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ABSTRACT

Purpose: This research aims to design a model of a quality prediction system using
data mining methods in the software-as-a-service (SaaS) environment in order to
facilitate manufacturers' ability to analyse process and product quality without
software investment.

Methodology/Approach: To develop the quality prediction model, this study
utilised a data mining methodology to extract knowledge from historical data
collected from the offset printing industry, focusing on manufacturing parameters.
Four classification algorithms (Decision Tree, k-NN, Naive Bayes, Random Tree)
were employed and compared to identify the most precise model specifically
tailored for offset printing. Subsequently, the prediction model was integrated into
a web-based system to enable quality prediction.

Findings: This study demonstrates the practicality of integrating quality prediction
into the SaaS framework, specifically for offset printing. This integration is
designed to predict how manufacturing control parameters, such as printing slope
angle, engine temperature, paper size, ink density, and roller speed, relate to the
occurrence of product defects such as crumpled paper and imprecise printing.

Research Limitation/implication: Generalizability is constrained by its focus on
the offset printing industry, and prediction accuracy relies on historical data, which
can vary across manufacturing sectors, affecting model performance.

Originality/Value of paper: This article presents the concept and practical
implementation of utilising data mining in a SaaS environment to enhance the
quality of manufacturing, with a particular emphasis on the offset printing sector.

Category: Case study
Keywords: data mining; offset printing; quality prediction; software as a service
Research Areas: Quality 4.0, Quality Engineering
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1 INTRODUCTION

Offset printing is a modern printing technique that is used for the
commercialisation of printing products such as newspapers, magazines, and others
(Shankar, Ravi and Zhong, 2003; Lundstrém and Verikas, 2013). Quality and
reliability are two important aspects that must be prioritised in the printing process
because every company engaged in printing does not want print materials, such as
paper, that are wasted due to defects (Shankar, Ravi and Zhong, 2009). Paper, ink,
colour management, printing angle, ink-water balance, roller speed, machine
temperature, and size of paper are several factors that can affect the quality of
printing results (Ng, Conners and Araman, 1992; Kim and Koivo, 1994; Shankar,
Ravi and Zhong, 2009).

Some defects that can occur from the results of printing are crumpled paper, rough
paper surface, piling, mottling, imprecise printing, etc. (Ejnarsson, Verikas and
Nilsson, 2009; Lundstrom and Verikas, 2013). Based on factors and defect results
in offset printing processes, several companies began to prioritise identifying these
two aspects in order to improve the quality of products.

In the digital era, characterised by easier access to vast data, manufacturers are
actively seeking to leverage data for enhanced quality management systems
(Efimova and Bris, 2021). One of the initiatives involves conducting an in-depth
analysis to uncover how process parameter data can influence product quality
using data mining. Data mining methods have already been shown to be an
efficient tool to improve manufacturing product and process quality in
semiconductor industry, bio-chemical process, or plastic production (Jemwa and
Aldrich, 2005; Chien, Wang and Cheng, 2007; Charaniya et al., 2010). Data
mining in a quality management system is a method that can be used to identify
hidden patterns in manufacturing control parameters that aim to improve product
quality (Harding et al., 2006). Previous research shows that data mining can
produce patterns and association rule from parameter control as a factor that affect
the quality of product, and it can be used for predictive analysis in manufacturing
processes (Da Cunha, Agard and Kusiak, 2006; Kusiak, 2006; Koksal, Batmaz and
Testik, 2011).

The greatness of data mining is sometimes not applicable to companies because of
high investment prices or the high complexity of the design and implementation
of this method. (Medvedev et al., 2017) build a new web-based solution for
modelling data mining processes called DAMIS. DAMIS is a data mining method
that is implemented in cloud technologies. This web-based data mining show
capabilities in data classification, clustering, and dimensionality reduction
problems. With this solution, an organisation can analyse their data by using the
web without having to build software investment. Another example of
implementing web-based data mining is the Apromore software developed by (La
Rosa et al., 2011). Apromore can do the analysis, management, and usage of large
sets of process models. Apromore can do the process mining to build a business
process model. Web-based data mining concept developed by (Medvedev et al.,
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2017) and (La Rosa et al., 2011) can be called as software-as-a-service (SaaS)
concept. This concept provides services to clients to use data mining software in a
web-based or online manner. SaaS is a prevalent software delivery model in the
cloud (Elsayed and Zulkernine, 2019).

2 USING SAAS IN QUALITY MANAGEMENT SYSTEM

Manufacturing companies, both large or small and medium enterprise industries,
face the challenge of delivering high-quality products while minimising the use of
resources (Song et al., 2017; Colledani, Tolio and Yemane, 2018; Sahoo and
Yadav, 2018; Khourshed and Gouhar, 2023). Hence, companies will implement
and prioritise a quality management system in each manufacturing process. In a
conventional quality management system, manufacturing data is obtained from the
flow of material during the production process. After that, manufacturing data that
has been obtained will be analysed using offline statistical-based analyser software
such as SPSS or RapidMiner. (Gao et al., 2011) shows an example implementation
of SPSS in processing manufacturing data, specifically to analyse the relationship
between soy sauce composition as a manufacturing control parameter on the
quality of product taste. Besides the statistical-based approach, in manufacturing
data analysis, RapidMiner can be used as a data mining tool to get knowledge from
historical data. Groger, Schwarz and Mitschang, 2014 use RapidMiner to mine
manufacturing data to evaluate production processes and improve the quality of
products. After the process of data analysis, if the output of analysis shows that
data is still in-control, so there is no corrective action. But, if there is out-of-control
data, corrective action will be taken to improve manufacturing processes.
Conventional quality management systems can be seen in Figure 1.

Material Flow

Manufacturing
Data

Data Corrective
Analysis Action

Quality
onitoring

Figure 1 — The conventional quality system
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In quality management systems, SaaS can be used to analyse and predict the
quality of products and manufacturing processes. With web-based quality
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prediction systems, companies do not need to invest in quality software because
they are only asked to import the data quality on the web. Quality control analyser
processes in SaaS concept flow can be seen in Figure 2.
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Predictive Analysis

Figure 2 — The SaaS concept for quality prediction

As shown in Figure 2, several clients can access the web-based quality engine. A
quality engine processes data imported by a client into an output. The processing
can be performed in the form of statistical-based or data-mining approaches to
produce predictive analyses.

Association rule or decision tree can be used as a result of data mining processing.
This approach produces a quality prediction of product and manufacturing
processes. This concept can be implemented in SaaS. After the association rule or
decision tree is obtained, the predictive rule is implemented in web-based
programming code. With this concept, the client imports data in a certain format
to an online-database, and then the engine will process raw data with a data mining
approach. The results of processing will be immediately seen or downloaded
online by the client in a short time.

3 METHOD

The method focused on data mining methodology, which will be implemented in
the SaaS concept. The stages in processing raw data into predictive analysis will
be explained and continued with the stages of designing web-based quality
prediction that are used as validation stages. In general, this research method is
divided into five stages, namely data collection and selection, data preprocessing,
knowledge extraction, knowledge presentation, and SaaS prototype
implementation.
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3.1 Data Collection

Data collection is an important stage in the data mining approach. Relevant data
must be obtained from the material flow in manufacturing plants. Several data
collection methods were developed by (Lin, Yan and Fu, 2019) to determine
relevant data from raw data. This research object is one of the offset printing
companies in Indonesia that produces novels (storybooks). This company has
manufacturing data control parameters and product defect data from production
results. The manufacturing parameters in this offset printing company are as
follows:

e Printing slope angle: This parameter is related to the angle position in the
printing device for each type of product, which can vary in terms of the
angle value (300 °C, 350 °C, 400 °C, 450 °C, and 500 °C).

o Roller speed: This parameter is related to the printing device speed, which
can be set depending on the production target (5000 rpm and 9000 rpm).

e Printing engine temperature: This parameter is the temperature parameter
of the machine, which can increase due to continuous processes on a scale
of 260 °C-280 °C.

e Paper size: This parameter consists of three types of paper size: S (small),
M (medium), and L (large).

e Ink density: This parameter is related to the ink-water balance, which can
be different from one production to another production (60%, 70%, and
80%).

All of these manufacturing parameters will predict the effect of the two types of
defective paper, namely, crumple defects in the paper cover and imprecise printing.
An example of datasets of the relationship between the manufacturing parameter
control and paper defects for each novel is presented in Table 1.

There are 1,491 instances in the datasets that will be identified based on the
manufacturing plant. Each of the 1,491 titles has a different number of production
units. Aside from the difference in the number of productions, five manufacturing
control parameters vary for each novel book, accompanied by the percentage of
defects produced. Based on this data, data processing will be conducted using a
control chart to measure the defective proportion of the production of each type of
product. This raw data format can be used as an example of an imported data
template from clients in uploading processes on web-based systems that will be
designed.
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Table 1 — An example of datasets from manufacturing parameter control

Parameter Defect (unit) Defect (%0)
[5) e L )
N ) o = o [<5] o Q
No.  Title "rod BB 2o 22 F§ T_ 2o 22 2. 2P
Unit << a E = O o oo s o= L o5
02 52 28 ©§ 02 Es 5E Es &E
S€ 2= wWwg § x 2o gf 2o gF
((,—3) 8 e o c O - @) =
1 Title-1 2,000 45 8,000 268 S 80 8 10 0.40 0.50
2 Title-2 2,000 50 5000 264 S 80 2 4 0.10 0.20
3 Title-3 2,000 45 5000 274 S 80 3 2 0.15 0.10
4 Title-4 5000 50 6,000 282 S 70 6 24 0.12 0.48
5 Title-5 2,000 45 5000 278 S 80 9 9 0.45 0.45
6 Title-6 2,000 30 5000 264 S 80 8 9 0.53 0.60
1491 Title-1491 750 45 5m000 275 S 80 5 5 0.67 0.67

3.2 Data Preprocessing

Data preprocessing is an essential aspect in the data mining approach to obtain
final data sets, and one of the tools that can be used in the preprocessing stage is
the control chart (Garcia, Luengo and Herrera, 2016). An attribute control chart is
usually used to control the process using attribute data, e.g., reject number. There
are several types of control charts, i.e.,., np-chart, p-chart, c-chart, and u-chart
(Chen and Cheng, 1998; Amirzadeh, Mashinchi and Parchami, 2009; Chong, Khoo
and Castagliola, 2014). A p-chart is a type of control chart used to measure the
reject proportion of the production, and it can be used when the number of samples
collected is not constant (Chukhrova and Johannssen, 2019). This research used p-
chart to make valid category limits for each defect, and the equation models are as
follows:

k .
i = Sz (1)
— Z?:l a;
b= nxk (2)
ucL = p — 3 |22 (3)

n

where n — sample mean; k — number of observations, x; — number of productions
for title i, p — defect proportion, a; — number of defects for product i; and UCL —
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Upper Control Limit. Based on equations 1 to 3, this research obtained a UCL
value of 0.003459 (crumpled paper) and 0.003286 (imprecise printing).

3.3 Knowledge Extraction

Knowledge extraction is the stage of extracting information from data to be used
as knowledge (Gangemi et al., 2016; Yang et al., 2018). All stages of this
extraction are using RapidMiner Studio software. RapidMiner is open-source
software for analysing data mining. Processing data using RapidMiner was aimed
at obtaining knowledge from databases that do not yet have entities (Ristoski,
Bizer and Paulheim, 2015). The mining process focused on the slope angle, roller
speed, engine temperature, paper size, and ink density. It led to assessments of
defects, determining whether they were considered acceptable or unacceptable.
The layout design for knowledge extraction in the RapidMiner software is
presented in Figure 3.
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Figure 3 — Knowledge extraction processes in RapidMiner
As shown in Figure 3, there are three steps in the knowledge extraction process:

(1) Read Excel: This research performed the extraction processes using an import
database method with an Excel file.

(2) Error minimising process: The replacement missing value technique and data
value removal were used at this stage to complete existing data or make existing
data available for processing.

(3) Cross-validation: This is a statistical method that evaluates and compares the
algorithm by dividing data into two types of data, namely, training data (used for
training models) and testing data (data that are used after training models). This
last step is presented in Figure 4.
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Figure 4 — Process view cross-validation in RapidMiner
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As shown in Figure 4, a decision tree is used to describe the structure of the model.
This structure can be used for prediction processes from a set of inputs to be the
desired output. Table 2 shows that the decision tree has the highest accuracy value.
Using these findings, the decision tree functions as a forecasting method,
generating outcomes for quality prediction. The outcomes from the decision tree
display predictions linked to manufacturing control factors (such as printing slope
angle, roller speed, paper size, engine temperature, and ink density) related to
defects, illustrated in Figures 5 and 6.

Table 2 — Predictive algorithms accuracy

No. Predictive  Crumple Imprecise
Algorithms Paper Printing
1 Decision 95.64% 95.48%
Tree
2 k-NN 91.41% 92.42%
3 Naive Bayes  81.15% 80.81%
4 Random 75.45% 75.51%
Tree
Temperature
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‘ Unacceptable ‘ ‘ Roller Speed ‘

5000
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7000 \9000
8000
A

4{ Ink Density

—{ Ink Density
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0.6 0.6
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0.6
-
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-

Unacceptable ‘
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-
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Unacceptable ‘

Acceptable ‘
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0.8

0.8 0.8

0.8

— Acceptable

}‘ Acceptable ‘

»‘ Unacceptable ‘
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Note:

Acceptable = No crumpled paper defects
Unacceptable = Crumpled paper defects

Figure 5 — Decision tree for crumpled paper defect
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Note:
Acceptable = No imprecise printing defects
Unacceptable = Imprecise printing defects

Figure 6 — Decision tree for imprecise printing defect

3.4 SaaS Prototype Implementation

After obtaining the decision tree models, the next step is implementing the model
into a web programming code. This programming code acts as a data processing
tool for quality prediction in the SaaS concept. The proposed algorithm for the
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crumpled paper defect and imprecise printing defect model as a result of the decision
tree is presented in Figures 7 and 8.

Quality prediction algorithm {crumple paper defect)

Step L

1: | Importing excel data from client about manufacturing parameter contrel
and product defect for each type to database.

Step2

2: | Get the data from database, then the data is entered into a variable for
processing,

Step 3

3: | Datais processed based on the results of the decision tree to determine the
acceptable or unacceptable product:

if Engine Temperature > 27.40, then Product = Unacceptable;

else go to rollerSpeedFunction

rollerSpeedFunction:

if Roller Speed = 5000 or 6000, then go to inkDensityFunctionl;

else if Roller Speed = 7000, then go to inkDensityFunction2;

L - O S

else if Roller Speed = 8000, then go to inkDensityFunction3;
10: | else Product = Unacceptable

11: | inkDensityFunctionl:

12: | if Ink Density = 0.6 or 0.7, then Product = Unacceptable;
13: | else Product = Acceptable

14: | inkDensityFunction2:

15: | if Ink Density = 0.6 or 0.8, then Product = Unacceptable;
16: | else Product = Acceptable

17: | inkDensityFunction3:

18: | if Ink Density = 0.7 or 0.8, then Product = Unacceptable;
19: | else Product = Acceptable

Step 4
20: | The output will be exported for download

Figure 7 — The proposed quality prediction algorithm (crumpled paper defect)
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Quality prediction algorithm (imprecise printing defect]
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Step 1

Importing excel data from client about manufacturing parameter control and
product defect for each type to database,

Step 2

Get the data from database, then the data iz entered into a variable for
processing,

Step 3

Data is processed based on the results of the decision tree to determine the
acceptable or unacceptable product

if Engine Temperature = 27,40, then Product = Unacceptable;
else go to rollerSpeedFunction

rollerSpeedFunction:

if Reller Speed = 5000 or 5000, then go to inkDensityFunctionl;
else if Roller Speed = 7000, then go to inkDensityFunction2;
else if Roller Speed = 8000, then go to inkDensityFunction3:
else Product = Unacceptable

inkDensityFunctionl:

if Ink Density = 0.5 or 0,7, then Product = Unacceptable;

else Product = Acceptable

inkDensityFunction2:

if Ink Density = 0.5 or (LS, Product = Unacceptable;

else Praduct = Accaptable

inkDensityFunction3:

if Ink Density = 0.5, then Product = Unacceptable;

else if Ink Density = 0.7; go to paperSizeFunction;

else Product = Unacceptable

papersizeFunction:

if Paper Size = L, then Product = Acceptable;

else Product = Unacceptable

Step 4

The output will be exported for download

Figure 8 — The proposed quality prediction algorithm (imprecise printing defect)

Two algorithms in Figures 7 and 8 will be implemented in web programming code
(PHP code). This research builds a prototype SaaS concept for quality prediction
with localhost server (using XAMPP software). The user interface of this web-
based quality prediction can be seen in Figures 9 to 11.
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Figure 9 — Home user interface
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Figure 10 — The user display for upload data
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Figure 11 — The user display for download data

The prototype web quality prediction is the ARCINDO beta version (as in the
home user interface shown in Figure 9), which in the future will be developed into
a full version and can be accessed by all manufacturing companies. An example
of the user display for uploading product and process quality data (in Excel format)
is shown in Figure 10, and the display for downloading data by the user is
presented in Figure 11. Users can download the product and process prediction
results in a PDF or MS Excel format.

4 CONCLUSION

In this part, the system will be tested by generating random data (manufacturing
parameter control and defect data) to be inputted into the web-based quality
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prediction ARCINDO software, and it will test the prediction results in the system.
MATLAB is used for generating parameter control and defect data. The random
number generator method is used in MATLAB for generating data. An example of
random data in the Excel format is presented in Figure 12.

A B C D E F G
1 | No Product ID Slope Angle Roller Speed Engine Temperature PaperSize Ink Density
2 1 D1 35 9000 27.35 S 0.8
3 2 D2 30 6000 27.97 M 0.8
4 3 D3 40 6000 26.03 S 0.7
5 4 D4 30 7000 27.51 S 0.7
6 5 D5 30 7000 27.25 M 0.8
7 6 D6 50 6000 26.48 S 0.7
8 7 iD7 40 8000 26.89 L 0.6
9 8 iD8 50 9000 27.26 M 0.7
10 9 D9 50 5000 27.31 S 0.7
n 10 D10 30 5000 26.33 S 0.6
12 11 ID11 45 7000 27.09 M 0.8
13 12 D12 45 9000 27.01 M 0.8
14 13 ID13 45 9000 27.89 M 0.7

Figure 12 — An example of excel input format

After generating random data, the Excel data (1500 data) will be uploaded in the
ARCINDO system to predict product defects for each ID. The processing time of
this system is quite fast. For example, the processing for 1500 data only takes less
than 5 s. The results of the processing data are presented in Figure 13.

Ounbty Prechcton Rewudt pdt - Adobe Acrcbat Reader OC

7/5/2018

Quality Prediction Result
Data Unaccepted: 1112

D1 Engine Temperature < 27.45; Roller Speed 5000; Ink Density 0.6
ID2  Engine Temperature > 27,45
ID3  Engine Temperature > 27,45
ID4  Engine Temperature > 27.45
ID5  Engine Temperature > 27.45
D6 Engine Temperature < 27.45; Rolier Speed 5000; Ink Density 0.7
ID7 Engine Temperature > 27.45
ID8  Engine Temperature S 27.45; Roller Speed S000; Ink Density 0.7

0N O MR W e

Figure 13 — An example of PDF output format

Based on the implementation results, the data mining process in the SaaS concept
was successfully performed. The output can be presented in two formats, i.e., PDF,
which can be used as a reporting material, and Excel, which can later be further
processed by clients from the quality prediction systems.
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5 CONCLUSION

This research aims to build a quality prediction using the model in the SaaS
concept prototype using a data mining method. Based on a case study in the offset
printing manufacturing industry, quality prediction using the SaaS concept is
feasible in companies. In the processing stage, data mining methods can be used
as tools for prediction. In this case, the use of decision trees can provide a
conclusion for acceptable or unacceptable products from the manufacturing
parameter control. Nonetheless, many developments can still be done from this
research, including applying the SaaS concept to prototypes and implementing it
continuously in manufacturing companies, using other data mining algorithms to
achieve higher accuracy, and using other methods in preprocessing data to produce
acceptable and unacceptable determinations.

ACKNOWLEDGMENTS

This work has been supported and sponsored by the Faculty of Industrial
Technology, Institut Teknologi Nasional Bandung. A high appreciation to the
Department of Industrial Engineering and all the faculty member for the support
in this project.

REFERENCES

Amirzadeh, V., Mashinchi, M. and Parchami, A. (2009) ‘Construction of p-charts
using degree of nonconformity’, Information Sciences, 179(1-2), pp. 150-160.
Available at: https://doi.org/10.1016/j.ins.2008.09.010.

Charaniya, S. et al. (2010) ‘Mining manufacturing data for discovery of high
productivity process characteristics’, Journal of Biotechnology, 147(3—4), pp.
186-197. Available at: https://doi.org/10.1016/j.jbiotec.2010.04.005.

Chen, G. and Cheng, S.W. (1998) ‘The exact u chart can be obtained using simple
adjustments’, Statistics and Probability Letters, 37(4), pp. 357-365. Available at:
https://doi.org/10.1016/s0167-7152(97)00138-7.

Chien, C.F., Wang, W.C. and Cheng, J.C. (2007) ‘Data mining for yield
enhancement in semiconductor manufacturing and an empirical study’, Expert
Systems  with  Applications, 33(1), pp. 192-198. Awvailable at:
https://doi.org/10.1016/j.eswa.2006.04.014.

Chong, Z.L., Khoo, M.B.C. and Castagliola, P. (2014) ‘Synthetic double sampling
np control chart for attributes’, Computers and Industrial Engineering, 75(1), pp.
157-169. Available at: https://doi.org/10.1016/j.cie.2014.06.016.

Chukhrova, N. and Johannssen, A. (2019) ‘Improved control charts for fraction
non-conforming based on hypergeometric distribution’, Computers and Industrial
Engineering, 128(June 2018), pp. 795-806. Available at:
https://doi.org/10.1016/j.cie.2018.12.066.

ISSN 1335-1745 (print) ISSN 1338-984X (online)



QUALITY INNOVATION PROSPERITY / KVALITA INOVACIA PROSPERITA 27/3 —2023 123

Colledani, M., Tolio, T. and Yemane, A. (2018) ‘Production quality improvement
during manufacturing systems ramp-up’, CIRP Journal of Manufacturing Science
and Technology, 23, pp. 197-206. Available at:
https://doi.org/10.1016/j.cirpj.2018.07.001.

Da Cunha, C., Agard, B. and Kusiak, A. (2006) ‘Data mining for improvement of
product quality’, International Journal of Production Research, 44(18-19), pp.
4027-4041. Available at: https://doi.org/10.1080/00207540600678904.

Efimova, A. and Bris, P. (2021) ‘Quality 4.0 for processes and customers’, Quality
Innovation Prosperity, 25(3), pp. 33-47. Available at:
https://doi.org/10.12776/qip.v25i3.1609.

Ejnarsson, M., Verikas, A. and Nilsson, C.M. (2009) ‘Multi-resolution screening
of paper formation variations on production line’, Expert Systems with
Applications, 36(2 PART 2), pp. 3144-3152. Available at:
https://doi.org/10.1016/j.eswa.2008.01.043.

Elsayed, M. and Zulkernine, M. (2019) ‘Offering security diagnosis as a service
for cloud SaaS applications’, Journal of Information Security and Applications, 44,
pp. 32-48. Available at: https://doi.org/10.1016/}.jisa.2018.11.006.

Gangemi, A. et al. (2016) ‘Identifying motifs for evaluating open knowledge
extraction on the Web’, Knowledge-Based Systems, 108, pp. 33-41. Available at:
https://doi.org/10.1016/j.knosys.2016.05.023.

Gao, X. etal. (2011) ‘Changes in the chemical composition of traditional Chinese-
type soy sauce at different stages of manufacture and its relation to taste’,
International Journal of Food Science and Technology, 46(2), pp. 243-249.
Available at: https://doi.org/10.1111/j.1365-2621.2010.02487 .x.

Garcia, S., Luengo, J. and Herrera, F. (2016) ‘Tutorial on practical tips of the most
influential data preprocessing algorithms in data mining’, Knowledge-Based
Systems, 98, pp. 1-29. Available at: https://doi.org/10.1016/j.knosys.2015.12.006.

Groger, C., Schwarz, H. and Mitschang, B. (2014) ‘The manufacturing knowledge
repository consolidating knowledge to enable holistic process knowledge
management in manufacturing’, in ICEIS 2014 - Proceedings of the 16th
International Conference on Enterprise Information Systems, pp. 39-51. Available
at: https://doi.org/10.5220/0004891200390051.

Harding, J.A. et al. (2006) ‘Data mining in manufacturing: A review’, Journal of
Manufacturing Science and Engineering, 128(4), pp. 969-976. Available at:
https://doi.org/10.1115/1.2194554.

Jemwa, G.T. and Aldrich, C. (2005) ‘Improving process operations using support
vector machines and decision trees’, AIChE Journal, 51(2), pp. 526-543.
Available at: https://doi.org/10.1002/aic.10315.

ISSN 1335-1745 (print) ISSN 1338-984X (online)



124 QUALITY INNOVATION PROSPERITY / KVALITA INOVACIA PROSPERITA 27/3 -2023

Khourshed, N. and Gouhar, N. (2023) ‘Developing a Systematic and Practical

Road Map for Implementing Quality 4 . 0°, Quality Innovation Prosperity, 27(2),
pp. 96-121. Available at: https://doi.org/10.12776/QIP.\V2712.1859.

Kim, C.W. and Koivo, A.J. (1994) ‘Hierarchical classification of surfaced defects
on dusty wooden boards’, Pattern Recognition Letters, 15(7), pp. 713—721.

Koksal, G., Batmaz, 1. and Testik, M.C. (2011) ‘A review of data mining
applications for quality improvement in manufacturing industry’, Expert Systems
with  Applications, 38(10), pp. 13448-13467. Available  at:
https://doi.org/10.1016/j.eswa.2011.04.063.

Kusiak, A. (2006) ‘Data mining: Manufacturing and service applications’,
International Journal of Production Research, 44(18-19), pp. 4175-4191.
Available at: https://doi.org/10.1080/00207540600632216.

Lin, H., Yan, Z. and Fu, Y. (2019) ‘Adaptive security-related data collection with
context awareness’, Journal of Network and Computer Applications,
126(September 2018), pp. 88-103. Available at:
https://doi.org/10.1016/j.jnca.2018.11.002.

Lundstrém, J. and Verikas, A. (2013) ‘Assessing print quality by machine in offset
colour printing’, Knowledge-Based Systems, 37, pp. 70-79. Available at:
https://doi.org/10.1016/j.knosys.2012.07.022.

Medvedev, V. et al. (2017) ‘A new web-based solution for modelling data mining
processes’, Simulation Modelling Practice and Theory, 76, pp. 34-46.

Ng, C.T., Conners, R.W. and Araman, P.A. (1992) ‘An Experimental Machine
Vision Prototyer for the Inspection of Plannar Webs’, in The 24th Southeastern
SYmposium on System Theory, pp. 483-487.

Ristoski, P., Bizer, C. and Paulheim, H. (2015) ‘Mining the Web of Linked Data
with RapidMiner’, Journal of Web Semantics, 35, pp. 142—-151. Available at:
https://doi.org/10.1016/j.websem.2015.06.004.

La Rosa, M. et al. (2011) ‘APROMORE: An advanced process model repository’,
Expert Systems with Applications, 38(6), pp. 7029-7040. Available at:
https://doi.org/10.1016/j.eswa.2010.12.012.

Sahoo, S. and Yadav, S. (2018) ‘Total Quality Management in Indian
Manufacturing SMEs’, Procedia Manufacturing, 21, pp. 541-548. Available at:
https://doi.org/10.1016/j.promfg.2018.02.155.

Shankar, N.G., Ravi, N. and Zhong, Z.W. (2003) ‘On-line defect detection in web
offset printing’, International Conference on Control and Automation, (June), pp.
794-798. Available at: https://doi.org/10.1109/icca.2003.1595132.

Shankar, N.G., Ravi, N. and Zhong, Z.W. (2009) ‘A real-time print-defect
detection system for web offset printing’, Measurement: Journal of the
International Measurement Confederation, 42(5), pp. 645-652. Available at:
https://doi.org/10.1016/j.measurement.2008.10.012.

ISSN 1335-1745 (print) ISSN 1338-984X (online)



QUALITY INNOVATION PROSPERITY / KVALITA INOVACIA PROSPERITA 27/3 —2023 125

Song, Z. et al. (2017) ‘Data quality management for service-oriented
manufacturing cyber-physical systems’, Computers and Electrical Engineering,
64, pp. 1339-1351. Available at:
https://doi.org/10.1016/j.compeleceng.2016.08.010.

Yang, J. et al. (2018) ‘Knowledge extraction and visualization of digital design
process’, Expert Systems with Applications, 92, pp. 206-215. Available at:
https://doi.org/10.1016/j.eswa.2017.09.002.

ABOUT AUTHORS

Fahmi Arif0000-0002-4720-0793 (g Ay _ PhD, Assistant Professor, Department of
Industrial Engineering, Institut Teknologi Nasional Bandung, Indonesia, e-mail:
fahmi.arif@itenas.ac.id

Fadillah Ramadhan?000-0003-1728-4460 (£ R ) _ [_ecturer, Department of Industrial
Engineering, Institut Teknologi Nasional Bandung, Indonesia, e-mail:
f.ramadhan@itenas.ac.id

Wildan Sayf (W.S.) — Student, Department of Industrial Engineering, Institut
Teknologi Nasional Bandung, Indonesia, e-mail: wildansayf@gmail.com

AUTHORS CONTRIBUTIONS

Conceptualization, F.A.; Methodology, F.A and F.R.; Software Development,
W.S.; Validation, F.A., F.R. and W.S.; Formal analysis, F.R. and W.S,;
Investigation, F.A., F.R. and W.S.; Resources, F.A.; Data curation, F.A. and F.R;
Original draft preparation, F.R.; Review and editing, F.A.

CONFLICTS OF INTEREST

The authors declare no conflict of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of
the manuscript, or in the decision to publish the results.

© 2023 by the authors. Submitted for possible open-access publication under the

@ @ terms and conditions of the Creative Commons Attribution (CC-BY) license
(http://creativecommons.org/licenses/by/4.0/).

ISSN 1335-1745 (print) ISSN 1338-984X (online)



