieres-Meré, and F. Ciarapica, “Lean StructuralNetwork
Resilience,” inComplex Networks & Its Applications VI: Proceedings of Complex Networks 2017
(The Sixth International Conference on Complex Networks and Their Applications), ser. Studies
inComputational Intelligence 689, C. Cherifi, H. Cherifi,M. Karsai, andM.Musolesi, Eds.,
Lyon, France: Springer International Publishing, Nov. 2017.

[128] J. Villalba-Diez, The HOSHIN KANRI FOREST. Lean Strategic Organizational Design, 1st.
CRC Press. Taylor and Francis Group LLC, 2017, ISBN: 978-1-4987-8550-1.

[129] J. Villalba-Diez, J.Ordieres-Meré,M.Molina,M.Rossner, andM.Lay, “Leandendrochronol-
ogy: Complexity reduction by representation of kpi dynamics looking at strategic organi-
zational design,” Management and Production Engineering Review, vol. 9, no. 4, 2018.

[130] J. Villalba-Díez, M. Molina, J. Ordieres-Meré, S. Sun, D. Schmidt, and W. Wellbrock, “Geo-
metric Deep Lean Learning: Deep Learning in Industry 4.0 Cyber–Physical Complex Net-
works,” Sensors, vol. 20, no. 3, 2020, ISSN: 1424-8220. [Online]. Available: https://www.
mdpi.com/1424-8220/20/3/763.

[131] S. J. Russell and P. Norvig, Artificial intelligence: a modern approach. Malaysia; Pearson Ed-
ucation Limited, 2016.

https://www.mdpi.com/1424-8220/20/3/763
https://www.mdpi.com/1424-8220/20/3/763


Bibliography 140

[132] J. Wang, Y. Ma, L. Zhang, R. X. Gao, and D. Wu, “Deep learning for smart manufacturing:
Methods and applications,” Journal of Manufacturing Systems, vol. 48, 2018.

[133] J. Villalba-Diez, D. Schmidt, R. Gevers, J. Ordieres-Meré, M. Buchwitz, and W. Wellbrock,
“Deep Learning for Industrial Computer Vision Quality Control in the Printing Industry
4.0,” Sensors, vol. 19, no. 18, 2019, ISSN: 1424-8220. [Online]. Available: https://www.
mdpi.com/1424-8220/19/18/3987.

[134] M. Magadán-Dı́az and J. I. Rivas-Garcı́a, “La industria editorial española: Dos décadas
clave de transformación y cambio (1996-2016),” Investigaciones de Historia Económica, 2020.

[135] A. Heslop, “Open shop: Technological change in london’s printing industry, 1980–1992,”
in Perspectives on Design and Digital Communication II, Springer, 2021.

[136] J. Bloomberg, “Digitization, digitalization, and digital transformation: Confuse them at
your peril,” Forbes. Retrieved on August, vol. 28, 2018.

[137] P. C. Verhoef, T. Broekhuizen, Y. Bart, A. Bhattacharya, J. Q. Dong,N. Fabian, andM.Haen-
lein, “Digital transformation: A multidisciplinary reflection and research agenda,” Journal
of Business Research, vol. 122, 2021.

[138] S. J. Johnston and S. J. Cox, The raspberry pi: A technology disrupter, and the enabler of dreams,
2017.

[139] I. Karlovits, “Technologies for using big data in the paper and printing industry,” J. Print
Media Technol. Res, vol. 6, no. 2, 2017.

[140] M. Haenlein and A. Kaplan, “A brief history of artificial intelligence: On the past, present,
and future of artificial intelligence,” California management review, vol. 61, no. 4, 2019.

[141] E. Hofmann and M. Rüsch, “Industry 4.0 and the current status as well as future prospects
on logistics,” Computers in industry, vol. 89, 2017.

[142] D. Kiel, J.M.Müller, C. Arnold, and K.-I. Voigt, “Sustainable industrial value creation: Ben-
efits and challenges of industry 4.0,” in Digital Disruptive Innovation, World Scientific, 2020.

[143] M. Magadán-Diaz and J. I. Rivas-Garcia, “Facing innovation and digitization: The case of
spanish printing houses,” Publishing Research Quarterly, 2021.

[144] M. Magadán-Dı́az and J. I. Rivas-Garcı́a, “Coming face to face with innovation and digiti-
sation: The case of book printing in spain,” Journal of Print and Media Technology Research,
vol. 10, no. 1, 2021.

[145] J. Lee, T. Suh, D. Roy, and M. Baucus, “Emerging technology and business model innova-
tion: The case of artificial intelligence,” Journal of Open Innovation: Technology, Market, and
Complexity, vol. 5, no. 3, 2019.

https://www.mdpi.com/1424-8220/19/18/3987
https://www.mdpi.com/1424-8220/19/18/3987


Bibliography 141

[146] S. Owusu, A. Szirmai, N. Foster-McGregor, et al., “The rise of the service sector in the
global economy,” United Nations University-Maastricht Economic and Social Research
Institute …, Tech. Rep., 2020.

[147] A. Kraslawski and J. Lipiak, “Product-service system: A new opportunity for the printing
industry,” in Advanced Manufacturing Processes II: Selected Papers from the 2nd Grabchenko’s
International Conference on Advanced Manufacturing Processes (InterPartner-2020), September
8-11, 2020, Odessa, Ukraine, Springer Nature, 2021.

[148] E. P. Mtshali, K. S. Nyakala, T. T. Munyai, and K. Ramdass, Identifying causes of low produc-
tivity in the printing industry, 2018.

[149] A. Marton and H. Ekbia, “Platforms and the new division of labor between humans and
machines,” New Ways of Working: Organizations and Organizing in the Digital Age, 2021.

[150] M. Rossi, The republic of color: science, perception, and the making of modern America. Univer-
sity of Chicago Press, 2019.

[151] S. Süsstrunk, R. Buckley, and S. Swen, “Standard rgb color spaces,” in Color and Imaging
Conference, Society for Imaging Science and Technology, 1999.

[152] G. Sharma and R. Bala, Digital color imaging handbook. CRC press, 2017.

[153] O. Winn and S. Muresan, “‘lighter’can still be dark: Modeling comparative color descrip-
tions,” in Proceedings of the 56th Annual Meeting of the Association for Computational Linguis-
tics (Volume 2: Short Papers), 2018.

[154] C. Jin,M. Yoon, and J. Lee, “The influence of brand color identity on brand association and
loyalty,” Journal of Product & Brand Management, 2019.

[155] T.-M. Rhyne, “Applying color theory to digital media and visualization,” in Proceedings of
the 2017 CHI Conference Extended Abstracts on Human Factors in Computing Systems, 2017.

[156] L. Eiseman, The complete color harmony, pantone edition: expert color information for profes-
sional results. Rockport Publishers Incorporated, 2017.

[157] P. Kubelka and F.Munk, “An article on optics of paint layers,” Z. Tech. Phys, vol. 12, no. 593-
601, 1931.

[158] L. Yang and B. Kruse, “Revised kubelka–munk theory. i. theory and application,” JOSA A,
vol. 21, no. 10, 2004.

[159] A. A. Kokhanovsky, “Physical interpretation and accuracy of the kubelka–munk theory,”
Journal of Physics D: Applied Physics, vol. 40, no. 7, 2007.

[160] R. A. de la Osa, I. Iparragirre, D. Ortiz, and J. Saiz, “The extended kubelka–munk theory
and its application to spectroscopy,” ChemTexts, vol. 6, no. 1, 2020.



Bibliography 142

[161] J. Zhang, Y. Meuret, X. Wang, and K. A. Smet, “Improved and robust spectral reflectance
estimation,” Leukos, 2020.

[162] A. InDesign and A. PageMaker, Adobe® trapping technology, 2000.

[163] A. Bulat, J. Yang, andG.Tzimiropoulos, “To learn image super-resolution, use a gan to learn
how to do image degradation first,” in Proceedings of the European conference on computer
vision (ECCV), 2018.

[164] L. Wang, Estimating toner usage with laser electrophotographic printers, and object map genera-
tion from raster input image, 2014.

[165] H. Wang, M. Boutin, J. Trask, and J. P. Allebach, “A joint color trapping strategy for raster
images,” in Color Imaging XV: Displaying, Processing, Hardcopy, and Applications, Interna-
tional Society for Optics and Photonics, vol. 7528, 2010.

[166] ——, “An efficient low-complexity approach to color trapping,” in Color Imaging XIII: Pro-
cessing, Hardcopy, andApplications, International Society forOptics andPhotonics, vol. 6807,
2008.

[167] H. Wang, M. Boutin, J. Trask, and J. Allebach, “Three efficient, low-complexity algorithms
for automatic color trapping,” arXiv preprint arXiv:1808.07096, 2018.

[168] D. Stulik and A. Kaplan, The Atlas of Analytical Signatures of Photographic Processes: Pho-
togravure. Getty Conservation Institute, 2013.

[169] C. Harrison, The printed picture in Renaissance Europe. Yale University Press in association
with the Open University, 2007.

[170] G. Hennig, K. H. Selbmann, S. Mattheus, R. Kecke, and S. Brüning, “Laser Precision Micro
Fabrication in the Printing Industry,” JLMN, vol. 1, 2006.

[171] S. Rani, A. Baral, K. Bijender, and M. Saini, “Quality control during laser cut rotogravure
cylinder manufacturing processes,” International Journal of Science, Engineering and Com-
puter Technology, vol. 5, no. 2, 2015.

[172] D. Sarenac, D. A. Pushin, M. G. Huber, D. S. Hussey, H. Miao, M. Arif, D. G. Cory, A. D.
Cronin, B. Heacock, D. L. Jacobson, et al., “Three phase-grating moiré neutron interfer-
ometer for large interferometer area applications,” Physical review letters, vol. 120, no. 11,
2018.

[173] R. Balasubramanian and R. Eschbach, “Design of ucr and gcr strategies to reduce moiré in
color printing,” in PICS, 1999.

[174] C.Hertle, C. Siedelhofer, J.Metternich, andE.Abele,The next generation shop floormanagement–
how to continuously develop competencies in manufacturing environments, 2015.



Bibliography 143

[175] S. Davis and T. Albright, “An investigation of the effect of balanced scorecard implemen-
tation on financial performance,” Management accounting research, vol. 15, no. 2, 2004.

[176] G. Speckbacher, J. Bischof, and T. Pfeiffer, “A descriptive analysis on the implementation
of balanced scorecards in german-speaking countries,” Management accounting research,
vol. 14, no. 4, 2003.

[177] M. S. Doran, K. Haddad, and C. W. Chow, “Maximizing the success of balanced scorecard
implementation in the hospitality industry,” International Journal of Hospitality & Tourism
Administration, vol. 3, no. 3, 2002.

[178] B. Schuster andF.Herrmann, “Analyse, beurteilungund entwicklung eines umsetzungskonzeptes
zur optimierung des warengruppenmanagements im einkauf der krones ag,” AKWI, 2017.

[179] S. Mooraj, D. Oyon, and D. Hostettler, “The balanced scorecard: A necessary good or an
unnecessary evil?” European Management Journal, vol. 17, no. 5, 1999.

[180] J. Villalba-Diez, X. Zheng, D. Schmidt, and M. Molina, “Characterization of industry 4.0
lean management problem-solving behavioral patterns using eeg sensors and deep learn-
ing,” Sensors, vol. 19, no. 13, 2019.

[181] D.Kudernatsch, “„eine lean-kultur imunternehmenverankern,“”wissensmanagement, vol. 3,
2013.

[182] M.D. Fox, A. Z. Snyder, J. L. Vincent,M. Corbetta, D. C. Van Essen, andM. E. Raichle, “The
human brain is intrinsically organized into dynamic, anticorrelated functional networks,”
Proceedings of the National Academy of Sciences, vol. 102, no. 27, 2005.

[183] R. L. Buckner, J. R. Andrews-Hanna, andD.L. Schacter,The brain’s default network: Anatomy,
function, and relevance to disease. 2008.

[184] I. Gabčanová, “The employees–the most important asset in the organizations,” Human Re-
sources Management & Ergonomics, vol. 5, no. 1, 2011.

[185] E. K. Miller and J. D. Cohen, “An integrative theory of prefrontal cortex function,” Annual
review of neuroscience, vol. 24, no. 1, 2001.

[186] D. Samson, I. A. Apperly, C. Chiavarino, andG.W.Humphreys, “Left temporoparietal junc-
tion is necessary for representing someone else’s belief,” Nature neuroscience, vol. 7, no. 5,
2004.

[187] R. Saxe and A. Wexler, “Making sense of another mind: The role of the right temporo-
parietal junction,” Neuropsychologia, vol. 43, no. 10, 2005.

[188] A. Ogawa and T. Kameda, “Dissociable roles of left and right temporoparietal junction in
strategic competitive interaction,” Social cognitive and affective neuroscience, 2019.



Bibliography 144

[189] S. C. Krall, C. Rottschy, E. Oberwelland, D. Bzdok, P. T. Fox, S. B. Eickhoff, G. R. Fink,
and K. Konrad, “The role of the right temporoparietal junction in attention and social
interaction as revealed by ale meta-analysis,” Brain Structure and Function, vol. 220, no. 2,
2015.

[190] R. S. Kaplan and D. P. Norton, “Linking the balanced scorecard to strategy,” California
management review, vol. 39, no. 1, 1996.

[191] F. Figge, T. Hahn, S. Schaltegger, and M. Wagner, “The sustainability balanced scorecard–
linking sustainability management to business strategy,” Business strategy and the Environ-
ment, vol. 11, no. 5, 2002.

[192] R. S. Kaplan and D. P. Norton, “Transforming the balanced scorecard from performance
measurement to strategic management: Part ii,” Accounting horizons, vol. 15, no. 2, 2001.

[193] M. Imai,Gemba Kaizen: A Commonsense Approach to a Continuous Improvement Strategy, 2nd.
New York: McGraw-Hill Professional, 2012.

[194] F. Baba, “Study on stable facility conservation activities based on PDCA cycle,” Yokohama
International Social Science Research, vol. 17, no. 2, 2012.

[195] J. M. A. M. Center, PDCA starting from C works faster! Tokyo: Japan Management Associa-
tion Management Center, 2013.

[196] R. S. Kaplan, D. P. Norton, et al., The balanced scorecard: Measures that drive performance,
1992.

[197] J. Villalba-Diez, The hoshin kanri forest: Lean strategic organizational design, Jul. 2017.

[198] A. D. Neely, Measuring business performance. Profile books, 1998.

[199] T. Hines, Supply Chain Strategies: Customer Driven and Customer Focused. Taylor & Francis,
2004, ISBN: 9781136360985. [Online]. Available: https://books.google.de/books?
id=EoUsBgAAQBAJ.

[200] P. R.Niven,Balanced scorecard: Step-by-step for government and nonprofit agencies. JohnWiley
& Sons, 2008.

[201] J. V. Dı́ez, “Hoshin kanri forest: Lean strategic organizational design,” Ph.D. dissertation,
Universidad Politécnica de Madrid, 2016.

[202] A. Krumholz, S. Wiebe, G. Gronseth, S. Shinnar, P. Levisohn, T. Ting, J. Hopp, P. Shafer,
H. Morris, L. Seiden, et al., “Practice parameter: Evaluating an apparent unprovoked first
seizure in adults (an evidence-based review):[retired]: Report of the quality standards sub-
committee of the american academy of neurology and the american epilepsy society,” Neu-
rology, vol. 69, no. 21, 2007.

https://books.google.de/books?id=EoUsBgAAQBAJ
https://books.google.de/books?id=EoUsBgAAQBAJ


Bibliography 145

[203] M. R. Nuwer, “Quantitative eeg: Ii. frequency analysis and topographic mapping in clini-
cal settings.,” Journal of clinical neurophysiology: official publication of the American Electroen-
cephalographic Society, vol. 5, no. 1, 1988.

[204] M. Neufeld, S. Blumen, I. Aitkin, Y. Parmet, and A. Korczyn, “Eeg frequency analysis in
demented and nondemented parkinsonian patients,” Dementia and Geriatric Cognitive Dis-
orders, vol. 5, no. 1, 1994.

[205] L. A. Coben, W. L. Danziger, and L. Berg, “Frequency analysis of the resting awake eeg in
mild senile dementia of alzheimer type,”Electroencephalography and clinical neurophysiology,
vol. 55, no. 4, 1983.

[206] S. Chandaka, A. Chatterjee, and S. Munshi, “Cross-correlation aided support vector ma-
chine classifier for classification of eeg signals,” Expert Systems with Applications, vol. 36,
no. 2, 2009.

[207] O. Y. Panischev, S. Demin, A. Y. Kaplan, and N. Y. Varaksina, “Use of cross-correlation
analysis of eeg signals for detecting risk level for development of schizophrenia,” Biomedi-
cal Engineering, vol. 47, no. 3, 2013.

[208] M. Poulos, F. Georgiacodis, V. Chrissikopoulos, and A. Evagelou, “Diagnostic test for the
discrimination between interictal epileptic and non-epileptic pathological eeg events us-
ing auto–cross-correlation methods,” American journal of electroneurodiagnostic technology,
vol. 43, no. 4, 2003.

[209] D. H. Krishna, I. Pasha, and T. S. Savithri, “Classification of eeg motor imagery multi class
signals based on cross correlation,” Procedia Computer Science, vol. 85, 2016.

[210] K. Briechle and U. D. Hanebeck, “Template matching using fast normalized cross corre-
lation,” in Optical Pattern Recognition XII, International Society for Optics and Photonics,
vol. 4387, 2001.

[211] B. B. Avants, C. L. Epstein, M. Grossman, and J. C. Gee, “Symmetric diffeomorphic image
registrationwith cross-correlation: Evaluating automated labeling of elderly and neurode-
generative brain,” Medical image analysis, vol. 12, no. 1, 2008.

[212] P. M. Shearer, “Improving local earthquake locations using the l1 norm and waveform
cross correlation: Application to the whittier narrows, california, aftershock sequence,”
Journal of Geophysical Research: Solid Earth, vol. 102, no. B4, 1997.

[213] R. Bracewell, Fourier Analysis and Imaging. Springer US, 2012, ISBN: 9781441989635. [On-
line]. Available: https://books.google.de/books?id=5NR5BgAAQBAJ.

https://books.google.de/books?id=5NR5BgAAQBAJ


Bibliography 146

[214] S. Jirayucharoensak, S. Pan-Ngum, and P. Israsena, “Eeg-based emotion recognition using
deep learning network with principal component based covariate shift adaptation,” The
Scientific World Journal, vol. 2014, 2014.

[215] W.-L. Zheng, J.-Y. Zhu, Y. Peng, and B.-L. Lu, “Eeg-based emotion classification using deep
belief networks,” in 2014 IEEE International Conference on Multimedia and Expo (ICME),
IEEE, 2014.

[216] S. L. Oh, Y. Hagiwara, U. Raghavendra, R. Yuvaraj, N. Arunkumar, M. Murugappan, and
U. R. Acharya, “A deep learning approach for parkinson’s disease diagnosis from eeg sig-
nals,” Neural Computing and Applications, 2018.

[217] A.Ortiz, J.Munilla, J.M.Gorriz, and J. Ramirez, “Ensembles of deep learning architectures
for the early diagnosis of the alzheimer’s disease,” International journal of neural systems,
vol. 26, no. 07, 2016.

[218] M.-P.Hosseini, H. Soltanian-Zadeh, K. Elisevich, andD. Pompili, “Cloud-based deep learn-
ing of big eeg data for epileptic seizure prediction,” in 2016 IEEE global conference on signal
and information processing (GlobalSIP), IEEE, 2016.

[219] U. R. Acharya, S. L. Oh, Y. Hagiwara, J. H. Tan, and H. Adeli, “Deep convolutional neural
network for the automated detection and diagnosis of seizure using eeg signals,”Computers
in biology and medicine, vol. 100, 2018.

[220] R. T. Schirrmeister, J. T. Springenberg, L. D. J. Fiederer,M.Glasstetter, K. Eggensperger,M.
Tangermann, F. Hutter, W. Burgard, and T. Ball, “Deep learning with convolutional neural
networks for eeg decoding and visualization,” Human brain mapping, vol. 38, no. 11, 2017.

[221] C. Francois, Deep learning with python, 2017.

[222] A. Voulodimos,N.Doulamis, A. Doulamis, and E. Protopapadakis, “Deep learning for com-
puter vision: A brief review,” Computational intelligence and neuroscience, vol. 2018, 2018.

[223] H. Lee, P. Pham, Y. Largman, and A. Y. Ng, “Unsupervised feature learning for audio clas-
sification using convolutional deep belief networks,” in Advances in neural information pro-
cessing systems, 2009.

[224] S. Min, B. Lee, and S. Yoon, “Deep learning in bioinformatics,” Briefings in bioinformatics,
vol. 18, no. 5, 2017.

[225] R. Gilmore, Ed., American Electroencephalographic Society guidelines in electroencephalogra-
phy, evoked potentials, and polysomnography, 1994.

[226] R. Oostenveld, P. Fries, E. Maris, and J.-M. Schoffelen, “FieldTrip: Open Source Software
for Advanced Analysis of MEG, EEG, and Invasive Electrophysiological Data,” Computa-
tionl Intelligence and Neuroscience, vol. 2011, 2011.



Bibliography 147

[227] J. C. Henry, “Electroencephalography: Basic principles, clinical applications, and related
fields,” Neurology, vol. 67, no. 11, 2006.

[228] J. Adler and I. Parmryd, “Quantifying colocalization by correlation: The pearson correla-
tion coefficient is superior to the mander’s overlap coefficient,” Cytometry Part A, vol. 77,
no. 8, 2010.

[229] M. Längkvist, L. Karlsson, and A. Loutfi, “Sleep stage classification using unsupervised
feature learning,” Advances in Artificial Neural Systems, vol. 2012, 2012.

[230] A. Gramfort,M. Luessi, E. Larson, D. A. Engemann, D. Strohmeier, C. Brodbeck, R. Goj,M.
Jas, T. Brooks, L. Parkkonen, et al., “Meg and eeg data analysis with mne-python,” Frontiers
in neuroscience, vol. 7, 2013.

[231] A.Gramfort,M. Luessi, E. Larson,D. A. Engemann,D. Strohmeier, C. Brodbeck, L. Parkko-
nen, and M. S. Hämäläinen, “Mne software for processing meg and eeg data,” Neuroimage,
vol. 86, 2014.

[232] J. R. Nuñez, C. R. Anderton, and R. S. Renslow, “Optimizing colormapswith consideration
for color vision deficiency to enable accurate interpretation of scientific data,” PloS one,
vol. 13, no. 7, 2018.

[233] Y. LeCun, L. Bottou, Y. Bengio, P. Haffner, et al., “Gradient-based learning applied to doc-
ument recognition,” Proceedings of the IEEE, vol. 86, no. 11, 1998.

[234] D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,” arXiv preprint, 2014.

[235] S. Stober, A. Sternin, A. M. Owen, and J. A. Grahn, “Deep feature learning for eeg record-
ings,” arXiv preprint arXiv:1511.04306, 2015.

[236] B. Rim, N.-J. Sung, S. Min, and M. Hong, “Deep learning in physiological signal data: A
survey,” Sensors, vol. 20, no. 4, 2020.

[237] M. Imai, KAIZEN: The Key to Japan’s Competitive Success. New York: McGraw-Hill Higher
Education, 1986.

[238] D. Schmidt, Verfahren zur Ueberpruefung einer Druckform, insbesondere eines Tiefdruckzylin-
ders, Vreden, 2017.

[239] G. Hinton, S. Osindero, and Y. Teh, “A fast learning algorithm for deep belief nets,” Neural
computation, vol. 18, no. 7, 2006.

[240] K. Zhang, W. Zuo, S. Gu, and L. Zhang, “Learning Deep CNN Denoiser Prior for Image
Restoration,” in 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR),
Jul. 2017.



Bibliography 148

[241] K. Zhang,W. Zuo, Y. Chen, D.Meng, and L. Zhang, “Beyond aGaussianDenoiser: Residual
Learning ofDeepCNNfor ImageDenoising,” IEEETransactions on Image Processing, vol. 26,
no. 7, Jul. 2017, ISSN: 1057-7149.

[242] G. van Rossum, Python Tutorial, Technical Report CS-R9526, Amsterdam, 1995. [Online].
Available: http://www.python.org.

[243] K. He, X. Zhang, S. Ren, and J. Sun, “Deep Residual Learning for Image Recognition,” arXiv
e-prints, Dec. 2015.

[244] M. G. M. Yang, P. Hong, and S. B. Modi, “Impact of lean manufacturing and environmen-
tal management on business performance: An empirical study of manufacturing firms,”
International Journal of Production Economics, vol. 129, no. 2, 2011.

[245] S. Rothenberg, F. K. Pil, and J. Maxwell, “Lean, green, and the quest for superior environ-
mental performance,” Production and operations management, vol. 10, no. 3, 2001.

[246] A. Andira, N. Surbakti, et al., “Menurunkan Problem Reject Pinhole di Proses dengan Kon-
sep DMAIC di PT. XYZ, Purwakarta,” Journal of Industrial Engineering, vol. 3, no. 2, 2019.

[247] Dhirender, V. Jangra, and S. K. Garg, “Analysis of various defects during electromechani-
cal engraving of gravure cylinder,” International Journal of Engineering Sciences & Research
Technology, vol. 5, no. 4, Apr. 2016.

[248] W. Cui, Y. Zhang, X. Zhang, L. Li, and F. Liou, “Metal Additive Manufacturing Parts In-
spection Using Convolutional Neural Network,” Applied Sciences, vol. 10, no. 2, 2020.

[249] G. Köksal, İ. Batmaz, and M. C. Testik, “A review of data mining applications for quality
improvement in manufacturing industry,” Expert systems with Applications, 2011.

[250] T. Wuest, D. Weimer, C. Irgens, and K.-D. Thoben, “Machine learning in manufacturing:
Advantages, challenges, and applications,” Production & Manufacturing Research, 2016.

[251] B. Ribeiro, “Support vector machines for quality monitoring in a plastic injection mold-
ing process,” IEEE Transactions on Systems, Man, and Cybernetics, Part C (Applications and
Reviews), vol. 35, 2005.

[252] A.Azadeh,M. Saberi, A.Kazem,V. Ebrahimipour, A.Nourmohammadzadeh, andZ. Saberi,
“A flexible algorithm for fault diagnosis in a centrifugal pump with corrupted data and
noise based on ann and support vector machine with hyper-parameters optimization,” Ap-
plied Soft Computing, vol. 13, 2013.

[253] T. Poggio and S. Smale, “The mathematics of learning: Dealing with data,” Notices of the
AMS, vol. 50, 2003.

http://www.python.org


Bibliography 149

[254] T. Han, C. Liu, W. Yang, and D. Jiang, “A novel adversarial learning framework in deep
convolutional neural network for intelligent diagnosis of mechanical faults,” Knowledge-
Based Systems, vol. 165, 2019.

[255] J. Francis and L. Bian, “Deep learning for distortion prediction in laser-based additiveman-
ufacturing using big data,” Manufacturing Letters, vol. 20, 2019.

[256] G. Schuh, R. Anderl, J. Gausemeier,M. TenHompel, andW.Wahlster, Industrie 4.0 Maturity
Index: Die digitale Transformation von Unternehmen gestalten. Herbert Utz Verlag, 2017.

[257] M. Sakurada and T. Yairi, “Anomaly detection using autoencoders with nonlinear dimen-
sionality reduction,” in Proceedings of the MLSDA 2014 2nd Workshop on Machine Learning
for Sensory Data Analysis, 2014.

[258] H. Ping, Z. Zhou, Z. Shi, and T. Rahman, “Accurate and energy-efficient boundary detec-
tion of continuous objects in duty-cycled wireless sensor networks,” Personal and Ubiqui-
tous Computing, vol. 22, no. 3, 2018.

[259] K. Lankinen, Evaluation of expanded gamut printing in flexography, 2021.

[260] R. Chung and F. Hsu, “Predicting color of overprint solid,” in Proc. of the 36th IARIGAI
Research Conference, Advances in Color Reproduction, 2009.

[261] S. Boora et al., “To analyze ink density variation due to effect of ink sequence on art and
maplitho paper,” International Journal of Science, Engineering and Computer Technology, vol. 7,
no. 1, 2017.

[262] Misc, Algorithm for additive color mixing for rgb values. [Online]. Available: https : / /
stackoverflow.com/questions/726549/algorithm-for-additive-color-
mixing-for-rgb-values (visited on 2020).

[263] E. Sangmeister, Color proofing in the digital realm, 2020.

[264] Y. Liu and J. Heer, “Somewhere over the rainbow: An empirical assessment of quantita-
tive colormaps,” in Proceedings of the 2018 CHI Conference on Human Factors in Computing
Systems, 2018.

[265] S. Bruening, K. Du, M. Jarczynski, G. Jenke, and A. Gillner, “Ultra-fast laser micro process-
ing by multiple laser spots,” Procedia CIRP, vol. 74, 2018.

[266] M. Hÿtch and P. W. Hawkes, Morphological image operators. Academic Press, 2020.

[267] Y.-T. Lin and M. Hertzum, “How do designers make user-experience design decisions?” In
International Conference on Human-Computer Interaction, Springer, 2020.

https://stackoverflow.com/questions/726549/algorithm-for-additive-color-mixing-for-rgb-values
https://stackoverflow.com/questions/726549/algorithm-for-additive-color-mixing-for-rgb-values
https://stackoverflow.com/questions/726549/algorithm-for-additive-color-mixing-for-rgb-values


Bibliography 150

[268] I. M. Sebastian, J. W. Ross, C. Beath, M. Mocker, K. G. Moloney, and N. O. Fonstad, “How
big old companies navigate digital transformation,” in Strategic Information Management,
Routledge, 2020.

[269] M. Hizam-Hanafiah, M. A. Soomro, and N. L. Abdullah, “Industry 4.0 readiness models: A
systematic literature review of model dimensions,” Information, 2020.

[270] J. Kleinberg, J. Ludwig, S. Mullainathan, and C. R. Sunstein, “Discrimination in the age of
algorithms,” Journal of Legal Analysis, vol. 10, 2018.




