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Abstract : The purpose of this study was to develop an innovative supervisor system to assist the operators in an industrial
manufacturing process to help discover new alternative solutions for improving both the products and the manufacturing
process. This paper presents the solution for integrating different types of statistical modelling methods for a usable
industrial application in quality monitoring. The usability of the tool was tested both offline and online in two case
studies.
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1. Introduction
Quality management, delivery reliability and resource effi-

ciency are cornerstones of competitiveness in today’s steel in-
dustry. Quality, cost and cycle time are the factors that give ad-
vantage over one’s peers, and among them, quality is critical for
getting long-term competitive advantages [1]. Recent develop-
ments in steel markets, such as new competitors in market and
the need for carbon emissions reduction while improving the
quality and delivery reliability make the operating environment
of steel industries more dynamic and complex. On the other
hand, recent advances in the statistical modelling and IT tech-
nologies create new opportunities to predict the related quality
and delivery problems in a more integrated way and at an ever
larger scale, and this way to enable tools for smart manufactur-
ing.

Knowledge engineering and data mining have enabled the
development of new types of manufacturing systems, and fu-
ture manufacturing is able to adapt to demands of agile manu-
facturing. But still, the industry utilizes extensively the lowest
level of knowledge [2]. To achieve the higher leves of knowl-
edge, new solutions for intelligent methods for data utilization
are needed. The veracity of the data has an important role when
ensuring the correctness of the support services. Furthermore,
when the time between data collection and utilization shortens,
the automated data pre-processing becomes a necessity.

When product quality improvement is pursued,[3] suggest
that the process monitoring system should have at least fol-
lowing functions: it should be able to predict product quality
from operating conditions, to derive better operating conditions
that can improve the product quality, and to detect faults or mal-
functions for preventing undesirable operation. Statistical mod-
els can predict the future outcome, which enables the process
and production planning. The challenge is the communication
between people, how to get information that they need from
the process or the product, is the information transfer enabled
between the work posts or manufacturing facilities, or how to
provide information about the malfunction or decreased quality
of the products. The information should be presented clearly,
solutions for the problem, also warnings if automatic correc-
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tive actions are enabled. Knowledge should be a base of the
conversation.

2. Problem Space
During the manufacturing process, hundreds or thousands of

factors are measured and process settings are calculated and
the data is stored into databases. There is a need for predictive
models that can be utilized from the beginning when process
settings are designed. Statistical models process effectively the
process data into information, but depending on the end user,
the produced information should be presented differently. Op-
erators need a clear presentation of the current process status,
because they have to make decisions quickly and their cognitive
workload should be considered. Engineers in process devel-
opment department may need more detailed information about
the process, because they appreciate the possibility to dig into
deeper. Process managers prefer general information and re-
ports from the process and yield. Maintenance need to get early
warnings before the malfunctions.

In this article, two case studies are presented in steel indus-
try. We have developed methods for monitoring the profile of a
steel strip and the roughness of a stainless steel surface. How-
ever, the proposed Quality Monitoring Tool (QMT) is not ap-
plication dependent, but it can be used in other manufacturing
areas respectively. With prediction models, it is possible to de-
sign products that more likely fulfil the requirements as well as
to find root causes for the failure.

Steel strip profile is a quality property that the product devel-
opment and the customer set the target. This information is also
essential for the following process steps; especially negative
profile can be very harmful to cold rolling. The model provides
the user with better insight of the effect of process parameters,
and it can also be used to test the users prior assumptions or un-
derstanding of the process. The surface roughness of stainless
steel strip can be detected after the strip has been polished. It
would save time and effort, if the risk for roughness was pre-
dicted and the user was able to reallocate the high-risk coils
for other end users with lower surface quality requirements. It
is equally important to detect the process settings that increase
the risk and to re adjust the process if systematic quality fail-
ures occurred. The user can predict the roughness, and if the
risk for roughness is large, the product can be allocated for less



demanding use, or the product settings can be changed to en-
sure the better quality.

3. Quality monitoring tool
In the beginning of the development of the quality monitoring

tool (QMT), there were several requirements set by business,
end users and IT environment of the process industry. The de-
velopment work consisted of a series of workshops with partic-
ipating companies, development partners and joint workshops
with all stakeholders. Technical specifications of the tool were
stable and reliable applications, intuitive, logical and consis-
tent user interface, informative information presentation, per-
formance, maintainability, scalability, security, authentication,
recoverability, standards and tools, accessibility.

Quality information sources for the QMT are models imple-
mented in R language and equations and rules implemented in
C++ Mathematical Expression Toolkit Library (ExprTk) . R is
free and open source language for statistical computing [4]. R
is integrated to QMT with RServe module, which allows other
programs to use facilities of R. R scripts can be written stan-
dalone and integration to QMT is straightforward. ExprTk is a
mathematical expression parsing and evaluation engine [5]. It
is integrated to QMT by including it directly to source code.

The tool present a colour-coded view to the production. The
colours indicate the quality of each product based on the qual-
ity models. The user interface of the tool is presented in Figure
1. User can follow simultaneously only one or several quality
models depending on the needs, and by clicking the bar pre-
senting each product, more production information about the
corresponding product will be provided.

Fig. 1 The user interface of the QMT.

In the case of low predicted quality of the product, the user is
provided with the information about the probable root causes.
When the product is compared to similar products with good
quality, the differences between production parameters can be
visualized (Figure 2). The user can be advised with simple sug-
gestions for parameter adjustments as well.

4. Discussion
We have developed an online quality monitoring tool for

information acquisition and sharing in manufacturing in co-
operation with VTT, Finland. We built several statistical mod-
els for quality prediction and the models are accessible with a
web based user interface. The tool was applied to two different
steel making processes. Currently, the tool has been tested both
offline and online mainly with engineers working at process de-
velopment. Their experiences have been a valuable resource for
further development of the tool.

Fig. 2 The intelligent visualization of the process parameters.

The presentation of the modelling results with colours en-
ables to get an overview of the process with several quality pre-
dictions at once. When the user notices a deviant product or a
period, it is easy to fetch more information about the product
by selecting suitable actions from the menu. The feedback of
the users was positive for the general view of the process as it
managed to present the overview of several models at once, and
it enabled the location of problems in production. Additionally,
several visualization methods for the finding the root causes for
low quality have been implemented into the QMT.

During the manufacturing process, the data may be stored
into different databases and the data format may change; the
input for missing values may be coded differently, and even
the character for a decimal point may vary. The connections
to actual process databases took a long time to build, and we
noticed that all data is not continuously available. Thus, we
had to develop tools to indicate that the reliability of the pre-
dictions may be decreased with incomplete data. In addition,
automatic checking for data quality is important. For example,
the measurements may be out of the range of the training data
set for several reasons; the product may be rare and made with
unusual process settings or erroneous measurements may have
been stored. In either case, the user should be aware of the
situation in order to do required actions.
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