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Paperboard is a renewable packaging material that has seen its demand rise driven by global
recognition of climate change and changes in consumer-needs. Increasing regulation is be-
lieved to accelerate the need of renewable materials to replace end-of-life products even
more. This bachelor’s thesis aims to find underlying reasons that lead to waste in a paper-
board producing company’s production planning phase. This waste is referred to as customer
order-based waste. The thesis also looks at digital solutions that can be used to reduce this
waste. The assignment was received from a paperboard company that prefers to stay anony-
mous.

Production management consists of planning and managing functions regarding a com-
pany’s products and services. It is then the management of the processes that lead into prod-
ucts or services, such as manufacturing. Through a literature review, traditional production
management strategies are presented and new digital production management themes intro-
duced. Industry specific requirements are recognized and suitable strategies and methods
found.

An explorative data-analysis is conducted on the client company’s order data and important
waste generators are recognized. In addition to a previous hypothesis of the waste being
customer-based, new reasons leading to waste are also identified as both user- and manage-
ment-based waste are found. With findings from the literature review and results from the
analysis, suggestions are concluded for improved management of customer order-based
waste.
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1 Introduction

Paperboard is a widely used packaging material made from renewable sources. Its demand
is driven by customer-needs of replacing fossil-based materials, preferring recyclable mate-
rials and fighting climate change (Metsé Board 2023, 12; Stora Enso 2023, 6). Increasing
regulation and legal requirements are factors that accelerate the need of recyclable materials
to replace end-of-life products (Safaei, Roozbeh & Paydar 2017, 1; Metsa Board 2023, 12—
13). The global board market demand is expected to stay stagnant (Stora Enso 2023, 3) or
grow only slightly (Mets& Board 2023, 12) in the near future. This combined with expected
high inflation, high interest rates and stagnant GDP (Nobile 2023) raises interest towards
improving operational efficiency.

This thesis looks at understanding and improving the trim efficiency of a paperboard ma-
chine. From literature regarding Cutting Stock Problems (CSP), it is noticed that improving
trim efficiency can bring both economical as well as environmental savings. Wattanasiriseth
and Krairit (2019, 8) state that with applying CSP in the wooden pallet industry, raw material
waste was able to be decreased by up to 70,86 % while the greenhouse gas emissions of
imported wood were reduced by approximately 5,32 %. According to the International en-
ergy Agency, the pulp and paper sector produced about 190 Mt, or about 2 % of all industry
carbon dioxide emissions in 2021 (IEA 2023). Efficiency improvements can then bring along

significant environmental savings.

The CSP has been widely studied yet it has become apparent that none of the numerous
solutions are omnipotent, as different real world use cases always have their own require-
ments (Khan, Pruncu, Khan, Naeem, Abas, Khalid & Aziz 2020; Prestwich, Fajemisin,
Climent & O’Sullivan 2015). A research gap is noticed, as most of the literature is only
centered around finding the optimal cutting patterns to cut a set of orders, while not consid-
ering the actual list of orders to be cut. Khan et al. (2020) scratch the surface on this topic,
by acknowledging previously over-produced and usable leftover production alongside new

production.

In this thesis, the traditional view is challenged, as a way of altering the order list is studied.

The thesis also looks at improving production management with digital solutions that are



based on Industry 4.0 technologies and supply chain cooperation. Alongside being motivated
by the research gap, this thesis is conducted as a part of larger digitalization development in

the client company.

1.1 Objectives and research questions

The purpose of this bachelor’s thesis is to find the underlying reasons of waste generation in
the production planning phase of an anonymous paperboard manufacturing company. The
thesis is conducted in collaboration with the company. As a hypothesis, the aforementioned
waste is believed to be customer-based. Thus, one of the thesis’ objectives is to either con-
firm or replace this hypothesis. This is carried out by creating a detailed account of the rea-

sons leading into waste generation.

Another objective of the thesis is to present an overview of relevant digital solutions that are
found to be helpful in similar cases within the manufacturing industry. The final object is to
present the usefulness of these digital measures in combating the waste-generating-factors

that are found.
These objectives are approached with the following main research question:

“How can the amount of customer order-based waste be reduced with new digital solutions

in the target company?”

This main question will be approached with the following set of sub-questions:
“From which components does the customer order-based waste consist of?”
“Can customers causing more waste than usual be found from the order data?”

“What digital waste reducing solutions can be recognized from literature?”

1.2 Methods and limitations

The thesis can be divided into two sections, as it includes both a literature review and an
empirical case study. With the literature review, a theoretical base for the thesis is created to
help in understanding the background, results and possibilities of the case study. The theo-

retical base is put together using relevant scientific articles and other literature found mostly



from LUT Primo and Scopus databases. The case study is done by analyzing a set of real-
world order data provided by the client company. With guidance from the theoretical base,

the analysis’ results are used to answer the thesis’ research questions.

When discussing traditional production management concepts, the thesis is limited to cover
the topics from the paperboard industry’s point of view. Thorough examination of traditional
CSP solutions is out of the thesis’ scope for three reasons. First, the client company already
has an optimization feature built into its planning software, although this has been found to
be useful in only a few specific situations. Most of the time the optimization cannot take into
account the requirements of the production chains in case. Second, most of the methods are
based on complex mathematical algorithms, which are difficult to understand on a detailed
level. Third, the traditional methods are often more than 20 years old, so they have probably

been visited numerous times in the past.

When discussing digital production management methods, the topics are covered from a
wider industrial perspective, as the methods are relatively new in comparison to the tradi-
tional ones. The latter discussion is also limited to having an emphasis on methods that uti-

lize production related data to improve the performance of production and/or supply chains.

The empirical part of the thesis is limited by focusing on a specific paperboard machine, or
more precisely its winder. In this thesis the machine and winder are not always specified as
separate phases, as they are so tightly linked to each other. This focus means leaving other
similar machines and other phases of the value chain out of the thesis’ scope. This also means
that the conclusions of the thesis may not consider for example logistics and warehousing
related realities. Some important phases of the chain are described as they are vital to under-

standing certain aspects of the planning process.

Limitations of the thesis also include focusing strictly on customer order-based waste, which
means that waste originating from the usage or attributes of the paperboard machine are not
considered. This kind of waste could include for example second grade production, produc-
tion stoppages and production during changing of grades. Customer order-based waste in-
cludes all the waste that is caused by the mix of customer orders, their compatibility with a
paperboard machine’s trim width and errors in the order arrangement process called trim-
ming. Lastly, the thesis is limited to concern only a selected group of products instead of the

whole product range of the machine. This is due to controlling the extent of the thesis as well



as timing reasons. It also allows leaving out products that have been able to be produced

with less waste.

1.3 Structure

This thesis has five main chapters. The first chapter, introduction, introduces the subject and
explains the reasoning behind the thesis, as well as what it aims to achieve. The second
chapter describes common production management themes and challenges in the paperboard
industry and enables the understanding of the following chapters. In the third chapter, new
digital production management methods are introduced, and their possible advantages are

discussed.

The fourth chapter introduces the case with basic information of the anonymous client com-
pany and elements of its production and supply chain. Within the same chapter, the com-
pany’s current issue is also presented along with an overview of the data and methodology
that is used in search of reasons behind the problem. At the end of chapter four, the results
of the analysis are presented. Lastly, in the fifth and final chapter, the thesis is summarized
as conclusions are drawn from previously mentioned results. They are compared with pre-
vious knowledge, and the compatibility of methods introduced as solutions to the problem

is considered.



2  Production management in paperboard industry

Production management means the activities that make up the planning and management of
a company’s functions regarding its products and services. Therefore, it regards a company’s
internal processes leading into the production of its products or services. (Martinsuo,
Makinen, Suomala & Lyly-Yrjandinen 2016, 117) This chapter describes a simplified pa-
perboard industry production process, examines common production management methods
and their fit in the industry and introduces a production planning problem that companies in
the industry often face. In this thesis, the term “paperboard industry” covers both paper and
paperboard industries. The supply chains and production phases are extremely similar within
these industries and therefore using knowledge about paper industry is well-founded. This
is supported by Murthy (2015, 91-135), who even presents the two industries as one: paper
and paperboard industry. Furthermore, Holik (2013, 1040) explains the difference between
paper and board as products to be just their thickness, measured in grams per square meter
(GSM).

A paperboard production process always begins from a forest. Both Bredstrém, Lundgren,
Ronngvist, Carlsson and Mason (2004) and Ronnqvist (2003) describe a supply chain of a
Swedish pulp company. The chain begins with logs, both domestic and imported, being cut
and transported to the pulp mill along with sawdust from sawmills. At the pulp mill, pulp is
produced and shipped to customers. (Bredstrém et al. 2004, 4-5; Ronngvist 2003, 281-282)

Kim, Kim and Cho (2014) describe the paper production process from pulp as a raw material
to sheets and reels as finished products. First, a paper machine is used to produce paper from
pulp. The machine winds the paper into a jumbo reel, which is then unwound and cut into
smaller reels with a winder. These smaller reels can either be sent to a sheet cutter or wrapped

as they are, depending on customer preference. (Kim et al. 2014, 5675-5677)

Another usual production phase is extrusion coating. Extrusion coating is a process in which
a coating of molten polymer is applied to the surface or surfaces of the product (Durling
2017, XIX). This is usually done for one of the following reasons: providing a moisture
barrier, increasing damage resistance, providing adhesion between layers or providing a

heat-sealable material (Durling 2017, 213). In the overall process, extrusion coating sits after



the paperboard machines winder, as the process uses “customer reels” as its raw material.
An extrusion coating machine has its own winder as well, so the coated reels can be cut to
fit the customer or sheeting process needs. A model of a simple paperboard industry produc-

tion process is compiled and presented visually in figure 1.

(Extrusion coating + customer

Raw material procurement )
reel winding)

(Sheet cutting)

Pulp production Customer reel winding

Paperboard production Jumbo reel winding

Figure 1. Simplified production process for paperboard (Bredstrom et al. 2004, 4-5; Kim et
al. 2014, 5675-5677; Ronnqvist 2003, 281-282)

The process pictured in figure 1 is missing important supply chain phases for example in
logistics and warehousing. This is because of the limitations of the thesis, as only the pictured
steps are vital for understanding the work. Parentheses in the figure demonstrate optional

phases.

2.1 Production models

A production model defines when and partially how a company answers to the demand it
faces, or forecasts, with its production. On the other hand, production models can be seen as
different supply chain types. Traditionally, six different models have been defined to de-
scribe the ways different companies manage their production (Naylor, Naim & Berry 1999;
Yang & Burns 2003). These models are:



= Engineer To Order (ETO)

= Buy To Order (BTO)

= Make To Order (MTO)

= Assemble To Order (ATO)

= Make To Stock (MTS) and

= Ship To Stock (STS) (Naylor et al. 1999; Yang & Burns 2003).

Each of these models has a specific Customer Order Decoupling Point (CODP), which is
key in identifying different models (Samadhi & Hoang 1995, 97). The CODP is the point in
a supply chain, where the product is assigned to a specific customer (Olhager 2003, 319) or
on the other hand the point where the final product specifications get frozen (Sharman 1984,
75).

Another attribute differentiating the models is whether the production is push or pull driven.
In push driven systems a production quantity is decided based on demand forecasts, while
in pull driven systems the production quantity is set strictly by the demand of the next pro-
duction phase or customer (Cochran & Kaylani 2008, 949). Bonney, Zhang, Head and Bar-
son (1999, 55) state the main difference of the two systems to be the direction of production
control information flow; in a push system, the information flows with the material flow,
while in a pull system the flows go in opposite directions. It is however important to note

that in practice, most systems include both push and pull elements (Bonney et al. 1999, 53).

ETO is a production model for extremely customized products. In ETO production, the pro-
duction flow is completely customer order driven, as the products their selves are designed
for the customer either from scratch or by modifying existing designs. (Gosling & Naim
2009) Therefore the CODP is before any production, in the design phase of the product, and
the system is completely or mostly pull driven. According to Samadhi and Hoang (1995,
99), the uncertainty of ETO operations is the highest within the models and that the demand

of ETO products cannot be forecasted.

In the BTO model, the products to be made are already designed, but in other ways it is quite
similar to the ETO model. The products are highly customized and often require rarely used

raw materials, so their demand cannot be forecasted accurately. This causes long lead times,



as the raw materials are procured only after receiving orders, as the name implies. (Yang &
Burns 2003, 2077; Naylor et al. 1999, 113) With the BTO model, the CODP is again located
before actual production, this time in the procurement phase. Just like ETO, this model is

also pull driven.

MTO is a model for situations where the uncertainty of demand can be forecasted on some
level. It is suitable when different products use the same raw materials, which makes pre-
order raw material purchasing and warehousing possible (Yang & Burns 2003, 2077; Naylor
etal. 1999, 113). This way lead times can be somewhat reduced, with the products still being
quite customized (Naylor et al. 1999, 113). According to Samadhi and Hoang (1995, 99),
the uncertainty of MTO operations is still quite high. Naylor et al. (1999,113) recognize the
main risk source to be the holding of raw materials and components in storage. The CODP
for an MTO system is at the beginning of production, which makes it mostly a pull process,

with a push start by procuring the raw materials in advance.

To further reduce lead times while maintaining most of the customizability and improving
demand predictability, ATO model can be suitable (Samadhi & Hoang 1995, 99; Yang &
Burns 2003, 2077; Naylor et al. 1999, 113-114). It is however only suitable for products that
can be manufactured in parts; first creating the components and then combining these com-
ponents to assemble different products. If this is achievable, components can be produced
and stored pre-order (Yang & Burns 2003, 2077). Post-order, customized products are as-
sembled to customer specifications with a noticeable reduction in lead times. The ATO
model also handles risks and uncertainty better, as the materials in storage have multiple
end-use applications. (Naylor et al. 1999, 113-114; Samadhi & Hoang 1995, 99) With the
component production and assembly happening in distinct phases, the CODP is located in
between them. Therefore, the model includes push manufacturing with a pull system begin-

ning from the assembly phase.

MTS is a model that suits businesses with low market and operations uncertainty, standard
products with no customization and stable or predictable demand. With the MTS model,
complete products are manufactured before customer orders and stored by the manufacturer
until purchase. (Samadhi & Hoang 1995, 99; Yang & Burns 2003, 2077; Naylor et al. 1999,
114) Producing to stock increases risks in the business, but then again it cuts lead times
significantly and can be justified with predictable demand. This however forces the manu-

facturer’s management to focus more on controlling stock levels (Samadhi & Hoang 1995,



99). STS is similar to MTS, but it adds distribution into the list of activities that happen pre-
order (Yang & Burns 2003, 2077). This means that the finished, standard, products are sent
closer to predictable customers, for example to foreign countries. This requires accurate
forecasts (Naylor et al. 1999, 114) and carries the most significant risks of the models. Both
MTS and STS are push driven models, with MTS’ distribution making an exception as a pull
driven activity. Both of their CODPs are after the production.

Figure 2 presents the process control information flows (push/pull) of the traditional six pro-
duction models. The figure also includes the supply chain phases in which different CODPs

are located and the relative demand uncertainty of each model.

Procurement Production Assembly Storage Distribution

Engineer To Order
(ETO)

Buy To Order
(BTO)

Make To Order
(MTO)

Customer
Assemble To Order
(ATO)

Demand uncertainty

Make To Stock
(MTS)

ship To Stock fo e A
(STS)
Material flow
-

B rush ] pull > coop

Figure 2. Production control information flows and customer order decoupling points by
production model and supply chain phase (Bonney et al. 1999; Cochran & Kaylani 2008;
Gosling & Naim 2009; Naylor et al. 1999; Samadhi & Hoang 1995; Yang & Burns 2003)

Due to the thesis’ limitations, setting the production process into the framework presented
in figure 2 is done from the perspective of the winding phase. The winder is then seen as the
production phase of the framework. Although paper is also produced, it works as the raw

material for the winder and is thus located in the procurement phase.
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Customer orders are placed as reel or sheet orders. The orders specify for example the grade,
quantity, GSM and the dimensions of the product. (Murthy 2015, 93-95) With this
knowledge of the production process and the general production models, paper and paper-
board production can be recognized to utilize the MTO production model. The typical orders
do not include any kinds of designing or engineering and the procurement (figure 1 process
up to Paper production) is done by forecasting (utilizing RPP). This means that ETO and
BTO models are not suitable and that the process until the winder is push driven. The CODP
is typically at the winding phase, as that is when the final specifications are frozen, and the
reels assigned to specific customers. From there on, the process is pull driven, as the reels
and sheets are stored, post-processed and distributed as needed by the customer. As an ex-
ception to the above, if the demand for a product is predictable and the product dimensions
are standardized, the CODP can be moved to the storage phase, which makes MTS an option

in these specific conditions.

2.2 Production optimization

In the paperboard industry, two phases of production planning can be recognized: Rough
Production Planning (RPP) and trim optimization. RPP shows the initial sizing of production
lots or cycles. Cycles are time or capacity constrained spaces reserved for certain grades to
be produced (Bouchriha, Ouhimmou & D’Amours 2005). RPP makes it possible to place
customer orders into a somewhat set place in time, which allows more precise planning.
Trim optimization (trimming) considers customer order specifications and creates the final
production plan to be followed at the winder. It focuses on a single cycle or a part of a cycle
at a time. Compared with figure 1, RPP can be seen as the planning of phase “Paperboard
production”, while trim optimization plans “Jumbo reel winding” and “Customer reel wind-

2

ing”.

In the scope of this thesis, trim optimization is the only way to improve production effi-
ciency. Improving the efficiency is important, as both Ronnqvist (2003, 283) and Murthy
(2015, 91) state that even minor improvements in efficiency usually bring along major sav-
ings. Effective production planning and cutting stock techniques are essential parts of paper
producing companies’ operational performance (Kallrath, Rebennack, Kallrath, & Kusche
2014, 374).



11

To optimize a paperboard machine’s production, it’s trims must then be optimized. A trim,
or a deckle, consists of all of a production runs customer orders in the correct amounts and
positions. A production run is a part of a production cycle, which as explained earlier is a
production time or amount constrained space reserved for the production of a certain prod-
uct. A cycle consists of one or multiple runs, while a run consist of one or multiple orders.

According to Ronnqvist (2003, 281), a typical run has 5-50 different orders.

As per Murthy (2015, 108) the winder planning (trimming) begins with categorizing the
customer orders by their attributes, most importantly grade and GSM. This categorization
creates cycles. Within a cycle, the categorization is continued, and the orders are grouped by
attributes such as diameter and winding side. These groups within a cycle are the production
runs. The strict categorization is needed in order to fulfill customer requirements as all the
customer reels produced in a run will have the same diameter (Murthy 2015, 95-96) and the

same winding side.

Trimming a production run is creating cutting patterns for the winder in a way that the cus-
tomer reels can be cut from the jumbo reel with minimal widthways waste or trim loss. A
pattern is defined as a feasible combination of smaller widths to be cut from a master reel by
Khan et al. (2020, 1). The trim created by these patterns should also make sure that the orders
will be produced in the correct amounts. In addition to respecting the maximum width of the
jumbo reel, the patterns must also respect the winder’s number of cutting knives, which de-
termines the maximum number of reels in a pattern. A simple trim is visualized in figure 3,

which also aims to clarify the relationships between orders, runs and cycles.

A pattern{ 1 640 400
1 650 400
4 550 550 -
- Production run 1
(Diameter 800 mm)
3 1120 - Cycle 1
Production run 2
(Diameter 1000 mm) Cycle 2
3 595 540 Cycle 3
Cycle 4
8 400 400 400
LYJ -
Amount of patterns Jumbo roll width

to be cut

Figure 3. A trim and its position in the production planning scope
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From figure 3 it can be seen that cycle 1 consists of two production runs, which are differ-
entiated by their end-product diameters. It is also seen that the first production run trim con-
sists of six different cutting patterns and a total of 20 times that a pattern is cut. The customer
reels are marked with their widths in millimeters and their ability to fill a 1200-millimeter-
wide jumbo reel can be examined visually. The most significant trim losses are displayed in
red. For example, 160 millimeters of waste on a 1200-millimeter trim means that over 13 %

of potential end-product goes to waste as trim loss.

Even in the simple trim, there are seven different orders and a total of 45 customer reels to
be cut. The presented trim is just one of an almost endless number of ways to combine these
45 reels. The number of combinations is reduced when considering the limitations caused
by the jumbo reel width and the number of knives, but the number of combinations is still
extremely high. This creates a common paperboard industry problem: the Cutting Stock
Problem (CSP) (Kim et al. 2014, 5675; Kallrath et al. 2014, 374).

The CSP is about cutting large objects to smaller pieces to meet the demand of the pieces
(Melega, de Araujo & Jans 2018, 2). The problem is well studied, and it is present in multiple
industries including paper, glass, furniture and textile industries (Pitombeira-Neto & Murta
2022, 2). Khan et al. (2020, 1-2) state the optimal CSP solution to be the number of times
that feasible patterns are cut from jumbo reels to satisfy ordered quantities while minimizing
waste and taking into account over-produced reels and useable leftovers. This definition is
more thorough and fit to industry than the briefer and more traditional definitions presented
by Melega et al. (2018), Kallrath et al. (2014) and Kim et al. (2014), which all focus only on
cutting the jumbo reels.

Literature presents a multitude of techniques to solving the CSP. They can be divided into
mathematical optimization, which looks to find the optimal solutions with minimal waste,
and heuristic algorithms, which look for close to optimal solutions with more reasonable
execution times compared to mathematical optimization. When formulating the CSP, sim-
plifications have to be made. (Rodriguez & Vecchietti 2008, 2813) These simplifications
can have varying effects on the results, which can even lead to heuristic techniques beating
optimized solutions (Westerlund & Isaksson 1998). The CSP can also be solved manually
by a production planner (Kallrath et al. 2014), or by using commercial or custom software
(Berberler, Nuriyev & Yildirim 2010). These methods are not examined more thoroughly

due to the limitations of the thesis.
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3 Data-driven production management

In this chapter, production management themes driven by digitalization and data are pre-
sented. An important concept is Industry 4.0. Industry 4.0 or the Fourth Industrial Revolution
consists of advanced technologies in fields such as data analytics, simulation and Internet of
Things (10T). It aims to revolutionize manufacturing by interconnecting machines into smart
networks. Industry 4.0’s main goals are achieving smart factories and Cyber-Physical Sys-
tems (CPS). (Gunal 2019, 1) CPSs are systems that combine computational entities with
physical machinery in a collaborative way and achieve deep interaction between them (Mo-
nostori, Kadar, Bauernhansl, Kondoh, Kumara, Reinhart, Sauer, Schuh, Sihn & Ueda 2016,
621). To understand them, it is critical to view them as the interaction between the physical
and the computational worlds. To only understand each component is not sufficient. (Lee &
Seshia 2017, 1) The smart factory, as presented by Zuehlke (2010), is composed of smart
objects capable of interacting with each other. The smart factory is then essentially a CPS-

based manufacturing unit.

This chapter is divided into two parts. The first part looks at what a paperboard company
can do on its own to combat challenges in its production planning. The part discusses a new
production model along with Industry 4.0 related technologies. Use of the selected technol-
ogies is justified, and a use case of the production model is found from the steel industry.
The second part looks at future possibilities brought by applying Industry 4.0 technologies
and the organizational changes they bring throughout the value chain. An emphasis is set on
examining the effects on the supply network and order management. The preconditions and

challenges regarding these major changes are also discussed.

3.1 Data-driven planning

Make To Forecast (MTF) is a more recent approach to production models, that combines
attributes from the traditional models, most notably from MTS and MTO. It is based on
forecasting demand as is done with MTS and finishing the product according to customer
specifications as in MTO. MTF has a lot of similarities with ATO, but the two serve different

situations. ATO is suitable when product customization is done by rearranging standard
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modules. MTF is suitable when a production process can be divided into sections and a point
where the products is still eligible to be customized in multiple ways is recognized. Including
others, it is seen to fit situations in the paper industry, where standard reels can be stocked

and later cut to customer requirements. (Akinc & Meredith 2015)

As pointed out in chapter 2.1, paperboard is ordered as reels or sheets with multiple custom-
ization factors, which makes jumbo reels the only standard reels and stocking them does not
solve anything. Therefore, in order for MTF to be useful, there is a need to identify new
standard or near standard reel sizes. Kerkkanen (2007) explains a similar situation from the
steel industry. When deciding if steel billets should be made to stock, the deciding factor is
if it fits all or most of the customer orders without significant material losses (Kerkkanen
2007, 117). Applied into the paperboard industry, this means that unordered reels could be
produced to stock if they could be utilized for probable future orders with minimal material
losses. In practice, this could be done in three ways: 1. forecasting the exact dimensions of
possible order, 2. forecasting dimensions that are (about) multiples of possible orders and 3.
forecasting dimensions that can be split into multiple possible orders. These options are pre-

sented visually in figure 4.

Forecasted width 2000
Future order (option 1) 2000
Future order (option 2) ‘ 980 980 |
Future orders (option 3)‘ 980 620 620 I

Figure 4. An example of options for forecasting customized orders in paperboard industry

As seen from figure 4, a well forecasted order can have even multiple use cases. In the figure,
a made-up 2000-millimeter-wide order can later be used to satisfy 1. a 2000-millimeter-wide
order, 2. an about 980-millimeter-wide order that needs postprocessing and 3. multiple var-

ying width orders that need postprocessing. For options 2 and 3, postprocessing is needed as
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the smaller reels need to be cut from the forecasted reel. A typical postprocessing process is

extrusion coating.

The example presented in figure 4 is not perfect however, as it has multiple limitations. First
of all, in order for option 3 to work, all used orders must have identical specifications apart
from width. Regarding all of the presented options, not only the width of the forecasted order
must be forecasted correctly, but also the grade and thickness of it. This makes the process

of forecasting quite complicated, but manageable with the right measures.

Modern manufacturing systems create loads of data, which has great potential if harnessed
correctly. (Stefanovic, Dakic, Stevanov & Lolic 2020, 54) Hamaéléinen and Inkinen (2017)
showcase the possibilities of using big data in process industry and in a paper mill. Utilizing
big data in a supply chain can improve the visibility of a value chain as well as improve
operational efficiency and prediction (Wang & Alexander 2015, 61). Hamaladinen and Ink-
inen (2017, 2) expand on this by stating that understanding big data, production processes
and decision making can offer nearly unlimited possibilities of improving efficiency. They
also point out that big data only gains its value when it is processed with relevant algorithms
that can produce analytical results of it. When harnessed, big data provides new information
for all of the mill personnel. Production, customer order and broke (waste) data are in the
group of main data sources when creating a paper mill big data system. (Hamélainen & Ink-
inen 2017)

As pointed out earlier, data is only valuable when it is analyzed, and insight is gained. Onggo
(2019) introduces a simulation system to support short-term operations management deci-
sions. The system is made possible by Industry 4.0 technologies’ abilities to manage data,
and tools like it are important when dealing with complex problems with limited time
(Onggo 2019, 153). The system uses machine learning (ML), which enables it to compare
the expected and realized outcomes of operational management decisions and learn from
them. That is, ML enables simulating and optimizing the real process in a way which gets

continuously more accurate and faster. (Onggo 2019, 160)

ML is a branch of artificial intelligence. It utilizes data for learning and classification by
using algorithms. These algorithms get progressively better by every data input they receive.
Thus, the ML model keeps developing and becomes able to describe the data and make

forecasts with increasing accuracy. Appropriate ML models are able to predict future
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changes and adapt to them, therefore creating competitive advantage for those successfully
utilizing them. By constantly updating the models with the most recent data, an organization

ensures the accuracy of predictions and is able to adapt to changes. (Merilehto 2018, 19-32)

Although full collaboration and data sharing is an ideal that could eliminate the need for
forecasting in a supply chain, it is usually not achievable in the real world. This is caused by
issues such as reluctancy towards sharing information and complexity of managing large-
scale supply chains. Demand forecasting is therefore needed and advanced ML techniques
are found to outperform traditional forecasting methods. (Carbonneau, Laframboise & Va-
hidov 2008) In addition to demand forecasting, different ML models have been successfully
used to solve CSPs (Fang, Rao, Luo & Xu 2023; Prestwich et al. 2015) and experiments with
realistic data have returned promising results on solving a CSP with unknown demand (Pi-
tombeira-Neto & Murta 2022).

In the paperboard production context, this means that to improve operational efficiency, pro-
duction run and pattern data can be collected from manufacturing systems and sent to an
appropriate machine learning program, which can suggest the most usable specifications for
reels that could be produced beforehand if needed. As its suggestions are utilized or not and
as it gets to compare expected outputs (trim efficiency) with realized outputs, it will learn to
make even more refined suggestions over time. There is also potential on expanding the
aforementioned into ML-driven production planning, as there is evidence of ML being able

to solve CSPs.

As the proposed system utilizes real manufacturing data and analyzes it with advanced tech-
nologies to find improvements, it resembles the CPS concept presented earlier. According
to a 5-level CPS architecture presented by Lee, Bagheri and Kao (2015), it is not however a
fully-fledged CPS yet. To fulfill the definition of a CPS, the components of the system need
to be collaborative on their own, or as Lee et al. (2015, 19-20) put it, the system needs to be
self-adaptive and act as supervisory control for the machinery. Instead, the system reaches
level three on presented hierarchy. On level three, a twin model of the machinery is achieved,
and the system is able to self-compare its performance with historical data, with the decisions
still being made by a human (Lee et al. 2015, 19-20). The system is thus a digital twin,
which as described by Resman, Protner, Simic and Herakovic (2021) is a simplified digital
model of a real process. It is a partial representation, but it includes the characteristics of the

system which define the properties and explain the behavior of the actual production system
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(Resman et al. 2021, 1). If the system is expanded to include ML-driven production planning,
it reaches level four on the architecture of Lee et al. (2015) and if it is given the right to

independently confirm its plans, it reaches level five and becomes a fully-fledged CPS.

3.2 Data-driven factory and supply chain

Smart factory, digital factory, data-driven factory, cyber-physical production system as well
as at least data-driven manufacturing and smart manufacturing, are all notions that have been
used to describe a similar state; a completely connected production system capable of func-
tioning and excelling in required tasks utilizing data from different sources with minimal
human intervention. (Osterrieder, Budde & Friedli 2020; Zuehlke 2010; Resman et al. 2021,
Tao, Qi, Liu & Kusiak 2018) In this chapter, these concepts are referred to as data-driven
factory (DDF), as it catches the essence of them all, without being overly complicated. A
likewise treatment is given to the multitude of terms regarding data-driven supply chains
(DDSC), such as smart supply chain, connected supply chain, extended supply chain/enter-
prise and collaborative supply chain (Shao, Liu, Li, Chaudhry & Yue 2021; Holgado de
Frutos, Trapero, Ramos & Xin 2020; Spekman & Davis 2016).

As mentioned, DDFs are production systems consisting of CPSs. Therefore, a data-driven
paperboard manufacturing unit would include the production planning CPS described in
chapter 3.1, as well as a network of other systems. These systems would utilize the vast
amount of data available in paper manufacturing systems, such as production, sales and lo-
gistics data (Hamaldinen & Inkinen 2017). What a DDF offers as advantages over traditional
manufacturing systems are high flexibility and reconfigurability along with improved effi-
ciency and profitability. A DDF also enables system-wide coordination and self-organiza-
tion. These advantages together can add up to higher quality products and production along
with environmental savings. (Wang, Wan, Li, Zhang & Qiu 2016) There are however also a
number of technical challenges regarding the implementation of DDFs. These include for
example complex system modeling, choosing the right data and analyzing methods, network

issues and cyber security (Wang et al. 2016).

Shao et al. (2021, 1) state that the true potential of Industry 4.0 cannot be realized until the
interconnectedness of DDFs is expanded from within the factories to between the factories.

This creates DDSCs, which are seen as the next stage of DDFs. While components of
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Industry 4.0 have already seen an increase in adoption, DDSCs are still in early stages of
development. (Shao et al. 2021; Buyukozkan & Gdger 2018) Similar views are presented by
Holgado de Frutos et al. (2020), who note that well-designed collaborative supply chains are
key in modern competition, as well as Vollman (2005, 391-392), who states that much closer
integration of production and supply chain management between customers and suppliers is
needed to compete in a rapidly evolving marketplace. This means that instead of each com-
pany optimizing their own operations, the entire value chain should be optimized holisti-

cally.

DDSC is about the ways that supply chain processes are conducted with innovative technol-
ogies, ranging from unmanned aerial vehicles to cloud computing. It is not about whether
the products or services are physical or digital, it is about the management of the processes.
In a traditional supply chain, information about supply chain operations is held in local “si-
los”, which leads to formation of functional and organizational storage points. (Blyikdzkan
& Goger 2018) This is a significant factor standing in the way of aforementioned holistic
optimization, as it can lead to local optimization. Biyukézkan and Gocer (2018, 164) state
that by transforming a supply chain into a DDSC, these silo walls can be torn down and the
network turned into a flawlessly running integrated system. The many definitions of DDSC
can be summarized as an intelligent technological system based on significant data availa-
bility and great cooperation and communication between hardware, software and networks.
This supports synchronized inter-organizational interaction, makes services more valuable,
accessible and affordable, and their outcomes more agile, effective and consistent.
(Buyukozkan & Goger 2018, 165)

Breaking down the silo walls and embracing the DDSC brings along numerous advantages
over the traditional supply chain. Buyukozkan and Gdger (2018, 167) call the ability to reach
extraordinary customer satisfaction the main advantage of DDSC. This is backed by Nasiri,
Ukko, Saunila and Rantala (2020) who found evidence suggesting that smart technologies
can provide significant improvements in relationship performance within a supply chain.
The high performance is derived from more accurate customer need knowledge, which can
be utilized in the supplier’s production and service processes. A successful DDSC imple-

mentation can also bring proven advantages in the following forms:
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= intelligence

= scalability

= global connectivity (physical and digital)
= transparency

» improved inventory management

= added flexibility

= cost-efficiency

* innovativeness

= sustainability

= proactivity. (Buyikozkan & Goger 2018)

Transparency and intelligence might be the two most important features, as they promote
the realization of the other features. Inter-organizational transparency affects at least the
flexibility and proactiveness of the chain along with enabling real-time inventory manage-
ment on all echelons. Intelligence on the other hand affects all of the mentioned features, as
it refers to both the smart hardware and software in use in the supply chain (Buyiikdzkan &
Gocer 2018, 165).

The DDSC and its implementation also come with their own challenges. The most challeng-
ing obstacles are collecting all yet only the needed data from the abundance of sources, mak-
ing sure the data is accurate and developing the actual software and supply chain platform
to utilize the data correctly and to be able to manage and execute the chain. Other challenges
include imperfections in planning and forecasts, lack of information sharing and collabora-
tion, chasing for a silver bullet that solves everything, poor agility and flexibility along with
poor integration as a sum of all aforementioned. (Xu 2014)

It has been studied quite extensively, what kind of factors enable supply chains to make use
of the advantages while avoiding or solving the challenges of DDSC. (Bliytkozkan & Goger
2018, 167) Lots of success factors have been identified and some of the most important are
discussed. A very important success factor is the alignment of supply chain actors. This in-

cludes identifying shared goals and creating incentives for firms in the supply chain to move
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away from local optimization (Buyukozkan & Gdger 2018, 167; Lehoux, D’ Amours, Frein,
Langevin & Penz 2011, 583). Alignment is also likely to increase inter-organizational trust,
as common goals are shared. Trust can then increase both collaboration and visibility, which
are also important success factors of DDSC (Buytukozkan & Goger 2018, 167). Another key
factor is adopting advanced analytical methods (Blylkodzkan & Gaoger 2018, 167), as they
are the basis of intelligence in a supply chain. Properly used analytics allow better under-
standing and forecastability of demand and solving previously unsolvable or unknown issues
within a value chain. (Xu 2014) It also works as a basis for other success factors such as
proactive prediction and prevention, enhanced responsiveness and even automated execution
(Buyukozkan & Gocer 2018, 167).

There are also critical success factors regarding the DDSC platform itself, as both integration
and organizational flexibility have been identified as such. (Bluyukdzkan & Goger 2018, 167)
Integration as a success factor means that the physical and digital supply chains of all actors
in the chain must be integrated, so a unified and holistic view can be achieved. Organiza-
tional flexibility means that the platform is easily re-configurable in a “plug-and-play” man-
ner, making the management of the platform flexible. (Raj & Sharma 2014) The most critical
factor for succeeding in a DDSC implementation is however the employees’ and stakehold-
ers’ awareness and required skills regarding digital means (Blyukozkan & Gocer 2018,
167). The central favorable attributes, challenges and success factors are presented in figure
5.

Success factors

Awareness and skills

Integrated and flexible platform
Proper alignment of actors
Close collaboration

Inter-organizational visibility

Advanced analytics

Proactive prediction and prevention
Quick responsiveness

Automated execution

Figure 5. Key attributes, challenges and success factors of a DDSC (Biyukézkan & Goger
2018; Raj & Sharma 2014; Xu 2014)



21

The transformation from a traditional supply chain to a DDSC can be depicted as a multi-
stage hierarchy, as has been done by Holgado de Frutos et al. (2020) and Shao et al. (2021)
among others. Holgado de Frutos et al. (2020) present the transformation from a level of
cooperation point of view (Cooperation hierarchy), while Shao et al. (2021) focus on the
technological requirements for each stage along with organizational enablers (Technology
hierarchy). Both hierarchies consist of four levels in a way where lower levels are always
included in the level above. As both views are seen to be important for a successful imple-

mentation, a combined hierarchy is presented.

The cooperation hierarchy begins with the traditional supply chain as its bottom level. It is
a decentralized supply chain where companies do not consider situation either up- or down-
stream of them. This lack of collaboration often leads to bullwhip effect (BWE) occurring
in the supply chain. The BWE means the amplification of demand variability when moving
further along a supply chain. (Holgado de Frutos et al. 2020) This demand fluctuation often
leads to increased inventory levels, decreased service levels and rising costs (Zotteri 2013).
As can be concluded, there are no vital technological requirements for this type of supply
chain.

The first step in the cooperation hierarchy, called Information exchange (Holgado de Frutos
et al. 2020, 9), refers to supply chain actors sharing a variety of valuable data between them
in a timely manner (Manthou, Vlachopoulou & Folinas 2004). The data could include for
example inventory levels, sales data, order status and sales forecasts (Lee & Whang 2000).
This allows all actors to better see a holistic view of the chain, but orders are still done
independently (Holgado de Frutos et al. 2020, 9). Information exchange is considered the
basis for tight supply chain integration (Lee & Whang 2000). In the technology hierarchy,
the stage is called the Visualization level, as the supply chain is made visible. It does not
have significant technological requirements, but to succeed on this level and move onto the
next, an understanding of smart technologies is required. As organizational enablers, tech-
nology orientation, cross functional culture and history of continuous improvement are
deemed important. (Shao et al. 2021, 7-8) Compared to the bottom level, BWE is reduced
but still present (Holgado de Frutos et al. 2020, 9).

Vendor managed replenishment (VMR) is the next step in the cooperation hierarchy (Hol-
gado de Frutos et al. 2020, 14). At this stage, the supplier is given control of its client’s

replenishments and inventory, and thus also of the client’s service levels (Holmstrom,
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Holweg, Smaros & Disney 2005, 174). The types of shared data do not differ significantly
from the previous step, but to control the client’s stock, sharing of demand information is of
course necessary. This type of supply chain is able to remove BWE (Holgado de Frutos et
al. 2020, 14), create continuous improvement with performance targets (Owuor & Mwangi
2014) and reduce information flow delays (Disney & Towill 2003). As performance targets
are set for the supplier, the client is prioritized in case of shortage (Holmstrém et al. 2005,
174), which deepens the relationship. Holgado de Frutos et al. (2020, 16) state that such as
important as shared data is how the data is shared. The technology hierarchy presents smart
technologies like data capturing, 10T and sensor applications, along with cloud environments
as technological requirements for this second stage, called Level 1 linkage. Problem solving
and learning oriented working cultures along with common working history and physical

proximity are seen as organizational enablers. (Shao et al. 2021, 7-8)

The next and final step in the cooperation hierarchy is the tightest form of cooperation,
named Synchronized supply chain (Holgado de Frutos et al. 2020, 17). It merges together
the supplier’s production and material planning with the replenishment decision (Holmstrém
et al. 2005, 175). In other words, the supplier uses the gained visibility and plans its own
supply operations per the demand of its customer(s) (Holgado de Frutos et al. 2020, 17).
This can both reduce the needed inventory in the whole supply chain and help the supplier
better understand demand fluctuations and how to cope with them (Holmstrém et al. 2005,
175-176). Demand forecasts and production plans developed jointly by supply chain actors
are seen important by Sari (2008). The technology hierarchy’s third level, Connected supply
chain, consists of data-analytics and artificial intelligence, such as ML, in addition to ex-
tended versions of lower tier technologies. From the organizational standpoint, a common
platform, multi-stakeholder teams and improved smart technology capabilities are needed.
(Shao et al. 2021, 8) These technologies and organizational needs are then utilized to create

knowledge for decision making support.

The final stage in the technology hierarchy is called Smart supply chain. It can utilize smart
technologies such as collaborative diagnostics and optimization along with predictive mod-
els on top of the previous technologies. With these technologies, the supply chain or parts of
it can be made self-adaptive. (Shao et al. 2021, 8) The presented hierarchies are combined

into one; a hierarchy for DDSC implementation, which is presented in figure 6.
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Stage 4 (Data-driven supply chain)

analytics Stage 3 (Connected / Synchronized supply chain)

Smart
technologies
Stage 2 (Level 1 linkage / VMR)

Technology
orientation

Stage 1 (Visualization / Information exchange)

Stage O (Traditional supply chain)

Figure 6. DDSC implementation hierarchy with key technologies and cooperation levels
(Holgado de Frutos et al. 2020; Shao et al. 2021)

Moving towards a DDSC in a paperboard supply chain can bring along many benefits, as
discussed earlier. Lehoux et al. (2011) studied a case of a major Canadian pulp and paper
producer establishing a tight partnership with one of its many customers. They implemented
a system similar to Stage 3 of DDSC implementation seen in figure 6, with an aim of network
level optimization while maintaining both organizations’ goals of maximizing profit. This
was to be achieved by optimizing the supplier’s production and distribution, the customer’s
ordering and buying activities along inventory costs of the whole supply chain. (Lehoux et
al. 2011) Eltantawy, Paulraj, Giunipero, Naslund and Thute (2015) studied a case of a three-
echelon supply chain consisting of a paperboard supplier, carton supplier and a contact lens
company, that packs its products in carton. The study aims to improve supply chain coordi-
nation in hope of gaining subsequent performance gains (Eltantawy et al. 2015). Shao et al.
(2021) then used a case of a supply chain for fast moving consumer goods packaging to
propose the earlier presented framework for a DDSC’s implementation stages. All the stud-

ies looked at integrating the information flows between actors to improve demand forecasts
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and inventory levels, which as found by Cao and Zhang (2011) are key ways to improve

firms’ performance regarding supply chain collaboration.

Lehoux et al. (2011) found holistic planning of the supply chain to be more profitable for
the complete system than the traditional supply chain. The paper producer’s profitability
improved significantly, while the customer’s profitability was slightly decreased, so as an
end result, it was concluded that the collaborative model should be used with a system that
allows the collaborative benefits to be shared (Lehoux et al. 2011, 591). Eltantawy et al.
(2015) found that increased information exchange and process development were able to
improve forecasting, inventory levels and profitability throughout the chain. These findings
imply, that a DDSC can bring increased performance to all actors of a paperboard supply
chain. Although direct evidence of improved trim efficiency is not stated, it is highly likely

that production planning can utilize increased visibility in the form of improved efficiency.
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4 Case: paperboard company

In this chapter a case of an anonymous international paperboard manufacturing company is
presented. The thesis is conducted in collaboration with the company. The chapter first in-
troduces basic information about the case and then presents a dilemma. After the introduc-
tions, used data and methodology are discussed. Lastly, results of the analysis are presented.
In the next chapter, this chapter’s results are tied in with possible solutions presented earlier

in the thesis.

The production process of the client company is similar to the basic forest industry process
presented in figure 1 in chapter 2. Extrusion coating is used in substantial numbers and sheet
cutting is somewhat rarer, yet actively used. Both of these aspects have their own effects on

the dilemma and data, as will be discussed in the following sub-chapters.

The client company aims to manage its production with an MTO system, which was de-
ducted to be the desirable course of action in chapter 2.1. However, challenges in the pro-
duction planning phase are forcing the company to produce some unordered products into
stock, much like in an MTS system. As presented in chapter 2.1, this can increase risks in
the business, force the company to allocate resources on stock management and overall, it

doesn’t usually fit well with customized products.
4.1  Production run optimization dilemma

The client company plans its production much like as described in chapter 2.2; first on RPP
level, then on trim level. This case emphasizes trim level planning, as it is where the com-
pany has encountered the issues at hand. On the limited set of products that this thesis covers,
two cognate problems have been identified. First, there is great variation in trim loss per-
centages between different production runs. Second, there is often a need to produce unor-
dered reels, also known as sideruns, into stock, as the available customer orders cannot be

utilized for satisfactory trims. An example of the latter problem is presented in figure 7.
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36 2980 2980
7 2988 2988
4 3026 2980
13 3060 2980
6 3060 3060
12 2510 2510 1230

[ Unordered

Figure 7. Unsatisfactory trim with a need to produce unordered reels

As exemplified in figure 7, currently there are no efficient ways of avoiding siderun produc-
tion. In the example, pairing the 2510-millimeter-wide reels in a pattern with any of the other
reels would lead into unacceptably large trim losses. To not lose as much potential produc-
tion capacity, sideruns are then produced to stock. In some cases, customers can also order
sideruns. This means that a customer has a need for a product, but it is only willing to buy it
for a cheaper than normal price. The order is then accepted only if it is seen to fit as a siderun.
Both types of sideruns are still viewed as a sort of waste since they do not fit the business

model and are to be avoided.

Trim optimization in the company is mostly done manually by production planners. This is
due to a plethora of variables that the company’s optimization software (or any known alter-
native) is not capable of considering. Most of the orders are ordered with a coating, which
is extruded onto the product post-production with an extrusion coating machine. There are
multiple regularly used coating machines, which each have their own coating assortments
with some overlapping. Due to technical reasons outside of this thesis scope, the extrusion
process requires the coated reels to be slightly wider than the customer orders for a high-
quality end-result. This is why side trims of variable widths are needed. These side trim
widths are determined by a combination of product grade, GSM, coating type, coating thick-

ness and coating machine used. Alongside coating, sheeting is also an often-used post-
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process. It is also done on multiple sheet cutters that also require side trims. These two post-
processes are also used in series, which means that multiple side trims must be taken into
account for some products. All of the machines also have their own technical limitations,

most notably with the range of widths they are capable of processing.

Alongside the difficulties brought by different product combinations, no solutions have yet
been found that could successfully consider the timings of the respectful cycles on each ma-
chine in the machine chain, as well as the real time capacities of them. These factors along-
side others, such as the inability to react to errors in order information, have led to the opti-
mization software only being useful for production runs that include solely plain paperboard
orders, as with them the number of variables to consider is much lower. The limited useful-
ness of the current optimization software has also played a part in the planning personnel’s
skepticism towards changes in the planning software, which is to be noted if new solutions

are implemented.

4.2 Trim data and methodology

The data used in the empirical part of the thesis is provided by the client company. The data
is collected from the company’s Manufacturing Execution System (MES), and it is accessed
through a Power BI -file with precise information (raw data) and visual dashboards. The
order data in the dataset ranges from January 2021 to December 2022 and it includes each
production run and each order of each run from that timespan regarding a selected group of
products. In the dataset, unordered reels are considered internal orders and they count as

waste in the form of sideruns.

Production run data includes the actual trim patterns, absolute and relative trim waste,
sideruns and total waste percentages. It also includes all order numbers and customers, as
well as date information for each run and all order dimensions and attributes. This means
that the data includes time series of waste percentages and customer compositions for cycles
and runs of different production grades. A time series is a group of observations on a variable
of interest during different points of time (Montgomery, Jennings & Kulahci 2015, 2). Time
series analysis is found to be very useful in short- and medium-term forecasting in many
types of planning and decision-making processes, including production scheduling, capacity

planning and supply chain management (Montgomery et al. 2015, 2-3). Time series analysis
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also allows analyzing and estimating relationships between and within variables as well as

evaluating the effects of changes in the environment (Pickup 2016, 1).

The data is to be analyzed in an explorative way. Exploratory data analysis (EDA) seeks to
maximize what one learns about the data, by reviewing it with skepticism and openness
(Hartwig & Dearing 1979, 9). EDA emphasizes being open to unanticipated patterns be-
tween variables and seeks to find these rather via visual representations of data than statistics
(Hartwig & Dearing 1979, 9-13).

As per the thesis’ limitations, only a selected group of products is examined. Selected prod-
ucts are displayed alongside most of the machine’s product range in figure 8. Products are
plotted by production volume and relative total waste during the period considered. Selected
products are product A and product B. They are also highlighted in the figure.

Produced tons

Total waste %

Figure 8. The dataset’s product range and the products to be examined

Production volumes and waste amounts, as well as the product names, are censored due to
their sensitivity, but the relative positions of the products can be interpreted from the visual.
Both axes of figure 8 are linear, which shows that there is major room for improvement in
terms of trim and therefore production efficiency for some products. As can be seen from
the product overview, two products, A and B, seem to be most problematic; product A due
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to the waste that comes with its volume and product B due to its high relative total waste.

For the rest of this chapter, product A is displayed with yellow and product B with purple.

4.3 Results

To begin the search for the underlying waste generators, the production volumes and their
fluctuations were studied for both products. Trendlines were also added to identify long term

production trends. The results of this preliminary analysis are presented in figure 9.

Produced tons

1/2021 6/2021 12/2021 6/2022 12/2022

Figure 9. Production volume fluctuations and trends for A and B from 1/2021 to 12/2022

As seen from figure 9, the production volumes of product A have seen major differences
between months, although a rather stable period from June 2021 to May 2022 can be recog-
nized. Even with great fluctuation, the monthly average production has stayed almost iden-
tical throughout the entire period considered, as can be seen from the trendline. Production
volumes of product B on the other hand have varied less, although differences between
months are still significant. Unlike with product A, the average monthly production has seen
a rising trend with product B. Product B also appears to behave more cyclic than product A,

as can be seen from its chart’s constant up and down -shape.

As it is known that overall, the paperboard machine’s total waste percentage has gone up, it
is sensible to examine this on behalf of the selected products as well. The development of

these products’ total waste percentages is presented in figure 10.
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Total waste %

1/2021 6/2021 12/2021 6/2022 12/2022

Figure 10. Monthly total waste percentages and trends for A and B from 1/2021 to 12/2022

From the figure, it can be seen that both products have contributed to the risen total waste,
as the trend lines suggest. The production efficiency of product A has been slowly decreasing
with little margin between months, whereas product B has seen both extremely high and
strikingly low efficiency months. As the total waste combines both trim waste and sideruns,
both components must be examined to find the underlying reasons for waste generation. The

respective trim wastes for both products are presented in figure 11, along with trendlines.

Trim waste %

1/2021 6/2021 12/2021 6/2022 12/2022

Figure 11. Monthly trim waste percentages and trends for A and B from 1/2021 to 12/2022
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Product B has seen an increase in monthly trim waste during the two-year-period, as can be
seen from figure 11. Trim waste of product A on the other hand has stayed practically put,
although it has been significantly higher than that of product B throughout the period con-
sidered. A key takeaway from the trim loss analysis is that although a major spike can be
seen in November 2021 in figure 11 with product B, it does not seem to affect the total waste
fluctuation (figure 10) significantly. This is due to the limited range of variation of trim
waste; the highest trim waste value is less than twice the size of the lowest value, while the
respective range for total waste is almost seven times the size. In fact, for product B, No-
vember 2021 has lower total waste than both months surrounding it. With product A, total
waste and trim waste seem to be more in sync, although slight differences in trends can be
seen. These findings increase curiosity towards the development of siderun volumes, as they
seem to be the main component driving waste, at least for product B’s part. The respective

siderun volumes for both products are presented in figure 12.

Siderun %

1/2021 6/2021 12/2021 6/2022 12/2022

Figure 12. Monthly sideruns and trends for A and B from 5/2021 to 12/2022

What is most notable when it comes to the siderun analysis, is that they only began appearing
in the spring of 2021, as can be seen from the graphs in figure 12 beginning from May and
June 2021. Comparing figure 12 with figure 10, it is imminent that since their introduction,
sideruns cause the majority of waste when examining product B. In retrospect, it can be seen
from figure 10 that in the beginning of the analysis period, the production efficiency was
high within both products. As the need for sideruns began, it took a toll especially on product
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B’s production efficiency. With product A, trim losses are larger than the amount of sideruns,

although the trends suggest that the gap is narrowing.

The trend of product B’s sideruns is facing downwards in figure 12, but it only considers the
time period from May 2021 onwards. For the whole period considered, the trend is upwards
as can be seen from the total waste trend in figure 10. This shorter timeframe does not affect
product A the same way, as its siderun volumes have been slowly creeping upwards. This
can be seen from both figure 10 and 12. Therefore, it can be stated that the production effi-
ciencies of both examined products have decreased, and they have then contributed to the

rise of the machine’s total waste percentage.

As different waste components were identified as the main waste drivers, deeper analyses
concerning product A’s trim waste and product B’s sideruns were conducted. To further
understand trim waste origins, four production runs of product A were taken into more spe-
cific examination. Two runs with below average and two runs with above average trim waste
were chosen, with the aim of finding customers causing more trim waste than others. The
largest runs in each respective cycle were preferred but for below average waste examples,
largest runs with no sideruns were chosen. This was done because sideruns reduce trim
waste. In figure 13, customer order proportions (per tons) and their development throughout
the analysis period for product A are presented. A trim waste graph is also added to find
potential patterns. Customer names are censored due to their sensitivity.
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Figure 13. Monthly customer order proportions for A from 1/2021 to 12/2022
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In total, 24 different customers for product A were found. As can be seen from figure 13,
three customers’ orders combine for the majority of its production, with their combined share
of monthly production ranging from 69 % to 92 %. What is even more notable, is how the
trim waste seems to be following the stacked curve of the three largest customers. These
three customers are well presented in the examined runs too, as they have the three largest
volumes ordered in three out of four cases. The customer compositions and dates of these
runs are presented in table 1. The runs are color coded with green illustrating below average

and orange above average trim loss.

Table 1. Customer compositions of selected product A production runs

Customer |[{a! 3/2021|Run 2 7/2022|Run 3 12/2021|Run 4 11/2022
27 % 12% 31% 26 %
14% 38% 41% 22%
45 % 24 % 25% 51%
13% 8% 3%

12%
6%
0%
1%
0%
1%

Both the first and the second run consist of 23 patterns that all have similar, low, waste
percentages. Although the customer compositions are different, the largest customers’ com-
bined shares are of similar size. Both trims are largely made up of these big customers similar
orders, which explains the parity. Runs 3 and 4 have higher trim waste percentages, although
the difference compared with runs 1 and 2 is not extreme. Despite the higher waste, the trims
are similar to the aforementioned. There are no major differences between patterns and prac-
tically all patterns consist of the three largest customers’ similar orders. Differences are that
the worse trims simply include more orders that lead to slightly worse efficiency patterns
than the other trims, and that the worse trims lack variation in orders, as smaller customers’
orders are not present. Although this observation along with the finding made from figure

13 suggest that the three largest customers’ orders cause more waste than others, evidence
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significant enough to prove that isn’t found. In addition, major differences between these

three customers’ orders’ generated waste were not found.

To understand siderun origins, four separate production runs of product B were studied on
pattern and order level. This time, only “bad” runs were chosen, as a good run does not have
sideruns at all, whereas with trim waste, even good runs are bound to have some waste. The
run that included the first sideruns is also selected, although its siderun percentage is signif-
icantly lower compared to other runs. Customer order and siderun proportions for product B
are presented in figure 14.
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Figure 14. Monthly customer order proportions for B from 1/2021 to 12/2022

As is seen from figure 14, product B’s customer base is very diversified, with large custom-
ers holding a smaller share when comparing with product A. More than 80 customers were
found in the data, with only one of them holding a significant share of the order book
throughout the whole analysis period, while majority of the customers average a monthly
share of less than one percent. Monthly compositions differ largely, as customers do not
seem to order in a systematic way. What is notable about the customer composition is that
four of the largest customers (1-4) are related to each other, as they all are one large com-

pany’s regional agents. Therefore, one customer company can have an enormous impact on
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the production runs and efficiency, as its monthly share ranges from 7,1 % all the way up to
68,4 %. However, no visual correlation between the monthly customer composition and
siderun percentage can be identified from the figure. Table 2 presents customer compositions

and dates for the four selected runs, where the company holds a strong presence as well.

Table 2. Customer compositions of selected product B production runs

5/2021|Run 2 6/2021|Run 3 3/2022|Run 4 11/2022
29% 41% 27 % 36 %
5% 12% 15%
26% 8%
9% 17% 3%
11% 13%
10% 10%
6% 5%
11% 1% 3%
1% 2% 8%
9%
14 % 3%
11% 7%
13% 9% 10 % 14 %

In the first run, sideruns are present in one pattern that was cut five times, so they are not too
common in a run of more than 20 patterns. Sideruns were needed as customer 1 and 2 had
ordered large volumes of 2526-millimeter-wide reels, which resulted in a situation similar
to the one depicted in figure 7, after compatible orders were utilized. In this case however,
the sideruns could have been prevented by utilizing narrow width orders more efficiently.
As can be seen from appendix 1, the run included a sufficient number of 880- and 895-
millimeter-wide orders which were used in great numbers alongside each other instead in
place of the realized sideruns. Therefore, the waste can be recognized to be user-based in

this case.

The second run includes very similar sideruns as the former, but in much greater volumes.
This time sideruns are present in about half the patterns. The sideruns were again needed to
complement trims with customer 1, 2 and 4’s 2520- and 2526-millimeter-wide reels, alt-
hough customer 21°s 2365-millimeter-wide reels were also part of the problem. This time,

no alternative solutions are found, and the waste is recognized as customer-based.
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The third run has the worst siderun percentage of the whole analysis period and it includes
multiple different types of sideruns. First, customer 1 and 3’s 2526- and 2532-millimeter-
wide reels require sideruns as compatible orders are not sufficient. Second, customer 4’s
2520-millimeter-wide orders require sideruns, so siderun orders of 910 and 680 millimeters
are accepted. Especially the latter leads into a situation, where significant trim loss is present
although sideruns are used. This means that the siderun does not fulfill its purpose of elimi-
nating trim waste. Third, both a 1540- and a 1212-millimeter-wide siderun order were ac-
cepted and used alongside 2532-millimeter-wide reels in a way where only one regular reel
is combined with two or three siderun reels in a pattern. This means that the siderun orders
were accepted in a volume far too big. All in all, the run included customer-, user- as well

as management-based (acceptance of siderun orders) waste.

The fourth run is similar to run 2 in terms of sideruns; customer 1 and 3’s 2532-millimeter-
wide reels cannot be complimented with other orders and sideruns are thus needed. No al-
ternative solutions are found, and the waste is seen as a direct result of the mentioned orders’

volumes.
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5 Conclusions

The bachelor’s thesis introduced common information on paperboard production and pro-
duction management themes surrounding it. A widespread problem in the industry was also
presented and later expanded by an example case. Industry 4.0 related digital solutions were
presented and their advantages discussed, along with an implementation hierarchy. Lastly,
order data of a paperboard company was analyzed to find drivers behind the customer order-

based waste it has seen.

This thesis was conducted to find underlying reasons of waste generation in a paperboard
company’s production planning phase, to find relevant digital solutions for waste reduction
and to present the usefulness of those solutions in this case. These objectives were fulfilled
as multiple types of waste generators were identified from real-world data and potential so-
lutions were found from literature. Another objective was to either confirm or replace a hy-
pothesis of the waste being customer-based. The thesis’ results replace this hypothesis, as in
addition to customer-based waste, user- and management-based waste are also recognized.
The findings are concluded by answering the thesis’ research questions, of which the sub-

questions were as follows:
“From which components does the customer order-based waste consist of?”

Customer order-based waste includes all the waste that is caused by the mix of customer
orders, their compatibility with a paperboard machine’s trim width and errors in the order
arrangement process called trimming. This waste divides into two main components; trim
waste and sideruns, which divides further into sub-components. Trim waste is a direct result
of the customer orders compatibility with a machine’s trim width, unless trimming errors are
made, and is thus most often customer-based. Sideruns are in essence a way of combating
trim waste, which would make them customer-based. In this thesis however, two more sub-

components were found, as both user- and management-based siderun waste was found.
“Can customers causing more waste than usual be found from the order data?”

Customers causing more waste than others were able to be identified when considering a
specific product. Four customers that are regional agents of one large company were found

to cause a lot of waste in the form of sideruns. The waste is generated due to challenging
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order specifications and the extremely large volumes that the orders are ordered in. When
considering another product, customers causing more than usual waste could not be found
with conclusive evidence, although results suggest that the effects of three separate custom-

ers on trim waste should be further studied.
“What digital waste reducing solutions can be recognized from literature?”

Two prospective solutions for waste reduction were put together using scientific articles.
The first solution combines the adoption of a MTF production model alongside a ML based
support system, which can also be seen as a digital twin of the winding process. The new
production model would be used in required amounts in addition to the MTO model already
in use. This solution, although quite complex, is manageable to be built to function alongside
current systems and by a single company, whereas the second solution requires robust inter-
organizational collaboration and a completely new shared platform. The second solution, a
DDSC, is ideally built between DDFs, connecting them into a network. As the DDSC is a
much broader concept, it would most likely include the aforementioned support system, alt-
hough the need for local forecasting is reduced due to supply chain -wide visibility and
shared goals and responsibilities. Ideally, a DDSC utilizes smart technologies and multi-
stakeholder teams to plan supply chain activities such as holistic demand forecasting and

production planning.

With answers to the sub-questions, the main research question can be answered. The thesis’

research question was:

“How can the amount of customer order-based waste be reduced with new digital solutions

in the target company?”

As expected, there is no silver bullet that eliminates all waste. However, the presented digital
solutions do show promise of alleviating the issue. As the order data suggests that large
customers are the main cause behind trim waste, it could be fruitful to seek deeper integration
with them. Common goals and perhaps financial incentives could help increase efficiency,
as was found to be true in a Canadian paper supply chain. Therefore, implementing a DDSC
Is suggested as the most suitable solution to reducing trim waste. As the solution and its

implementation are complex, the recognized hierarchy levels should be utilized.

When it comes to reducing waste in the form of sideruns, the forecasting support system

shows potential as well. With it comes two distinct advantages. First, when a siderun is
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needed, it can suggest specifications based on previous customer orders, which means that
the sideruns could be able to be sold as regular products later on. It still carries the risks of
producing to stock, but the potential rewards are higher. Second, it can be used as decision
support if siderun orders are received, to see if they could fit and in what volumes. It is
however important to note that neither of those functionalities might be needed if successful

integration with customers can be achieved and the need for sideruns eliminated that way.

The results and findings of this thesis are applicable in the client company, but also world-
wide in the paperboard and paper industry. The findings are also at least partially applicable
in other industries that deal with cutting problems, while the DDSC concept can be useful in

virtually any industry.

The work has some limitations, as only selected data was examined. The selections were
however well-founded and thus believed to display a realistic view of the actual state. The
work is also limited by the available scientific articles’ lack of concrete evidence, as the
research has been mostly conceptual. Future research suggestions include more practical
research on the implementation of DDSCs between large companies and research on the
applicability of ML-based forecasting in process or paperboard industry. It is also suggested

that these topics are further studied within the client company as well.
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Appendix 1. Production run 1 for product B

Pattern 1 2 3 4 5 Total Siderun
1 3010 3010 6020
2 3010 3010 6020
3 3088 2620 5708
4 2526 2526 880 5932
5 2526 880 880 880 880 6046
6 2526 895 895 895 895 6106
7 1600 2526 2024 6150
8 1600 2526 2024 6150
9 1600 2526 1864 5990

10 1600 2526 1800 5926
11 1670 2526 1800 5996
12 1670 2526 1670 5866
13 1670 2526 1670 5866
14 2040 2526 1670 6236
15 1862 2526 1862 6250
16 2526 2526 1198 6250 1198
17 2233 2180 1670 6083
18 3140 2750 5890
19 3070 3140 6210
20 3070 3070 6140
21 3070 3070 6140
22 3070 3070 6140




