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1.  Introduction

The use of Big Data for different applications from mar-
keting, sales, production optimisation and maintenance 
is offering promises of so-called Industry 4.0, which 
relies on connected devices, large choice of versatile 
sensors and intelligent systems. Automation and data 
exchange of network devices controlled by artificial 
intelligence systems combined with data handling 
using cloud computing is expected to increase the pro-
ductivity and value added part of the production by sev-
eral percent. The EU has established a rather high goal 
of 20 % for the ratio of added value of production. The 
paper and graphic arts companies as a service-based 
business and in some applications as printed electron-
ics producers are also prone to adapt to the changing 
business landscape which is emerging. On the basis of a 
PwC (2016) industry survey, the forest, paper and sim-
ilar industries are currently automated around 38 % 
with predicted rise to 72 % in the next five years. The 
paper and printing industries are under pressure due to 
decreasing consumption of all paper grades, with pack-
aging papers excluded, by a report made by CEPI (2017) 
which demands the change of technology to short run 
production, production optimisation or innovation into 
new products. As new technology and innovation are 

quite expensive for small and middle-sized printers, 
one of the viable solutions is to try to optimise print 
production processes. Besides Lean Manufacturing and 
other management tools available for decades, now it is 
possible to use “redressed” problem solving and analyt-
ical tools from the Big Data portfolio for all optimisa-
tion, decision-making and problem-solving challenges. 
Some of the steps in the data mining process are very 
similar to Root Cause Analysis (management tool for 
finding hidden or underlying causes for a problem by 
mapping causing issues), in combination of “5 Why” 
(repetitive interrogative questioning why has some-
thing went wrong, with the goal of finding cause effect 
relationship in a process) and Failure Mode, Effects, 
and Criticality Analysis used in classic business prob-
lem solving (George, et al., 2005), but contemporary 
data analytics provide more powerful resources due to 
increased speed of computing, sensors and network-
ing solutions. The difference between classic business 
intelligence (reporting) and predictive business analyt-
ics is presented in Figure 1.

While the classic problem-solving methods already men-
tioned have some business value, their complexity is low 
and are mainly focused on solving one problem or a par-
ticular challenge in a total quality management system. 
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Some of these methods are reactive, while the predic-
tive analytics are driven by more complex methods and 
software solutions with the aim of maximising business 
value for a whole company. On the other hand, business 
intelligence is more concerned with the business side of 
the company. Business intelligence looks for trends at 
the macro or aggregated levels of the business, and then 
drills up, down, or across the data to identify areas of 
under- and over-performance, while predictive analyt-
ics is about finding and quantifying hidden patterns in 
the data using complex mathematical models that can 
be used to predict future outcomes (Schmarzo, 2014).

Big Data is a blanket term for any collection of data 
sets so large or complex that it becomes difficult to 
process them using traditional data management tech-
niques such as, for example, the relational database 
management systems (RDBMS). Data science and Big 
Data evolved from statistics and traditional data man-
agement but now are considered to be distinct disci-
plines (Cielen, Meyman and Ali, 2016). The relationship 
and the interconnection of different technologies can be 
observed from Figure 2.

One of the first attempts was the CRoss-Industry 
Standard Process for Data Mining (CRISP-DM) where 
the process consists of six steps or phases, as illustrated 
in Figure 3 (Bijlani and Bauer, 2016).

Figure 1: Difference between conventional and predictive analytics value and complexity, adapted from Practicanalytics (2011)
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Data mining as a core of Big Data applies statistical and 
logical methods to large data sets. These methods can 
be used to categorise the data, or they can be used to 
create predictive models. Predictive models, however, 
transform these descriptions into expectations upon 
which we can base decisions. For example, the owner 
of a book-selling web site could project how frequently 
she may need to restock her supply of a given title, or 
the supply chain manager of the print house can order 
paper stock on the basis of previous data (from book 
seller). It is important to recognise that data mining 
cannot provide answers to every question, nor can we 
expect that predictive models will always yield results 
which will, in fact, turn out to be the reality. Data min-
ing is limited to the data that has been collected (Bijlani 
and Bauer, 2016). An overview of potential problems 
and challenges as well as different applications can 
be found in Hassani and Silva (2015). Data and analyt-
ics can mainly be grouped into descriptive, predictive 
and prescriptive. A large share of the production and 
business analytics data are descriptive statistics which 
summarise what has happened during a process or an 
event. Predictive analytics, on the other hand, uses a 
vast array of data mining, machine learning and sta-
tistics and different modelling to analyse data and to 
enable some sort of predictions. These predictions are 
not deterministic as it will happen but probabilistic 
and will show what may happen. In most cases, the 
models predict missing numerical data on the basis 
of previously collected available data. For example, in 

a standardised printing production, if there was some 
minor failing out of data causing missing values, these 
models can predict what was the value or can predict 
what will be most probably the data, for example ink 
density or CIE L*a*b* value of the prints. One of the 
modifications of predictive analytics is the prescrip-
tive analytics which adds another layer to the data 
handling the actionable data and the feedback which 
returns the results of the processed action. Its fea-
ture is a prediction of the possible consequences from 
different scenarios and these models can recommend 
the best option for a preselected results or expected 
outcome.

2.  Literature overview

One of the early cases of using top down induction 
of decision tree modelling to reduce cylinder band-
ing in printing was carried out at RR Donelley & Sons 
Company by Evans and Fisher (1994) in the early 90’s 
where they managed to reduce bands in gravure print-
ing from 538 in 1989 to 42 in 1993. This is a rare case 
of published data analytics regarding some new data 
presented and gathered by Hornbuckle (2016). The 
fact is that on average a commercial printer/press is 
only productive (generating revenue) 60 % of the time 
according to a study done by SpencerLab (2017). The 
typical work cycle of a printing press is presented in 
Figure 4.

Figure 4: The work cycle of typical press, adapted from SpencerLab (2017)
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In their study, they claim that based on their analy-
sis of offset presses from manufacturers including, but 
not limited to, Komori, Heidelberg, Ryobi, Manroland, 
Goss and others, the improvement in revenue oppor-
tunity ranges from $ 500 000 to worth of $ 9 000 000 
per device per year. The variation in additional revenue 
opportunity has to do with the type of press, its capacity 
and its duty cycle. From Figure 4, it can be noted that 
predictive analytics can help with maintenance sched-
uling and optimisation and also spare parts inventory 
or additional support materials which can lead to sav-
ings in ordering and warehousing. In the papermaking, 
some of the tools for production optimisation were pub-
lished by Linnala and Hämäläinen (2001) who described 
the application of bi-level dynamic multi objective opti-
misation to the papermaking process, or more accu-
rately, the paper web brake system. The results show 
that the approach was successful: capital costs were 
decreased while maintaining adequate process stabil-
ity. However, the computing time requirements were 
relatively high; to reduce them, the operational opti-
misation on the lower level could be performed using 
a slightly simplified process model. A similar subject 
was examined in a paper by Hämäläinen, Madetoja and 
Ruotsalainen (2010). In paper industry one of the recent 
approaches was published by Fu and Hart (2016) where 
the authors collaborated with MWV mill which battled 
with significant quantities of internal rejects and pro-
duction downtimes. The authors, due to the failure 
of the classic problem-solving methods to tackle the 
issues, deployed Big Data analysis to determine the root 
causes. They reported that 6 000 operating variables 
were selected with more than nine billion data points in 
the period of almost three years. The results indicated 
an action which changed process targets and techno-
logical change in the process of drying. In a paper by 
Jackson (2011), the author presents case studies involv-
ing Big Data techniques for value chain cost and return 
of investment (ROI) optimisation in the papermaking 
industry.

There were also studies trying to solve overall quality 
and printability issues like in a thesis work by Gerard 
Leloup (2002), where the author tries to integrate the 
quality factors and predicted values for flexography 
through the use of “Printability Coefficient”. The author 
used quality factors (mottling index, edge sharpness, 
dot gain, density, dot deformation) with different con-
tribution importance to calculate the final p coefficient 
value. 

The calculation was done for the total variation range of 
the different parameters and then reduced to a “united 
result” in percentage. With the two precedent results 
and the definition of units (ci), it was also possible to 
calculate first the partial and then the global influence, 
in a percentage of “P units”, of each primary parameter 

onto the final “Printability Coefficient”. The result of 
the calculation is called unit influence coefficient (fi). 
The calculation of the distance of the user’s values (xi) 
to the references values (ai) will then be the first step 
of the calculation procedure. The obtained values will 
be divided by the defined units (ci) and then multiplied 
by (fi). The sum on the index “i” is called p, which is 
presented in Equation 1:

𝑝𝑝 = Σ 𝑥𝑥% ∙ 𝑎𝑎% /𝑐𝑐% ∙ 𝑓𝑓% 	 [1]

Also, the same study claims that is a good visual correla-
tion with the human observers assessment and the final 
conclusion is that there is a possibility that this method 
can be used in the printing industry. In another thesis by 
Lundström (2014) he used image analysis and machine 
learning methods to model offset printing. The author 
tried to solve problems of the data mining and modelling 
through the use of three levels of situation awareness. On 
the basis of chosen print quality parameters, the author 
used Random Forrest method of machine learning for 
training for a model so that the observed quality scores 
give a set of computed print quality attributes. He con-
cluded that results obtained in the thesis strongly indi-
cate that the computational intelligence-based approach 
can provide an objective print quality assessment. Whilst 
other researchers focus on a global approach where a 
large area of the print is scanned, the techniques devel-
oped in this thesis are able to compute useful print qual-
ity attributes from small test areas. It was demonstrated 
that the overall print quality scores obtained from human 
assessed print samples can be modelled with a good 
accuracy by using the print quality attributes acquired 
on-line from the printing press. In their study, Parola, et 
al. (2003) developed a software in MATLAB and used it in 
the web print measurement. They have tested their sys-
tem on a newspaper press concentrating on paper web 
tension problems while investigating more than 2 000 
customer reels. They have reported that the press com-
ponents had major influences on the slackening of the 
web. Beside press parameters, there were correlations 
regarding paper properties which influenced press reg-
ister accuracy. The end-user printer found the IQTension 
named software measurement module useful for trou-
bleshooting and material evaluation. Similar problems 
regarding web printing were studied by Alzghoul, et al. 
(2009) where they used data mining techniques with 
two approaches to study web breaks. They used genetic 
search to analyse process results with a set of input varia-
bles providing the lowest average loss incurred in taking 
decisions. They have reported on average 93.7 % of test 
data set were classified correctly. Also, there were some 
statistical studies in flexo by Matulaitienė and Jurkonis 
(2013) in analysing a one year run of flexo press and mis-
takes using SPSS statistical software. One more study in 
flexo printing problem-solving data mining was carried 
out by Ejsmont, Krystosiak and Lipiak (2015). One large 
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study regarding banding in gravure printing was pre-
sented by Gaudard, Ramsey and Stephens (2006), where 
they used JMP software for data analysis and data mining 
techniques on an available data set regarding banding 
problems. They found that banding has 11 categorical 
variables and 18 continuous variables in predictors. They 
have used both partition examples and classification 
trees as a subpart of Six Sigma project work.

3.  Integrating the data collection

The paper production machines have a high degree of 
automation. Preventive maintenance of sensors/scan-
ners and actuators in the machine level control system 
(MCS), process control system (PCS) and quality control 
system (QCS) are key enablers for achieving continuous 
availability of the sensors/scanners over the entire life 
cycle of the system. In addition, automatic controllers 
have to be constantly adapted to the altered conditions 
and goals of paper production and this closed production 
circle is enabled through proprietary software. Logs and 
sensors reading regarding different production param-
eters are implemented to wet end, dry end, and stock 
preparation process phases. In a paper by Gough, et al. 
(2007), the authors present a model-based predictive 
adaptive process controller on a number of challeng-
ing pulp and paper mill control loops including paper 
machine reel brightness control, lime kiln temperature 
profile control, slaker temperature control, and extrac-

tion stage pH control. The presented solution resulted 
in financial cost saving and enables paper makers to 
significantly improve their process control. Also, some 
mathematical modelling of pulp and paper production is 
presented in a work by Jansson, et al. (2004). One of the 
largest company in the paper sector, Voith, uses complex 
process and predictive analytics in the PaperMiner soft-
ware for process optimisation where 6 000 readings are 
continuously taken and stored during the paper produc-
tion. The PaperMiner and the process control software 
relies on self-organizing maps (SOM) (Bullinaria, 2004). 
The SOM method can be used for forecasts with good 
success. Once a SOM has been generated, the place of 
a modified machine setting can be determined on the 
two-dimensional map, and it can be used to determine 
the expected values for the desired target parameters, 
such as porosity, formation, etc. (Bamberger and Nicolas, 
2005). Of course, the quality of such forecasts is greatly 
dependent on the number of data sets used to generate 
the map, and whether or not all major influences were 
included. Decision Trees are another method of analy-
sis. In order to use Decision Trees, a target value to be 
analysed is first selected. The Decision Tree can then 
be used to find out which process adjustments must 
be made. Another product is OnV, which is predicting 
quality parameters based on readings from process data 
– in real time. As an example of sensor complexity in 
a sensoring system on a wet end of a paper making 
machine by Voith, necessary for good data array access 
for prediction purposes, is shown in Figure 5.

Figure 5: One of the industrial solution of sensor readings for process control by Voith, adapted from Stibl and Natterer (2005)
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On the other hand, the printing and graphics arts indus-
try is lagging in terms of integrated process automa-
tion and solutions for predictive analytics. There are 
several closed loop control systems for web printing 
with modelling and analytics (Kaestner and Nilsson, 
2003; Verikas, Malmqvist and Bergman, 2000; Shankar, 
Ravi and Zhong, 2009) or Heidelberg’s Prinect Image 
Control but authors report several problems of these 
systems (focusing just on the colour aspect of the print-
ing reproduction):

• Uncertainty in both printing and papermaking 
industries about the main reasons causing too 
extensive variations of high-quality colour prints 
leading to insufficient overall print quality, cus-
tomers’ complains, and substantial economic 
losses. 

• Lack of comprehensive knowledge of the inter-
action between paper, printing press, ink, and 
other constitutes of the printing process. This gap 
leads to difficulties in finding economically plau-
sible means of adjusting technological parame-
ters for optimising the papermaking and printing 
processes. 

• Lack of robust tools for print quality predictions 
based on various paper, ink, printing press and 
process parameters. 

• Lack of tools capable of online measuring of sev-
eral print quality attributes, which aggregated 
into a print quality measurement provide print 
quality assessments well correlating with human 
evaluations. 

• Lack of tools capable of explaining which techno-
logical process parameters are failing when the 
overall print quality is insufficient.

In a broader view, the printing industry has recently 
started to implement the Management Information 
Systems (MIS) which are large pieces of software cov-
ering from Customer Relationship Management (CRM), 
to scheduling and estimating of print, with more or 
less basic tools for process control and capabilities. One 
of the interface solutions, which enables the commu-
nication between different machines and computers, 
is the one based on Job Definition Format (JDF). This 
format allows systems from many different vendors to 
interoperate in automated and MIS centric workflows. 
Currently, this system is still developing and it is not 
a straightforward one (the papermakers have closed 
loop as the installations are mainly from one producer), 
because of a large number of equipment and software 
producers. There is a possibility to make a relational 
database through the JDF Storage Engine which can cre-
ate some sort of base for the Data Mining and Analytics 
but there are no reports about a larger scale of indus-
try implementation using this capability. The previously 
mentioned Prinect Image Control by Heidelberg is scan-
ning the printed sheet and the reference print control 
strips and makes end loop quality control adjustment 
based on a preset data either by internal database or 
by JDF file. But it still lacks the sensoring of all process 
parameters (paper condition, ink viscosity and temper-
ature, print pressure) and prediction of colour on the 
basis of these readings. As we can observe in Figure 6, 

Figure 6: Sensor systems by Pepperl+Fuchs Inc. (2003) for sheet-fed offset printing press 
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a solution for an array of sensors for the sheet-fed off-
set printing press enables a lot of readings, but there 
is a lack of many sensors for process control and data 
gathering for process variables which can influence the 
final print quality.

The MIS software solutions or production control soft-
ware enable business analytics about production speed, 
downtimes (where the causes are often manually put 
in by the operator) and can serve to improve efficiency 
regarding printing press operation and capacity han-
dling. The joining of the two process control systems 
into one Big Data capable system is still a work in pro-
gress for the printing industry.

4.  Theoretical blueprint 
for a corrugated factory

To show the possibilities of using Big Data and data ana-
lytics in the printing industry, the theoretical blueprint 
of a corrugated factory with data collection points is 
presented. One of the challenges is solving the “5 V” of 
Big Data (Volume, Velocity, Variety, Veracity and Value). 
In a book by Marr (2015) these concepts are referring 
to the challenges of a data mining system regarding the 
acquisition, usability and final added value of the col-
lected data. In our theoretical framework, we shall try 
to integrate the production/process improvement and 
business analytics department. The basic corrugated 
factory, due to easier overview, will constitute from one 
corrugator, one flexo printing and die-cutting machine 
and one flexo folder gluer. The information stream will 
be separated into four levels and in four output users. 
The terminology and levels were adopted from Marr 
(2015). The four most important layers are:

• Data source layer (all sensor data and other 
machine information comes here, customer data-
base, sales records, etc.)

• Data storage layer (distributed file system where 
all real-time and other data are stored)

• Data processing and Analysis where data is 
reduced with tools like MapReduce, and is priori-
tised to be analysed

• Data output layer where the end user is presented 
with statistics or Key Performance Indicators (KPI)

The data is streamlined and adapted for users/custom-
ers, financial users, internal processes/production and 
employees. 

The data source layer would be collecting data from 
online continuous data measurement system regard-
ing internal logistics (paper rolls) into and out from 
the warehouse to the corrugators. The system can be 
solved using RFID labels or other smart labels with geo 

positioning in the paper roll warehouse. The warehouse 
has to have a weather station which sends data regard-
ing relative humidity and temperature, which affect the 
runnability properties of the used papers. The corruga-
tors can be equipped with inline measurement system 
for adhesive preparation, inline paper roll temperature 
measurement during the preheating, and viscosity 
measurement of the starch adhesive. After glueing the 
separate layers, additional inline measurement devices 
would be installed for humidity, surface cleannliness 
and mechanical properties such as tensile strength, 
stiffness and warping. The machine’s internal control 
system is a part of the Big Data system regarding speed 
and other machine’s specific sensor data connected to 
the control screen. The data gathered from the machine 
can be used further for back-looping any warping or 
other corrugating problems (based on collected data) 
in the process and should be send to quality control and 
to the next machine in line, to adjust machine settings 
according to the already produced corrugated board. 
If the values are out of limits, the software automati-
cally reschedules the job and cancel any bad material 
going further up in the process and making downtime 
on other machines. This data also goes to the financial 
users, employees concerned and supply chain manage-
ment (regarding stock change).

The data feed can be used to predict any printing or con-
verting problems based on the humidity and mechan-
ical properties of the made corrugated board. For 
example, too low humidity will increase the possibility 
of cracking of die-cut and crease lines. The thickness or 
calliper of the board can also be used as a predictor for 
the flexo printing machine to adjust the gap between 
rolls and other transport elements which may alter the 
mechanical properties of the produced board. 

On a flexo printing and die-cutting machine, the inline 
measurement of printing ink viscosity, colour values 
and die-cutting and creasing quality, respectively, can 
be monitored constantly to streamline the production 
process. The data from the creasing and die-cutting 
operation are transferred to the next working station, 
the flexo folder gluer, which has internal control (glue 
viscosity, glue gap detection and the side joining image 
processing), which is interconnected to the mechanical 
properties of the board and cutting and creasing quality.

All data (bad quality, rework, etc.) is stored for post 
analysis and data-based error prediction, while finan-
cial data of costs are automatically updated in the busi-
ness part of the system. The production data is also 
stored per user for post analysis and prediction. The 
data mining and predictive analysis can be used to 
improve the productivity with sending data from the 
converting machines to the board producing machines 
for the current or next production.
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