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ABSTRACT

This thesis investigates the feasibility and strategic implications of automating order picking
operations at Volvo Penta’s Distribution Centre (VPDC) in Vara, Sweden, within the scope of
the company’s VPDC 2.0 development initiative. The focus lies on evaluating four candidate
automation technologies, vertical lift modules (VLM), vertical Carousels, horizontal
Carousels, and mini-load systems, against the current manual picking solution. These options
are assessed across seven performance aspects: throughput, cost, quality, space utilisation,
scalability, flexibility, and ergonomics.

To support the evaluation, a multi-method research approach was adopted. This included a
literature review, time studies, site visits, historical order data analysis, and unstructured
interviews with different stakeholders at various levels within Volvo Penta. The Analytical
Hierarchy Process (AHP) was employed to rank the importance of each performance aspect
and to compare the suitability of each order picking system based on those performance
aspects. Interview insights played a central role in defining criteria relevance. In addition, an
association and cluster analysis of historical order data was performed to identify co-picked
stock keeping units (SKU) clusters, supporting a data-driven approach to warehouse layout
optimisation.

The results reveal that flexibility is the most valued performance aspect at VPDC, followed
by quality, scalability, and cost. Although the VLM solution ranked marginally higher overall
than the current manual operations, each system excelled in different areas. The findings
suggest that a hybrid setup, integrating VLMs for selected high-runner SKU clusters while
retaining manual operations for irregular items, may offer the optimal balance of efficiency
and adaptability. Key success factors include staged implementation, clear project ownership,
super-user training, and risk mitigation through pilot testing and temporary safety stock.
Overall, the study demonstrates that automation, when aligned with data insights and
operational context, can significantly enhance warehouse performance.

Keywords: Warehouse Automation, Order Picking Systems (OPS), Analytical Hierarchy Process (AHP),
Association Analysis, Cluster Analysis, Goods-to-Person (GTP)
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1. Introduction

This section describes the background and relevance behind the thesis, starting with a
historical perspective on logistics and supply chain management and moving into the trend
towards warehouse automation. Following this, the purpose and research questions as well as
the scope of the research with consideration to delimitations is presented.

1.1 Background

The evolution of logistics and supply chain management (SCM) has been significant
throughout the 20th and 21st centuries, reflecting the growing complexity and strategic
importance of these disciplines (Southern, 2011). From originally only dealing with
transportation in the 1950s, to later combining physical distribution and physical supply in a
more holistic view of the logistics system during the 1960s and 1970s (Southern, 2011). The
1990s marked a shift towards business logistics, where cost-saving opportunities and
concepts like third-party logistics (3PL), strategic alliances and logistics partnerships
emerged (Southern, 2011). Despite these advancements, traditional logistics approaches often
lacked coordination with internal functions or external partners (Hou et al., 2017). In
response, SCM emerged in the early 21st century, emphasising cross-boundary integration,
coordination and collaboration across the entire supply chain (Southern, 2011; Hou et al.,
2017).

A crucial component of modern SCM is warehousing, accounting for up to 20% of total
logistics cost (Baker & Halim, 2007) and usually fulfilling several essential activities within
the logistics function. In their essence, warehouses are dedicated space for storage and
handling of materials, with goods receiving, put away, picking and shipping being core
activities (Kusrini et al., 2018; Hamberg & Verriet, 2012). One can differentiate between
different types of warehouses depending on where in the supply chain they are found, what
geographical area they serve and how they are owned. Van den Berg and Zijm (1999) further
distinguish between different types of warehouses, for example a distribution warehouse is a
warehouse that receives goods from numerous suppliers and delivers them to numerous
customers. Modern warehouses usually hold several thousands items from many different
suppliers, and in turn supplies a variety of different kinds of customers such as retailers,
factories or other warehouses (Hamberg & Verriet, 2012). Each of these customers will have
their own set of requirements, for example being able to receive their delivery the next day
(Hamberg & Verriet, 2012). The authors further claim that this in turn puts requirements on
the operations and performance of the warehouse, which together with an increased difficulty
in attracting suitable workforce act as drivers for automating warehouse operations. Baker
and Halim (2007) identify further reasons for growing warehouse automation such as a need
to accommodate future growth, anticipated cost reduction and service improvement.
Reflecting these factors, the global warehouse automation systems market is projected to
grow at a compound annual growth rate of 15.7% between 2022 and 2031 (Borasi et al.,
2022).



One warehouse activity where automation has been commonly implemented is order picking
(Huang et al., 2015). Manual order picking systems (OPS) usually entail a picker walking or
travelling with a truck among aisles, locating the correct item and picking and placing it onto
some container such as a box or pallet. The picker can be supported by various levels of aids
such as barcode scanners, pick-to-light systems or voice picking (Battini et al., 2015a). Lee et
al. (2015) also highlight the cognitive aspect of manual order picking, stating that such
picking support systems can help decrease both picking times as well as the fluctuation in
picking times.

One classification of different OPS distinguishes between human pickers, robot pickers and
picker-less, as seen highlighted in Figure 1.1 below. Automation with human pickers is
commonly referred to as parts-to-picker or goods-to-person (GTP), which will be the focus in
this thesis. This is usually done by so-called automated storage and retrieval systems
(AS/RS), where goods are stored and an automatic system brings the required parts to a
picking station where human pickers receive them (Huang et al., 2015). Robot picker OPS
can be either robot-to-parts, such automated guided vehicles (AGV) carrying and picking the
parts, or parts-to-robots where robots perform the actual picking at a picking station (Huang
et al., 2015). Pickerless OPS are fully automated, with no human or robot involved in the
picking process, such as A-frame dispensers (Huang et al., 2015).

| Order picking system types ‘

Robot picker Picker-less

Dispensers
|Picker-to-parts ‘|Parts-t0-picker | | Robot-to-parts | Parts-to-robot |
AS/RS
Low level High level (man
on board)

Figure 1.1. Classification of different OPS systems (Jaghbeer et al., 2020).

This thesis focuses on the company Volvo Penta, part of the Volvo Group, a Swedish marine
and industrial engine manufacturer with a global logistics presence with manufacturing plants
as well as distribution centres in Europe, North and South America and Asia. The current
setup includes a central distribution warehouse, named Volvo Penta Distribution Centre
(VPDC), adjacent to a supplying factory as well as a nearby 3PL facility. These warehouses
receive supplies from multiple global production and distribution sites, and together serve a
significant portion of Volvo Penta’s global customer base.

At present, the setup at VPDC is considered inefficient, with a scattered footprint that
includes multiple external storage facilities and temporary solutions such as rental tents.
These tents are used for various purposes, such as additional storage of both packaging and
production materials, as well as loading and unloading. Some tents are kept at constant
temperature and humidity as per requirements of storing certain products. As such, these



factors contribute to redundant processes, underutilised spaces in certain areas and an
undercapacity in others, and operational inefficiencies at the VPDC site. To address these
challenges, Volvo Penta is exploring ways to optimise its logistics operations both by
consolidating parts of their warehouse operations and by improving flows, reducing waste
and implementing smarter, more sustainable solutions. The new warehouse project is being
called Volvo Penta Distribution Centre 2.0 (VPDC 2.0). Aligned with broader industry trends
emphasising automation, this thesis will examine the potential for automation of order
picking activities within VPDC 2.0. The thesis will evaluate four candidate automation
technologies, vertical lift modules (VLM), vertical carousel modules, horizontal carousel
modules and mini-loads as well as the current manual system in the seven performance
categories of throughput, cost, quality, space utilisation, scalability, flexibility and
ergonomics. To further explore potential solutions to various operational inefficiencies, an
association- and cluster analysis to find items usually being picked together will be
conducted, which in turn, through optimised item storage allocation, could lead to higher
efficiencies in order picking.

1.2 Purpose and Research Questions

The purpose of this thesis is to explore the feasibility and implications of exploiting
automation technology within order picking at Volvo Penta’s distribution site in Vara,
Sweden. Recent studies have addressed similar decisions. Novara (2020) used a
multiple-criteria decision tool to select storage systems for a spare parts distribution centre
and found throughput and space utilisation to be decisive aspects. Dollinger and Larsson
(2016) compared VLM and carousel options for a small parts OPS, recommending VLM:s as
a supplement to manual shelving. Johansson and Persson (2023) built a best practice
framework for warehouse automation and argued that throughput capacity and picking
accuracy are baseline qualifiers before other aspects are considered. All three studies focus on
contexts with higher volumes and stronger space pressure than those at VPDC. By focusing
on a more uncertain environment with more limited daily throughput, this thesis seeks to fill
that gap. With this purpose in mind, the following four research questions have been
developed together with short motives.

Which performance aspects matter most can vary by site as seen by the above discussed
studies. Thus, a similar priority list should first be developed in order to support a decision on
automating or not. The seven performance aspects analysed in this thesis are listed above in
section 1.1.

RQ1. Which performance aspects are most critical in a decision to implement automation of
order picking at Volvo Penta s future warehouse operations?

When the most critical criteria are determined, the different alternatives can be evaluated
using a multiple-criteria analysis. The four candidate automation technologies of this thesis
are listed above in section 1.1.



RQ?2. Considering those performance aspects, which option among the four candidate
automation technologies and the existing manual OPS is the most suitable for order picking
in Volvo Penta s future warehouse operations?

A decision regarding implementing automated OPS would also need to consider risks and
challenges, which are covered through the third research question.

RQ3. What risks and challenges should be addressed to ensure successful implementation?

Further, through research of automation technologies, and through Volvo Penta’s main use of
manual systems at the moment, there is proven to be a large complexity in the
implementation of such technologies. To build upon RQ2, and give insights on how Volvo
Penta could, if choosing to implement automation technologies, apply and optimize the
warehouse operations through data-based item allocation strategies, the following RQ was
constructed.

RQ4. What insights can be derived from historical order data through association and cluster
analysis to enhance item allocation strategies in automated order picking systems?

1.3 Scope and delimitations

This thesis examines the feasibility of partially automating the order picking at Volvo Penta’s
future warehouse operations in Vara (VPDC 2.0). The focus is on evaluating available
automated solutions for the order picking and kitting process, as well as future proofing the
warehouse for a possible increase in stock keeping units (SKU:s). Other aspects, such as
other warehouse activities, inventory management and broader supply chain integration, are
outside the scope.

This thesis further only focuses on a specific set of automation technologies due to others
either being too expensive, highly technical, or not in alignment with Volvo Penta’s
requirements and expectations. The technologies the thesis will focus on are VLM, horizontal
carousel modules, vertical carousel modules and mini-loads.

The thesis is limited to Volvo Penta’s operations in Vara and does not cover other Volvo Penta
or Volvo Group sites. While automation trends are considered, findings are specific to this
context and may not be fully generalisable.

2. Methodology

The following section describes the combination of qualitative and quantitative data
collection techniques that were used to answer the research questions. A combination of
literature reviews, interviews, gathered internal Volvo-data, site visits and time studies have
been utilised to explore the feasibility and implications of implementing automation
technologies in order picking.



2.1 Data collection

The data collection involved literature reviews, interviews, site visits and quantitative data
collection to ensure a comprehensive understanding. Literature provides context, interviews
offer personal insights, site visits reveal current practices and quantitative data identifies
trends and insights.

2.1.1 Literature review

Building upon previous research is of essence in any academic research (Snyder, 2019).
Snyder (2019) presents two relevant literature review techniques, systematic literature review
and semi-systematic review. A systematic literature review is mostly used when pure
quantitative data and predefined criteria should be applied. A semi-structured review is more
applicable when researching topics across multiple disciplines with varying methodologies,
synthesising the most relevant research findings. For this thesis, a semi-systematic review
was applied, given that the different research questions apply to several different practices
such as warehousing design, picking performance aspects and automation technology which
have been studied from multiple perspectives such as engineering, logistics and business.
Literature insights have been found through various academic articles, conference papers and
books, primarily searched on Google Scholar, Chalmers Library and Scopus. The literature
review served several purposes. Initially, a comprehensive understanding of the subject was
sought in order to inform and guide the rest of the work. This included for example best
practices and key decision factors in order picking. Further, the literature was used to scan
what automation technologies are available and applicable in this specific context, as well as
how they worked, their comparative benefits and drawbacks. The literature review also aided
in formulating a theoretical framework based on specific performance aspects in order
picking. Literature reviewed also supported the analysis by suggesting best practices and
insights into which data analysis tools and techniques to use. Finally, RQ3 is answered by
applying a literature review of risks and challenges in OPS automation in the context of
Volvo Penta and VPDC.

2.1.2 Interviews

Mathers et al. (2000) argue that interviews are an important data collection technique and that
they can be in a range of totally unstructured where no questions are determined beforehand
to fully structured where the questions are set and the possible answers given are limited.

To gain early insight and build an understanding of the project, unstructured interviews were
used. In this format no fixed list of questions is imposed and the discussion develops freely
around broad themes linked to the research aim, allowing unexpected issues to emerge
(Mathers et al., 2000). Such open dialogue is especially useful at the exploration stage
because interviewees can steer the conversation toward the aspects they see as most critical.
This flexibility helped build a holistic picture of VPDC’s current operations and its VPDC 2.0
vision.



To further strengthen the research method, conducting interviews with the appropriate people
is of great importance. To gain a representative and correct view of the project the
respondents have to be carefully selected. To achieve this, Mathers et al. (2000) argue that
neither the type of interviewee nor the number of interviews can be specified in advance but
that there is a need to change course as more data is gathered and further research is done.
Mathers et al. (2000) argue that the snowballing technique is appropriate to use at the end of
each interview. The technique involves asking the interviewee if there are other people in the
organisation or outside that they think are relevant to what have been discussed throughout
the interview. By using this technique throughout the project, it guided the thesis to relevant
people and propelled the subject to the best interviewees. The positions of the respective
respondents can be viewed below in table 2.1.

Table 2.1. List of current positions of interview respondents.

Organisation Position Respondent
Volvo Penta Manager of the VPDC 2.0 project 1
Volvo Penta Logistics Specialist 2

VPDC Operative Manager 3
VPDC Order Picking Manager 4
VPDC Warehouse Operator A 5
VPDC Warehouse Operator B 6

Initially, the interviews conducted were with the manager of the VPDC 2.0 project, a logistics
specialist involved in the same project and the operative manager of VPDC. Continuous
interviews with the interviewees mentioned above were conducted throughout the project.
Operative staff at VPDC were also interviewed. The initial interviews for the project
followed an unstructured approach. Due to the large scale and uncertainty of the project at the
start, to gain a view of how different respondents see the project and what they believe is
important to look at and to research was of importance. To gain a varied view of how
different respondents see and want to approach the subject, people at different decision levels
were interviewed, with different roles in the company to achieve a wider range of experience
and views. This ensured a comprehensive view of the situation at hand and to be able to have
more data to work with. RQ1 could directly be answered through the interview with the
logistics specialist, and also partially RQ2.

2.1.3 Site visits

Using site visits as a data gathering technique is according to Lawrenz et al. (2003) greatly
valuable. Due to the large operations conducted by Volvo Penta in Vara and the sheer
extensiveness of data given by Volvo Penta it is crucial to gain real-life perspective. Lawrenz



et al. (2003) further develop on the importance of site visits to determine the current state of
operations to see where improvements and changes could be done, which is highly relevant
for the project. Lawrenz et al. (2003) also state that more approaches to the methodology of a
project could be valuable to the different perspectives this could result in, which in turn can
increase the complexity and depth of the analysis.

Lawrenz et al. (2003) also bring up the drawbacks of site visits and the limited time the
researchers may have to conduct their investigations. This will however throughout the
project be counteracted by continuous visits to both the site and the headquarters of Volvo
Penta and a continuous dialogue with responsible people will be maintained.

The main value for this thesis was to observe the current state of the site to gain insight into
current operations and to provide a baseline for which potential automation technologies can
be compared against. Four visits to the Vara site were conducted during the thesis, initially to
observe the current processes and the layout. The following visits were focused on gathering
specific quantitative data of the order picking activities and also to interview different people
working at VPDC.

During the visits, a short study was conducted on the picking process time to map the current
throughput performance as a baseline, measuring lead time per picked order line and the time
spent on various activities during order picking, for example travelling between SKU
locations and searching for items. This was done by following the order picker throughout
their picking route with a stopwatch. An initial trial was done to understand the picking
process and the usual route, without timing. A total of 12 orders were timed. The different
activities performed during the picking were noted separately, including setup, travel, search,
pick and other.

2.1.4 Quantitative data

Rana et al. (2021) state that using quantitative data is essential to help make predictions, test
causal associations and to establish relationships among variables. To make use of
quantitative data it is important to ensure that the data is correct and that it is relevant to
answer the research questions provided and to interpret and analyse this data correctly. To
ensure this, constant contact with people at Volvo Penta was held with weekly discussions
about the research work. Three main data extractions were made from Volvo Penta's database
to provide knowledge for the thesis, these were:

- A list of all SKU:s in VPDC with corresponding dimensions and picking frequencies
was obtained. The list was used to filter out items with a weight larger than 25 kg, and
to ensure that items in the orders analysed only contained items from VPDC and not
other parts of the warehouse. This data set was also used to match item numbers with
item descriptions.

- Data containing previous orders from 2022-2024, including for example item
numbers, order numbers and weight of items. Such large amounts of data was
required to ensure that data used in the analysis computed to non-causal relationships



between items. The data was used to find correlation between which items were
picked the same orders.

- A list of which kits went into production and which were directly transported into the
VPDC warehouse since only the kits moving directly to VPDC were considered. This
list was later used to filter out kits which were above 25 kg and outside of the scope of
the thesis.

2.2 Data analysis

Data analysis is a vital part of any research, whether it being qualitative or quantitative. It
helps structuring and reaching meaningful insights about the research conducted (Dibekulu,
2020). The following section will describe the methods used to analyse the gathered
qualitative and quantitative data, and how it will be synthesised to answer the research
questions.

2.2.1 Analytical Hierarchy Process

Analytical Hierarchy Process (AHP) is a multiple-criteria decision making tool (Vaidya &
Kumar, 2006), based on the principle that experience and knowledge of people are at least as
valuable as data when making decisions (Vargas, 1990). One of the many previous
applications of AHP is as a tool for planning and selecting a best alternative among several
alternatives (Vaidya & Kumar, 2006). In this thesis, AHP is used to answer RQ1 and RQ2,
first by identifying the most important performance aspects of the VPDC order picking and
further by comparing the different candidate automation technologies in the context of Volvo
Penta and VPDC.

Multiple performance criteria are important when evaluating automation technologies, for
example quality, throughput and cost. AHP allows decision-makers to incorporate all such
criteria, synthesising them into a single ranking of alternatives. Nydick and Hill (1992)
describe the different steps of the method:

1. Define the overall goal, identify the evaluation criteria and list the decision
alternatives. In this thesis, the goal is to identify the most suitable OPS at VPDC. The
evaluation criteria in this thesis are Throughput, Cost, Quality, Space Utilisation,
Scalability, Flexibility and Ergonomics and these will be described further in section
3.3. The alternatives are the different automation technologies as well as the current
manual OPS, described further in section 3.4.

2. The decision-makers conduct pairwise comparisons of the criteria to determine their
relative importance in achieving the goal. These comparisons are made using a
standardised scale ranging from 1-9, seen in table 2.2. For instance, if criterion A is
compared to criterion B, and it is determined that A is moderately more important
than B, this results in a value of 3 in this specific comparison. The reciprocal value is
assigned in the reverse comparison. In the example, that would mean that B receives a
value of 3 when compared to A. Once all criteria have been compared to all others,
the values are entered into a square matrix. A filled matrix is given below in table 2.3,



to exemplify how a complete criteria matrix with three evaluation criteria could look
like.

3. The next step is to derive weights for each criterion, representing their priority. This is
done by first calculating the sum for each column, and then dividing each matrix
value by its column sum to yield a normalised, adjusted matrix. The weights for each
criterion are then given by the average value of each row. Table 2.4 gives an example
of how an adjusted matrix could look like.

4. The alternatives are then compared pairwise with respect to each individual criterion,
using the same 1-9 scale. This results in one comparison matrix and one adjusted
matrix per criterion, with which one can calculate a weight how well each alternative
performs in each decision criteria.

5. The weights representing the relative importance of each criteria are combined with
the respective weights of the alternatives to compute a final composite score for each
alternative. This is typically done using a weighted sum model, allowing for a
complete ranking of the alternatives.

Table 2.2. The standard scale of AHP. Intermediate even values provide additional levels of
discrimination.

Verbal preference level Numerical Rating
Extremely preferred 9
Very strongly preferred 7
Strongly preferred 5
Moderately preferred 3
Equally preferred 1

Table 2.3. Example AHP matrix with three criteria.

Criterion A Criterion B Criterion C
Criterion A 1 3 7
Criterion B 1/3 1 4
Criterion C 1/7 1/4 1
Column Totals 3121 17/4 12




Table 2.4. Example adjusted AHP matrix with three criteria.

Criterion A Criterion B Criterion C Row Average
(weight)
Criterion A 21/31 12/17 7/12 0.656
Criterion B 7/31 4/17 1/3 0.265
Criterion C 3/31 1/17 1/12 0.080

In this thesis, the pairwise comparisons of the decision criteria were determined by a logistics
specialist at Volvo Penta. They were given a questionnaire with all the comparisons. The
pairwise comparisons of the alternatives were determined by the authors based on literature
findings and the discussion in section 5.2.

2.2.2 Association analysis

Battini et al. (2016) provide insight that through simulation, analysis and Al-learning, as well
as previous data retrieved on which items normally are picked together, and which items that
are mostly picked, the system can achieve an optimal storing pattern for components.
Resulting in a reduced amount of moving for the automation technologies and reduced
moving for the picker, while also reducing idle waiting time, since two or more components
that are usually picked together can be placed in the same place.

Kotu and Deshpande (2019) explain that the core essence of association analysis is to
measure the strength of co-occurrence between different items. The goal of the analysis is to
find patterns in the data through easily understandable rules. An example that Kotu and
Deshpande (2019) bring up and one of the easiest and most recognisable usages of
association analysis is in supermarkets and online shopping where a customer who buys item
A, usually also purchases item B. If the store recognises these patterns, it will therefore either
place these items close to each other, bundle price the items, or optimise store layout. The
application for online shopping is often at check-out, where customers will receive a message
similar to “Other customers who bought item A also bought item B”.

Kotu and Deshpande (2019) further explain that an association analysis also can play tricks
on the user through false relationships. It is therefore of great importance to filter through
these relationships and find “true” co-occurrences in the data as well as strong relationships
rather than weak ones. To start an association analysis, previously recorded order data is
required (Juki¢ & Nestorov, 2006). The initial insight gained from the data will be the amount
of times each of the item pairs such as {Item A, Item B} as well as {Item B, Item A} have
been picked together.

To answer RQ4, an association analysis was conducted, which provided insights into which
items in historical order data have a high correlation, meaning which items, one to one, are
picked together. Such analysis was done in Power Query rather than Excel to be able to



handle the massive amounts of data as well as the complex formulas to handle the complexity
of the item pair analysis.

It is important to consider both that item A can be the antecedent of the rule, meaning that
when Item A is picked, Item B is also picked {Item A} —> {Item B}, as well as the
consequent, meaning that when Item B is picked, Item A is also picked

{Item B} —> {Item A}, which will be necessary to discriminate between in the analysis.
Using this information, several factors will determine if the co-occurrence between these
items is strong enough to be considered a non-causal relationship.

The three most important values calculated from an association analysis are the support,
confidence and lift (Kotu & Deshpande, 2019). Support measures the relative relevance of
pick rate to the total orders as shown in the formula below:

Times Item A is picked
Total amount of orders

Support(A) =

To showecase this in a example; if Item A is picked 10 times in a total of 20 orders, the
support value for Item A would be:

Support (A) = % = 0.5
The support value of an item cannot be above a value of 1. Likewise, the co-occurrence of
two items can have a support value, Item A and Item B can be picked 5 times together in a

total of 20 orders, giving the combination of these items the support value of:

_ TimesltemAand Bispicked _ 5 _
Support - Total amount of orders - 20 0.25

The main goal of a support value is to realise if the item, or itemset is worth considering or

not in the subsequent association analysis where a minimum threshold for support values will

be applied to filter away infrequent itemsets and to consider the most frequent items, or

itemsets.

Confidence measures the likelihood of the consequent (Item B) being in the same order as all
orders that the antecedent is in (Item A) in the itemset {Item A -> Item B} which provides the
reliability of the measure in a relative manner rather than support which gives the absolute
number (Kotu & Deshpande, 2019). It will answer the question: “If item A is picked, what is
the likelihood of Item B also being picked?”. The formula is as follows:

. . _ _Support (AU B)
Confidence (A —> B) = Support (A)
This explains the reason for discriminating the different occasions where Item A can be the
antecedent and the consequent in the same itemset, which will result in different values. Such
an example can be: Item A has been picked 10 times out of 20 orders, in these 10 orders, Item
B has been picked 5 times which will result in a confidence level of:

Confidence (A —> B) = TSO%= 0.5



Meanwhile, the confidence level for {Item B — Item A} could potentially look different if
item B was picked in 15/20 orders, while the combination of the two was picked in 5/20
orders, just like before, since the support of two items will always be the same. This would
result in a confidence of:

5/20

Confidence (B —> A) = =75

= 0.33

Lastly, the lift value measures how much more likely two items are to be picked together
compared to if they were picked independently (Kotu & Deshpande, 2019). If the lift-value is
below 1, the association between the two items is considered negative, if the value is above 1
it is considered a positive association, meaning that the two items are more likely picked
together than one by itself. The formula is as follows:

) _ Support (AU B)
Llft (A —> B) " Support (A) x Support (B)

The lift value of our previous example of Item A and Item B if the support for Item B was for
example 0.33 would therefore be:

0.25

Lift (A —> B) = +too37

= 1.52
This indicates a strong association between Item A and Item B, they are therefore picked
together more frequently than if their selections would be totally independent.

Before the values for confidence, lift and support are used to filter for item pairs, an
ABC-analysis will filter for the most frequently picked items that are of greatest interest due
to their volumes. An ABC analysis will categorise the items in three different slots, A, B and
C where the items in slot A will consist of 15% of the total amount of items (Lehmusto,
2024; Zhou et al., 2020). Zhou et al. (2020) argue that doing a class based filtering is
important to reduce the amount of low-frequency items, and argues that an ABC-analysis is
easy and well applicable. These 15% of items should according to the pareto principle
amount to a larger proportion of the total picked goods, optimally around 70-80% which will
further be considered.

After the association analysis, itemsets might show a high value in support but this does not
necessarily mean that it will show high value of confidence or vice versa. Therefore it is
important to set a standardised minimum threshold for each of the values, since an itemset
with great support, but with very low confidence for example, is not of interest for further
analysis (Hikmawati et al., 2021).

The determination of such a threshold for the values generated by the association analysis is
almost always an arbitrary task. The thresholds vary in such a great manner depending on for
example which market, number of items, size of orders (Hikmawati et al., 2021).

Instead of arbitrarily picking thresholds for such a large warehouse, a combined score of the
three values confidence, lift and support will be measured. As previously mentioned, an item
pair with high confidence but very low lift for example, is not of interest. Therefore, a



combined score derived by multiplying all values and then picking the top 90th percentile of
item pairs is of good measure for this thesis.

2.2.3 Cluster analysis

After the association analysis, to further answer RQ4 and insights into which items should be
allocated together, a cluster analysis was done to prove which combination of items are most
likely to be picked together in an order, and therefore should be placed close to each other.

Chuang et al. (2012) explains that to gain proper use of the insights from the association
analysis which only shows item pairs of two items, suggests a cluster analysis for further
insights. Rosenwein (1994) explains that a clustering of items is the grouping of items into
exclusive subsets where elements in the subset have a high degree of natural association. The
cluster analysis is a basis for showing which items have a high correlation in larger clusters
than just a single item pair. An example of relevant clusters can be the power cord, power
adapter and relevant electrical component, while the items not always create frequently
picked item pairs, together make up a frequent order configuration.

Zhou et al. (2020) argue that research regarding cluster analysis and using big data for storage
allocation in a warehouse is rare in practice due to the fact that good data is hard to come by.
Research has therefore used random simulated data. While Zhou et al. (2020) further develop
their algorithm to include other variables into the cluster analysis, such as the favorable rate,
support for cash on delivery and availability of free shipping, this thesis will not consider
similar variables.

Rosenwein (1994) explains that cluster analysis is especially efficient to use when the
demand for items is relatively stationary over a longer period of time (3-6 months) and would
only need iteration when that period is expired.

A basic clustering algorithm was developed in Python, with the intent of creating clusters of
between 2-9 items that all have a high correlation, meaning they have a strong history of
being picked together, reflecting real-world picking behavior. Using the association analysis
count and the combined score of the confidence, lift and support, the cluster analysis can
provide great insights into how items should be placed in a warehouse to reduce the overall
travelling distance to complete orders, reducing the fulfilment time of orders and improving
efficiency (Zhou et al., 2020).

3. Context and Literature Foundations

In this section, relevant literature and prior research related to order picking, performance
aspects, warehouse design and automation solutions will be presented. The literature review
will also help contextualise the challenges and opportunities of automating order picking at
Volvo Penta’s distribution centre. This section will further provide a basis for the feasibility
of automation solutions for Volvo Penta’s operations.



3.1 Order picking

Order picking is defined as the process of retrieving items from their dedicated warehouse
storage location in accordance to customer orders. The most common system is a manual
picker-to-parts system (De Koster et al., 2007), in which a warehouse operator moves along
aisles and picks items corresponding to a customer order (Dallari et al., 2009). The picking
can be either low-level, in which only the locations accessible from the ground level are
picked from, or high-level where the higher locations can be picked from as well with the aid
of lifting trucks. Depending on what sort of OPS is used, pick confirmation is performed in
different ways. In its simplest form, a paper list is ticked each time an item is picked. Other
variants can include confirming the item by scanning a barcode or entering a confirmation
number into a computer system (Battini et al., 2015a). It is considered one of the most
time-consuming activities within the warehouse, accounting for up to 50% of total activities
in a warehouse, making it an important lever for efficiency increase (Andelkovi¢ &
Radosavljevi¢, 2018; Hompel & Schmidt, 2007; De Koster et al., 2007; Tompkins et al.,
2003). The sub-activities of order picking can be divided into travelling (55%), searching
(15%), extracting (10%) and paperwork (20%) (Andelkovi¢ & Radosavljevi¢, 2018).
Andelkovi¢ and Radosavljevi¢ (2018) discuss automating the process, however eliminating
people totally in the warehouse for order picking is an extremely hard task and requires large
investments. However, implementing equipment and adequate technology can greatly
increase the efficiency of warehouse order picking.

Kitting as it applies in this case is viewed as a sub-process of order picking. Kitting is
described by (Bottin et al., 2021) as the process of consolidating a number of components
into a singular standardised unit which is then sold to customers or supplied to production.
According to Simdes (2023) there are several other parts of the kitting process than just
placing the parts in a kit container, such as counting or weighing the specific items. This
would make sure the correct items are placed within the kit, quality and service level would
therefore theoretically increase due to less errors.

3.2 Warehouse design

There are several aspects of a warehouse that influence the performance of order picking,
including layout design, picking routes and storage allocation policies (De Koster et al.,
2007). Often, these factors influence each other, for example, a certain layout may only be
optimal when combined with a specific storage allocation policy and routing policy (De
Koster et al., 2007). This section will introduce some warehouse design aspects that are
relevant for this thesis, including zoning policies, storage allocation policies as well as
batching.

Zoning refers to dividing up the warehouse in different areas or zones, where separate
policies may be applied and separate pickers may operate (De Koster et al., 2007). Item
locations can be decided differently depending on certain properties, for example weight,
frequency of use or temperature requirements (De Koster et al., 2007). Order picking can
then either be progressive, where orders are picked sequentially in their respective zones and



handed over to the next zone, or in parallel (synchronised) where an order is picked in
multiple zones simultaneously. The latter requires that the order is split initially, and then
consolidated again afterwards (Baudin, 2004; De Koster et al., 2007). De Koster et al. (2007)
describe some advantages with implementing zones such as the respective picking area
becomes smaller and the picker may become more familiar with it, leading to reduced
congestion and increased productivity. Petersen (2002) means that further aspects also impact
the travel distance and therefore the travel time within a zone, including the zone shape,
average order length and storage assignment policy. Jane and Laih (2005) also discuss the
possibility of co-assigning items that regularly appear together in orders in the same zone, as
to further improve the performance. However, one issue that must be addressed in
progressive zoning is that of workload balance, or risk impacting the order throughput
negatively (De Koster et al., 2007).

Another important policy relates to the storage locations of items. Several different
assignment policies have been previously discussed in literature, but a main distinction is that
between static assignment and dynamic assignment. With static assignment, items have a
dedicated fixed location in the warehouse where they are always stored and picked from (De
Koster et al., 2007). An advantage with this is that items can be strategically located
according to their properties. For example heavy items may be stored early in the picking
route in order to end up on the bottom of the pallet, or items with a higher frequency may be
stored closer to the depot so that pickers don’t have to travel as far (De Koster et al., 2007).
Another aspect is that pickers can more easily learn where items are located, which can
reduce picking times (De Koster et al., 2007). However, a fixed allocation also brings
drawbacks. For example, the location must always be reserved even if the item is out of
stock, and it must be sized according to the maximum quantity (De Koster et al., 2007). Thus,
this often results in a lower space utilisation (De Koster et al., 2007). An alternative is
dynamic assignment, where the location can change depending on some rule. The simplest
version is random allocation, either determined by a warehouse management system (WMS)
or “closest open location” (De Koster et al., 2007). Such policies usually have the effect of
better space utilisation, however the travel time may increase instead (De Koster et al., 2007).
Thus, it can be viewed as a trade off. One option is to apply different policies in different
zones, for example the “class based storage” makes use of different zones depending on some
classification of items such as high frequency items (De Koster et al., 2007). Different zones
house different classes of items, but within each zone the assignment can be more or less
random, thus gaining advantages from both methods (De Koster et al., 2007). Higher space
utilisation within each zone, and higher productivity as pickers more seldom have to visit
zones further back (De Koster et al., 2007).

Finally, orders can also either be picked individually or batched together. That means that
multiple orders are picked during the same picking tour, and either continuously being kept
sorted or sorted at the end of the picking route (De Koster et al., 2007). A prerequisite for
order batching is that the orders are relatively small (De Koster et al., 2007). Batching can
reduce repeat travel if items from different orders are stored close to each other, so-called
proximity batching (De Koster et al., 2007).



3.3 Performance Aspects

Koster et al. (2007) mention that the most common objective for an OPS is to maximise the
service level subject to resource constraints, and that the service level in turn is composed of
a variety of factors. Further, in their literature review, Staudt et al. (2015) synthesise and
present commonly used performance aspects and their definitions used among scholars
within a warehouse setting. They categorise these aspects into four dimensions consisting of
time, quality, cost and productivity with each dimension being further divided into individual
measurements for specific activities, such as receiving time and order picking time as
subcategories of the time dimension. Further, other performance aspects are also mentioned
in literature such as scalability (Van der Gaast et al., 2019; Li & Li, 2022), flexibility
(Beamon, 1999; De Koster et al., 2007) and ergonomics (Grosse et al., 2017). Table 3.1
below presents all individual performance aspects used and their definitions.

Table 3.1. All performance aspects that will be evaluated.

Performance Aspect Definition
Throughput Number of order lines per hour per picker.
Cost Total cost of the OPS.
Quality Ratio of wrongly picked order lines per time unit.
Space Utilisation Rate of space occupied by storage.
Scalability Ability to change volume capacity over time.
Flexibility Ability to accommodate changes and uncertainties.
Ergonomics How well work conditions support employee
comfort, safety and efficiency.

3.3.1 Throughput

The performance aspect throughput combines the customer-facing speed of an order line and
the internal efficiency with which labour is used, and is therefore expressed as order lines per
staffed hour. A high throughput implies both short lead times and effective use of operator
time, in turn reducing labour cost per order line (De Koster et al., 2007). In manual
picker-to-parts systems the greatest impact on throughput is non-value-adding travel, which
can account for up 50% of the picking time (Andelkovi¢ & Radosavljevi¢, 2018; Hompel &
Schmidt, 2007). Tompkins et al., (2003) present a typical distribution of the different
components making up manual order picking, as seen in Figure 3.1. Layout design, routing
policy, storage assignment and batching all influence that travel portion of the picking time
(Chan & Chan, 2011; Jaghbeer et al., 2020). GTP automation raises throughput by
eliminating most walking and by preparing the next SKU while the operator works, yet only
if the equipment cycle time matches demand (Lee et al., 2015). Literature reports substantial
gains when GTP technologies are deployed in settings where manual travel dominates (Finco
et al., 2023; Bitterling et al., 2022; Loske, 2022). Loske (2022) also notes that employee



learning is faster when working in an automated OPS compared to a manual one due to the
access to real time feedback. Lee et al. (2015) investigate how different degrees of
automation affect throughput and mean that fully automated systems can be highly efficient,
but only if the productivity justifies the fixed inputs. Finally, Litvak and Vlasiou (2010)
investigated the relation between the number of carousel units served by a single picker and
productivity and found that increasing the number of carousels from one to two greatly
increases throughput. This relation is diminishing however, too many carousels starve each
unit of labour.
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Figure 3.1. Average time distribution of a manual order picking process. (Tompkins et al.,
2003)

3.3.2 Cost

Order picking is one of the most cost intensive activities in a warehouse, contributing up to
55% of total operating costs (Duki¢ et al., 2015). This is due to either being very labour
intensive in manual order picking or very capital intensive in automotive picking (Staudt et
al., 2015; De Koster et al., 2007). As seen in figure 3.1, time spent travelling and searching
are a major part of the picking labour costs in manual picking. Cost savings can also be found
in inventory holding, since with certain automation solutions such as VLM height is utilised,
items can be stored more densely without impacting their retrievability and thus provide a
higher storage efficiency, reducing the need for excessive warehouse space (De Koster,
2018). Simultaneously, in automated OPS these components are usually significantly lower
resulting in a more efficient picking activity and lower operational costs per order line (Baker
& Halim, 2007; De Koster et al, 2007; Marchet et al., 2014). However, while automation can
reduce operational costs, they simultaneously bring increases in other cost areas. Baker and
Halim (2007) highlight the fact that high anticipated capital investment is a concern for
potential warehouse automation projects. Other operational costs introduced by automation
technologies are regular servicing and maintenance of the equipment.



3.3.3 Quality

The quality dimension for the order picking activity relates to picking accuracy, or more
specifically the ratio of number of order lines picked correctly to the total number of order
lines picked during the observed time period (Staudt et al., 2015). Battini et al. (2015a)
discuss different kinds of picking errors that can occur in manual paperless picking systems
and describe them as either detectable, which can be intercepted and corrected during the
picking, or propagating, which are only noticed at the end of a picking tour. The correction of
detectable errors makes use of a WMS in which the picker needs to confirm the item picked.
If the picker inputs the wrong item information, the WMS will alert the picker. Propagating
errors are not immediately detected by the WMS as the picker incorrectly inputs the right
item information. Such pick errors lead to increased order picking time due to rework and
increased travel time (Grosse et al., 2013). In a completely paper-based picking system, no
errors will be detected during the pick tour, as there is no active WMS to detect these. In
cases where order picking quality is not sufficient, introducing automation technologies can
aid in improving accuracy (Baker & Halim, 2007; Marchet et al., 2015; Puki¢ et al., 2015).
By reducing human involvement, errors that can be attributed to the human factor, such as
misreading labelling can be reduced or eliminated (Pukic¢ et al., 2015).

3.3.4 Space Utilisation

An indicator related to productivity is the inventory space utilisation. Benson (2008) defines
the storage-capacity ratio as the theoretical cubic capacity of a warechouse, and the
storage-utilisation ratio as the actual utilisation of the capacity. Benson (2008) claims that the
capacity ratio in manual shelving warehouses usually is between 22% and 27%, and that the
storage utilisation is often under 50%. Puki¢ et al. (2021) confirm this finding, claiming that
traditional shelving results in low space utilisation. Inefficient space utilisation can in turn
result in cluttered and poorly organised warehouses, further reducing the available storage
capacity (Deepika & Vinoline, 2025). Implementing AS/RS is one way to improve the
storage space utilisation, as it often makes use of vertical space and denser item slotting,
increasing the storage-utilisation ratio (Deepika & Vinoline, 2025; AbdelGawad, 2015; Pukié
et al., 2021). One supplier of automation technologies states for example that implementing
VLM:s can reduce area requirements by up to 85% (Kardex, n.d.).

3.3.5 Scalability

The performance aspect scalability refers to how difficult or easy it is to change volume
capacity over time, both to increase and decrease. Few scientific articles directly discuss
scalability of different OPS, though some touch upon it indirectly. Van der Gaast et al. (2019)
model sequential zone-picking and show that once labour is balanced across all zones, extra
zones (and therefore pickers) add sharply diminishing capacity. Literature on automation
offers a more equipment-centred view. A meta-analysis of 41 AS/RS studies finds that
throughput capacity scales almost linearly with shuttle count up to a congestion threshold,
after which the VLM:s, not the shuttles, become the constraining resource, underscoring that
scalability depends on the mix of components rather than any single element (Li & Li, 2022).



Industrial sources give a consistent picture of mini-load crane-based AS/RS scalability.
Swisslog (n.d.) calls its mini-load highly scalable and future-proof, noting that extra aisles
can be added as demand rises, and SSI Schifer (n.d.) attributes their mini-load as “easily
expanded”.

3.3.6 Flexibility

Flexibility as a performance aspect in OPS is generally difficult to measure directly (Staudt et
al., 2015) and has been defined in various but similar ways in literature. Beamon (1999)
defines it as “the ability to respond to a changing environment”, and De Koster et al. (2007)
write “the ability to accommodate changes and uncertainties” and argue that short order
retrieval times imply a higher flexibility. Further, in the context of automated OPS, flexibility
usually refers to “the effort needed for required changes in equipment when adapting to shifts
in demand” (Heragu et al., 2011; Cai et al., 2014), and the ability to cope with changes in
volume (Azadeh et al., 2017). Such changes can for example be variations in order volume,
order profiles, item assortment or fluctuations in labour availability. Azadeh et al. (2017)
mean that a high flexibility is essential in environments marked by high variability in
demand, but claim that the flexibility of GTP automation has received little attention in
literature. However, van Gils et al. (2018) found that in general, a manual OPS outperforms
an automated OPS as humans usually react better to such unexpected changes, are more
flexible with respect to capacity and can retrieve a large variety of products without needing
modifications (van Gils et al., 2018).

3.3.7 Picking Ergonomics

An important factor for the working condition in warehouses is the ergonomics of workers. It
is further one of the areas of the UN's sustainability development goals (Swedish UN
Association, 2023), number 8.8, to foster the safe working conditions of all.

Human factors cover many aspects relevant for order picking, but due to scope limitations
this thesis will focus only on picking ergonomics. Ergonomics in this context will refer to the
physical working conditions and their adverse effects on operators. According to Grosse et al.
(2017), ergonomics in order picking have received little attention in literature compared to
other, more distinct measurements. Jaghbeer (2019) further mentions that there is little work
evaluating ergonomics in automated OPS. However, some authors have conducted
experiments in which they investigate the ergonomic effects of activities within order
picking, both in manual picker-to-parts systems and automated GTP systems. The main
ergonomic risks in manual OPS include heavy lifts, long walking distances, awkward picking
angles such as above the shoulders or below the knees and large item quantities leading to
repetitive work (De Lombaert et al., 2024; Calzavara et al., 2016; Labus & Gajsek; 2018;
Feldmann et al., 2019). Further, ergonomic strain mainly depends on the tasks themselves
rather than the individual traits of the workers (De Lombaert et al., 2024; Labus & Gajsek;
2018). Therefore, it is important to decrease these ergonomics risks in relation to social
sustainability. According to Loske et al. (2021) there is a large connection between logistics
and health risks related to ergonomic stress which can in turn further increase the economic



and social disadvantages in the long term, both for the individual and also for the company.
Loske et al. (2021) also argue for an increase in automated and digitised working systems
within logistics to decrease the risk of ergonomic stress and increase the overall living
conditions for workers in these areas. Fariolo et al. (2024) further agree with Loske et al.
(2021) that companies can make well-informed decisions when adopting automation
technologies in OPS systems by understanding the interconnection between automation and
social sustainability. The research of Fariolo et al. (2024) also shows that profitability within
warehouses does not need to be in contradiction to increasing the social sustainability of
workers but can rather work and foster each other.

Battini et al. (2015b) modeled how ergonomics can be measured as both a capacity and cost
driver, and showed that it can be quantified directly. For example, poor ergonomics silently
erode throughput over time, leading to more frequent and longer breaks (Battini et al.,
2015b). Within an automated OPS, some demanding activities can be negated such as long
walks, heavy lifts and awkward angles as items are retrieved and presented to the picker in an
ergonomic height (Puki¢ et al., 2021; Al Shehhi et al., 2019; Lee et al., 2020; Hanson et al.,
2018). In their research on a horizontal carousel, Puki¢ et al. (2021) found that the average
energy expended per pick can be reduced by ¥ and leads to significantly lower risks of
fatigue and musculoskeletal disorders. However, some authors highlight that introducing a
GTP system does not automatically guarantee low musculoskeletal risks (Lee et al., 2018; Al
Shehhi et al., 2019). Instead, attention must be brought to what actions are still performed by
humans. Zhang et al. (2023) mean that ergonomic gains can mainly be achieved when
humans and robots get distinct, ergonomically sensible roles such as allowing humans to pick
high frequency items closest to depots, while robots handle slow moving items.

3.4 Automated Storage and Retrieval Systems

This section describes the different automation technologies that in consultation with Volvo
Penta have been deemed relevant for this thesis. The technologies are VLM, horizontal
carousels, vertical carousels and mini-loads. AS/RS such as these are typically supported by
an integrated software system which can track where in the module the item is located, and
can provide organisational benefits such as decreasing costs and increasing efficiency, both
by efficient storage but also through an increase in the possibility to apply smart picking for
orders (Calzavara et al., 2019).

3.4.1 Vertical Lift Modules

Dbukic et al. (2015) explain that lift modules are structures of columns that consist of trays
that move vertically to achieve GTP, meaning that the goods to be picked are brought to the
picker through a dedicated access bay. The lift modules main characteristics are the
improvement of efficiency in the picking process, height utilisation and improvement of both
ergonomics and safety for the workers (Puki¢ et al., 2015).

Vertical lift modules are a solution used for order picking of mainly smaller components
stored in a vertical manner, using a middle lift with storage on each side. The middle



mechanised lift moves vertically inside of the lift module, retrieving trays from the different
levels, delivering them to the access point of the module (Battini et al., 2016). VLM:s are
built on a modular design, meaning that the system can be adapted to fit different ceiling
heights, however a minimum height of 5-6 metres is recommended (Do6llinger & Larsson,
2016). Dollinger and Larsson (2016) explain that VLM:s can dynamically adjust the distance
between the internal trays, depending on the storage needs and demand patterns. VLM:s can
have access points on both sides, allowing for simultaneous picking and replenishment
(Dollinger & Larsson, 2016). They can further be customised to fit different storage
assignment policies. Dollinger and Larsson (2016) present market research regarding
different AS/RS:s, in which they compare solutions given by different commercial providers.
Regarding the VLM:s researched, the height can range between 2.5 to 16 metres. In order to
achieve higher throughput, the same picker can operate multiple VLM:s simultaneously in a
so-called pod.

Battini et al. (2016) explain that a downside of current VLM:s is the idle waiting time when
the picker has to wait for the lift module to store and extract the next item to be picked. A
solution to this is dual-bay VLM:s. Dual-bay VLM:s are particularly suitable for picking
activities due to its dynamic characteristics where the picker picks a component from a tray
and the system simultaneously retrieves the following component to an adjacent picking spot,
resulting in higher system output with less idle time (Battini et al., 2016). One such solution
can be seen in figure 3.2 below showing a dual-bay VLM.

Figure 3.2. Example of a VLM (Outsource Equipment, n.d.).

Calzavara et al. (2019) propose that using VLM:s reduces the risk of mistakes in the picking
process, since the picker only is presented with a single tray with a limited assortment of
items. There may be a light indicating where the correct item is located. There is also an
ergonomic aspect of using VLM:s, the picker will always receive the tray of components in
the predefined height of the tray presented. This will in turn not require the picker to reach



into positions where the posture is sub-optimal, decreasing the risk of injuries and long-term
musculoskeletal issues (Calzavara et al., 2019).

3.4.2 Vertical Carousel Modules

Carousels are an AS/RS based on a closed loop structure. The carousel consists of a set of
rotating shelves, presenting the corresponding shelf, containing the desired SKU to the
picker, an example can be seen in figure 3.3 below.

Figure 3.3. Example of a vertical carousel module (VitalValt, n.d.).

A vertical carousel is a simple AS/RS system that moves on a vertical axis, utilising height as
storage and optimising the usage of floor space. Since minimal internal volume is required
for aisles or lift devices, carousels can achieve a very high space utilisation (Ddllinger &
Larsson, 2016). Bertke et al. (2024) propose that vertical carousels can save up to 90% of
floor space in warehouses. The system presents the desired shelf containing the needed SKU
to the user at a central access point, which therefore does not have to move when storing or
picking items. Vertical carousels are usually used for smaller or medium-sized items which
are presented at a fixed, ergonomic height (Buley & Knott, 1986). In their market research,
Déllinger and Larsson (2016) found that vertical carousels usually have heights of 3 to 15
metres, but are normally restricted to 9 metres due to weight restrictions. The implementation
of vertical carousels can increase the tracking rate of items, minimising the risk for human
errors in both the storing and picking process (Gabriel-Santos et al., 2016). Arnold et al.,
(2008) propose that if the system is filled according to demand patterns a very high
throughput can be achieved. This is done by putting items that are often ordered together on
the same or close shelves. Allowing one picker to operate several systems at once in a



so-called pod arrangement can also increase productivity, as idle waiting time is reduced
(Bartholdi IIT & Hackman, 2017). However, the vertical carousel also comes with some
disadvantages. Due to the fact that the entire shelving mechanism must rotate for each
retrieval, a higher wear out can be expected (Ddllinger & Larsson, 2016). The system is also
prone to weight imbalances, and can risk tipping if balanced improperly (Déllinger &
Larsson, 2016). The system does not generally perform well during surges in demand
(Bartholdi III & Hackman, 2017) and should mainly be implemented when demand is
continuous with low variation (Arnold et al., 2008). Scalability is another issue for the
vertical carousel, as it is usually not possible to increase the number of racks after
installation, or add a second access point and would instead require entirely new systems
(Arnold et al., 2008).

3.4.3 Horizontal Carousel Modules

buki¢ et al. (2015) explain that a horizontal carousel module is a storage system that is linked
to either a floor-mounted or roof-mounted driving mechanism for moving the carousel in a
complete loop. Several modules can be placed in proximity and operated by a few pickers, as
seen in figure 3.4 below. This grouping provides the pickers with the possibility of
simultaneously picking from one space while the other spaces move to present the upcoming
components needed, decreasing the idle waiting time, contributing to a high throughput.
Often, a single picker operates a number of these carousels to reach a large picking
productivity and are therefore especially eftective for batch picking (Puki¢ et al., 2015). Each
column in the carousel has a number of trays or storage loads containing a specific
component. However, in contrast to both the VLM and vertical carousel, the horizontal
carousel is often limited in height as the picker must be able to reach all the different picking
locations (Ddllinger & Larsson, 2016). The authors also mention that the carousel body can
either consist of a single drive mechanism or multiple sub-carousels stacked on each other,
where the latter allows for picking from sub-carousel while another is rotating allowing for an
even lower idle time.



Figure 3.4. Example of several horizontal carousels (Modula, n.d.).

3.4.4 Mini-load

Mini-load systems are composed of multiple narrow parallel aisles of storage racks where an
operating machine stores and retrieves plastic bins containing SKU:s which are called
mini-loads (Bartholdi III & Hackman, 2017). If space allows, it is therefore viable to increase
the amount of racks horizontally and deliver the bins to a specific pick station. The machine
can move both horizontally and vertically as seen in Figure 3.5. The machine retrieves the
mini-loads to a dedicated picking station and when the items have been picked from that
mini-load, moves back to store the mini-load at the dedicated rack.

Figure 3.5. Example of a mini-load (MecalLux, n.d.).



Bartholdi IIT and Hackman (2017) differentiate between single command cycles and dual
command cycles in mini-load systems. In a single command cycle, the device either puts
away or retrieves a load and then returns to the access point, while in a dual command cycle,
it can put away one unit load and retrieve another before returning. Operating a dual
command cycle is generally more productive. According to He et al. (2023), a single stacker
crane with two racks can satisfy more than 100 items per hour. Dollinger and Larsson (2016)
also provide insight from market research, noticing that mini-load systems can handle both
standard and in certain cases customised bins, typically for loads up to 120 kg. Some systems
are also capable of carrying two bins at once but are highly limited in terms of maximum
throughput, as there is only one access point per aisle. Their research indicates a typical
performance of around 130-150 cycles per hour. Lastly, Lerher et al. (2011) describe
mini-load systems as fairly inflexible and difficult to adapt to future demand changes, as well
as changing assortment due to fixed bin sizes, which may present challenges.

3.5 Risks and challenges with automation

Any project comes with risks and challenges, and an automation project is no different. This
section will aid in answering RQ3 by providing an overview of risks and challenges previous
authors have identified can arise when implementing automation in an OPS.

To begin with, a major hurdle is the upfront investment cost. This can be substantial and must
be weighed towards potential benefits, especially if the project has a long pay-back time
(Baker & Halim, 2007). Granlund and Wiktorsson (2014) discuss a generic overview of the
different phases of a warehouse automation project, divided in the pre-project phase, the
implementation phase and the post-project phase. They go on and describe several key
barriers to exploiting automation technologies within internal logistics. As a start, they
mention that lack of knowledge can be hindering. This is especially visible in the pre-project
phase. For example, companies are often unable to answer questions such as “How do we
find potential technologies?”, “How do we identify the benefits?”” and “How do we use the
technology properly?”. Related to the unpreparedness, unrealistic or undefined objectives is
another risk that can lead to investing in unnecessarily expensive or complicated automation
equipment in the end (Granlund & Wiktorsson, 2014). Another risk is not designating a clear
owner, both in terms of the specific automation investment and also of the strategic
responsibility (Granlund & Wiktorsson, 2014). Not doing so can result in no one having an
overall view of the system and its performance, and can inhibit the management and future
development of the system leading to sub-optimisation (Granlund & Wiktorsson, 2014). On
the other hand, Baudin (2004) means that an automation system can take a lot of focus from
other important areas, due to it being so expensive. Baker and Halim (2007) mention the
potential lack of future flexibility in adapting the system, either as an effect of changing
capacity requirements or a change in the SKU characteristics. Further, Baker and Halim
(2007) mention the risk of the implementation of automation technologies having disruptive
effects on the ongoing operations of the warehouse. This in turn can result in a decreased
service level, especially in the short term such as longer delivery times (Baker & Halim,



2007; Marchet et al., 2014). Such effects are usually resolved as time is spent on fine-tuning
the equipment and new activities (Baker & Halim, 2007).

However, the literature also proposes some steps to take to increase the likelihood of a
successful implementation. Winroth et al. (2007) claim that before taking any decisions and
investing ad hoc, companies should evaluate their direction, strength and weakness and from
that develop an implementation strategy. For example, Granlund and Friedler (2012)
recommend thoroughly formulating specifications and requirements on automation
equipment. The company should have a clear functional strategy for how the automation
technology supports the overall goals, and also to guide future improvements. Baker and
Halim (2007) also highlight the importance of having a realistic timescale, that also includes
how the ongoing operations will be affected. Other success factors include involving and
communicating with employees, benchmarking over time and with different solutions and
acquiring relevant knowledge, if not already present, involving experts or consultants
(Granlund & Wiktorsson, 2014).



4. Empirical Findings

This section describes the different empirical findings of the thesis, starting with describing
both the order picking and kitting activities at the Vara Site. Then, a brief description of the
VPDC item characteristics follows. The time study conducted is described and the results are
presented. Finally, a brief discussion of Volvo Penta’s expectations on the new warehouse
operations performance is given. The empirical findings were mainly gathered during the
four site visits and through the continuous interviews and dialogues that were held.

The site is located just outside Vara, Sweden and houses two distinct operations. The first one
being a Volvo Penta factory producing among other things D4 and D6 marine engines as well
as operating a production line for specialised heavy-duty engines, and the second VPDC, the
central distribution warehouse. These are located in separate structures, however these are
next to each other with openings to move between the two. As this thesis is not considering
the production operations besides the kit building process, it will be excluded in the following
description.

4.1 Kitting at VPDC

Kitting is done at a dedicated area within the factory. Kits are produced for the production
line but also for the VPDC warehouse and contain different amounts of items from 2 items
per kit, all the way up to 25 items with an average of 5 items per kit. Examples of kits are
shown in figure 4.1. The building of kits are steered according to a weekly demand,
according to specific customer orders. However, the demand for the entire week is batch built
and not immediately for the order shipment. Therefore, there is a stock of kits in VPDC until
all orders are picked and shipped during the week.

_— )

Figure 4.1. Finished kit in a plastic bag (Left). Retrieved items to be included in kits (centre).
Finished kit in a quarter pallet (Right).

There are four kitting stations where different kits are built, separated according to the total
weight of the kits. Each station has a scale to weigh the kits as a means of quality control.
The smallest kits contain screws, bolts and similar items, in a plastic bag. For this station the
ingoing items are presented immediately around the operator in easy-accessible racks. For



larger kits, either differently sized cardboard boxes or small wooden pallets are used, as seen
in figure 4.2 below. For these kits, one operator is responsible for material handling as the
items are located throughout smaller storage areas in the factory (not VPDC). The material
handler moves around and retrieves the relevant items, similar to order picking, brings them
to the kitting station and puts away the leftover pallets. One operator is constantly building
kits. Some smaller and high frequency items are stored in two VLM:s at the kitting area, and
can be accessed directly by the operators. Certain larger kits also contain smaller kits built at
the other kit stations, and must therefore wait for these kits to be built. Finished Kkits are
transported to the VPDC storage to be further picked by order pickers at some point during
the week.

Figure 4.2. Example of a finished kit on a quarter pallet.

4.2 Order picking at VPDC

The warehouse itself is divided into zones such that one zone mainly contains smaller items,
up to 25 kg and can be handled by hand or simple lifting devices, and one zone contains
larger, heavier items, often on pallets that must be handled with forklifts. The small item zone
is around 2000 m?. There are currently around 1400 unique SKU:s in the small item zone and
around 360 SKU:s in the larger items zone. Orders are usually picked the day before they are
supposed to be shipped out, given no disruptions such as missing items. Synchronised zoning
is used between the two zones, such that the order is split into two lists according to the
respective items. For the small items picking, a picker forklift with a three level rack is used
(Figure 4.3-left below), and for large items picking, a counterbalance forklift is used (Figure
4.3-right below). Thus, for each order, two separate picking rounds are performed. The items
are brought to a joint area to be merged back into one order again (P4 in Figure 4.5).
However, small items must first also be packed in pallets with pallet collars and lids similar
to Figure 4.2, built by the picker at the end of the picking round.

As this thesis focuses on the small items, only this picking process will be further described
and analysed. Within the small item zone, low level picking is used where pickers only pick
from the shelves accessible from the ground floor. Certain items are however picked from the
third level, where the picker is able to raise the truck to reach these. A typical partial order for
the small item zone contains around 15-20 order lines, with around 30-50 orders picked per



day, which amounts to on average 15 000 order lines per month. A big reason for the
variation in order volume per day is material shortages, as orders can not be partially picked
and must therefore wait to be picked until all items are available. This thus creates a backlog
of orders that all get released to be picked simultaneously as the missing items are received
by the warehouse. While the planners can view backlog orders, they have no insight into
when the missing items will arrive and can thus not plan for a more balanced workload. They
are also unable to change the picking date of backlog orders, so all backlog orders will need
to be picked as soon as they can which creates large fluctuations in orders per day. Within the
small item zone, a class based storage system is partially used. This means that each item
class is stored in its respective area, however within each area a random storage allocation is
used. Certain items follow a static, dedicated storage policy. This includes high frequency
items, as well as certain items that are pre-programmed according to specifications from the
customer. Item reallocation is done in an ad hoc manner, rather than a continuously applied
defined logic, risking sub-optimal allocation.

A summary of the above figures of the order and SKU process is shown below in table 4.1.

Table 4.1. Summary of figures of the VPDC small order picking.

Warehouse area 2000 m*
Item weight Up to 25 kg
Unique SKU:s 1400
Typical order size 15-20 order lines
Typical orders volume 30-50 orders per day

Figure 4.3. Picker forklift (Left). Counter-weight truck (Right).

While picking, item confirmation is done by scanning respective items' barcodes together
with a barcode representing the correct quantity (Figure 4.4-Right) with a barcode scanner
worn directly on the finger of the picker (Figure 4.4-Left). A floor plan of the Vara site can be
seen in figure 4.5 below, with the VPDC picking area with racks shaded in blue and the order



merging area in yellow. The small item picking round starts at location P1 with the picker
preparing the picking list and truck. They then move to P2 where certain items have to be
programmed according to specific customer specifications, which must be done before the
picking can start. They then move in an S-shape throughout the warehouse. At P3,a VLM is
used as storage for certain low-frequency items. The picker enters the specified information
into the terminal and the VLM retrieves their items, with a light signaling where on the tray
the item is. The picking route finishes at P1 again, and the picker prepares the items by
building the pallets and placing them at P4, where the order waits to be merged with the
partial order with large items and then finally loaded and shipped out. During this process,
the picker again confirms that all items have been correctly picked before signing the order as
complete.

Figure 4.4. Finger-mounted barcode scanner (Left). Barcodes for quantity (Right).



Figure 4.5. Floor plan of VPDC and the Vara factory.

VPDC receives between zero and three claims per month about the customer receiving
incorrect items. This does not necessarily mean that the wrong item has been picked during
the picking round, but could depend on other factors such as the order has been loaded on the
wrong truck. If all claims would be caused by picking errors, VPDC would have an error rate
01 0.0002% (on average 15 000 order lines per month). VPDC has an internal goal of
continuously reducing their claim rate.

4.3 Ttem characteristics at VPDC

Today VPDC stores around 1800 unique SKU:s, with around 1400 being allocated to the
small item zone. In the items in VPDC, kits are also included. New articles are added
continuously as parts get updated and replaced. As a way to future-proof a new warehouse, it
should be able to accommodate an increase of around 100% workload in the near future. The
items are different kinds of accessories and spare parts used in shipbuilding and adjacent
industries, and usually sold and shipped together with an associated marine or industrial
engine. Some examples of items seen below in Figure 4.6 are hoses, instrument readers and
electrical components such as joysticks and extension cables. The items picked in the small
item zone weigh between a couple of grams up to 25 kg.
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Figure 4.6. Examples of items stored and picked at VPDC.

4.4 Time study

A time study was conducted to get a baseline of the current performance related to the
throughput of the manual small item order picking process at VPDC. 12 orders were
documented following three different pickers, 3 orders contained fewer than 10 order lines, 2
contained between 10 and 20 order lines and 7 contained more than 20 order lines. The time
distribution was noted from starting the order at P1, throughout the entire picking round and
finishing back at P1. The time spent on building and packing the pallets was not documented,
as this activity would remain if automation technologies were to be implemented. The results
can be viewed in Figure 4.7 below. The different activities documented were “setup”,
“travel”, “search”, “pick” and “other”. The setup activity included picking up and looking
over the order list and setting up the computer, and made up 6.9% of the total picking time.
The travel activity consisted of travelling between the different storage locations, as well as
vertical travel if the picking location were on the second or third level, and made up 30.6%.
The search activity consisted of trying to identify the correct item after having traveled to the
location, but before picking it. This mainly occurred at the zone with order-specific
pre-programmed items, as the picker had to identify the exact one matching the
corresponding order. Search made up 6.7%. The pick activity consisted of picking the item or
items, scanning them as well as the quantity barcode and placing them on the truck. It made
up 49.6%. Finally, the activity labelled other mainly consisted of administrative activities
such as reading and managing the order list, reorganising the items on the truck, idle time
while waiting for the VLM to be free or system errors. It made up 6.2%.
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Figure 4.7. Time distribution per activity in picking rounds.

4.5 Volvo Penta’s expectations

As stated in section 1.1, Volvo Penta is currently investigating the possibility of building
VPDC 2.0, a new warehouse building with the intent to consolidate their currently scattered
footprint in Vara. The new building would be located just beside the current operations of
VPDC and the Vara factory. As a result of this project, the current operations are being
studied to identify potential improvements, including the order picking and kitting operations.

Volvo Penta is expecting that the workload and number of SKU:s of ingoing items being used
at the kitting activity will double in the near future. The current setup does not have the
capacity for this increase, mainly due to workspace constraints. Thus, Volvo Penta is
exploring the possibility of transferring the kitting operations from its current organisation
within the factory building to the warehouse organisation, and also potentially reorganise the
process itself by making kit building a sub-activity within the order picking. This would
mean that the kits are built directly in connection to when the order is picked, up to one day
beforehand, and immediately picked during the order picking round to be packed and shipped
instead of being placed in inventory. This would result in a loss of efficiency for the kitting
process, as they would no longer be batch building kits. However, this suggested change is
motivated due to the fact that a major cost driver and constraint for VPDC is space, and
currently the batch kit building process results in additional inventory. Furthermore, the
current process results in each kit being an individual transport handling unit (THU), being
either small plastic bags, cardboard boxes or small wooden pallets with collars. Each THU
requires some handling, and 3PL-actors invoices per handled THU. Finally, the THU:s are



not always sized appropriately for the items and are often oversized. This both results in
unnecessary inventory volume, as well as being questioned by customers. Thus Volvo Penta
wants to question this process, and explore the possibility of consolidating several kits going
to the same order on one THU. For example, the largest kits are built on quarter pallets and
several may be consolidated into one EUR-pallet.

The above change would impact the order picking process, transferring the workload as kits
would be built in parallel with order picking. This puts a real constraint in the area, as the
kitting activity is currently located within the factory with racks that are picked from being
spread throughout the factory. Consolidating this activity and transferring it would further
increase the already limited required area, especially when considering the 100% increase.
This results in higher requirements for the performance aspect of inventory space utilisation.
Regarding the throughput aspect, this is an important but not deciding factor. VPDC can
currently manage their workload with at most 3 simultaneous order pickers. Backlogs are
mainly due to missing items from suppliers. However, considering the potential change in
operations as kits would be built in parallel as the order is picked, more workload would be
moved closer to the scheduled loading time putting more emphasis on the throughput
performance aspect. The cost aspect is another important but not crucial measurement. The
current operating costs are quite low, and the main cost drivers are instead found in the space
constraints. Any potential automation technology should be able to address these limitations
rather than aiming primarily at reducing labor costs. Therefore, investment decisions should
prioritise solutions that optimise space efficiency and operational flexibility. As regards to
quality, Volvo Penta aims to continuously reduce the number of customer claims resulting
from picking errors. This performance is already very good, so it can not be considered a
driver for an investment even with the high accuracy of automation technologies.



5. Analysis

This section will analyse the literature and empirical findings in order to answer the research
questions. Section 5.1 evaluates the current manual OPS at VPDC on each performance
aspect, while section 5.2 evaluates the four candidate automation technologies against the
same aspects. These two act as input to section 5.3, which will synthesise it into the AHP
model and provide a final scoring for each OPS. In section 5.4, firstly an association analysis
is conducted to prove initial correlation between items. Further, the association analysis acts
as input for the cluster analysis, which provides an optimal bundle of items for storage in
VPDC, based on the most relevant items from the association analysis.

5.1 Current order picking at VPDC

This section will analyse the small order picking at VPDC based on the site visits, dialogues
and interviews making up the empirical findings according to the performance aspects stated
in section 3.3. The analysis will serve as guidance in determining the relative performance of
the current manual OPS for the AHP analysis in section 5.3 and aid in answering RQ2
regarding what OPS is the most suitable for VPDC.

Today, the order picking is manually performed by 2-3 pickers on a low-level picker-to-parts
system. The picker follows a set route and can pick from the first and second level in racks.
At certain places, also the third level is pickable. Items are for the most part allocated to
different zones, and have within their respective zones dynamic storage allocation. Certain
high-runners have a set location, which can be changed if the situation changes. Items can be
said to follow a rudimentary ABC-classification, with high-runner items being closer to the
starting area and usually on the first or second level as to make them more easily accessible.
The order picker confirms the correct item by scanning the item barcode with a scanner
attached to their finger, and the correct quantity by scanning pre-taped barcodes on the truck
to represent different quantities (1-4).

5.1.1 Current Situation - Throughput

Throughput here means the number of order lines picked per staffed hour, so it captures both
customer facing speed and internal labour efficiency. Our time study shows that an average
pick tour spends about 30% of total time simply travelling between slots, and another 7%
searching before any item is handled. As a result, the small parts team handles around 84
order lines per hour, divided by a typical three pickers on duty, that is around 28 order lines
per labour-hour. The figure is acceptable for today’s volumes, yet as Volvo Penta expects
SKU count to increase this can become a constraint. Without automation that increase would
increase the average travel distance, raise travel times and decrease throughput unless the
workforce and floor space increase proportionally. In short, the current manual setup meets
daily targets but offers limited headroom once SKU count increases and kit-building is
moved to VPDC.



5.1.2 Current Situation - Cost

Cost is an important aspect for Volvo Penta and can be analysed in several ways. First of all,
there are the operational costs, mainly consisting of the 2-3 operators performing order
picking on any given day. Implementing automation technologies would likely do little to
reduce these costs, as an automated system still requires a minimum of pickers to operate the
modules. Other costs would also be introduced such as maintenance, technicians and
electricity. Costs related to material handling could potentially increase as well, as more
handling is required to replenish the automated systems. Secondly, there are the costs related
to the investment, both in terms of the machines themselves but also any investments in
software and WMS. Finally, there are storage costs related to holding inventory, both direct
and indirect, with the one most relevant in this project relating to the storage utilisation and
item density, discussed in section 5.1.4.

5.1.3 Current Situation - Quality

The quality aspect relates to picking accuracy, that is what percentage of order lines are
incorrectly picked, either as detectable or propagating errors as defined by Battini et al.
(2015a). VPDC uses a finger-held scanner to directly scan the article barcode as well as a
barcode representing the picked quantity. This system makes it very easy to intercept and
immediately correct what Battini et al (2015a) calls detectable errors. The picker also
performs a control after the entire picking round as they pack the items in boxes, being able
to also catch any propagating picking errors. Thus, it can be said that the quality control at
VPDC is high, evident in their claim rate at 0.0002%. While a direct measurement of
accuracy is difficult to track due to its very nature, customer claims can be used as a
substitute. As a result, while potential for quality improvements can be a driver for
implementing automation technologies, this does not seem applicable in Volvo Pentas case
due to their already low claim-rate.

5.1.4 Current Situation - Space Utilisation

Another measurement of productivity is inventory space utilisation in item density per m?.
This is important for Volvo Penta, given that the current area is seen as a crucial constraint for
their operations. They currently have around 1400 pickable SKU locations, mainly consisting
of the first and second levels in storage racks, with some items in simple shelves. The upper
levels are otherwise mainly used as a reserve zone to replenish empty items. The current
pickable small item zone is around 2000 m?. This results in a pickable item density of around
0.7 items per m*. With the current density, the increase of SKU:s would require about an
additional 2000 m? of standard storage racks, assuming that it would scale linearly. This can
be another driver for introducing automation technologies as they often make better use of
height compared to traditional warehouse racks, resulting in fewer m* required in order to
house the same number of items.



5.1.5 Current Situation - Scalability

The small-item zone already holds about 1400 SKU:s on 2000 m?, leaving only about a few
empty pallet locations at any given time. Volvo Penta expects SKU count and picking
workload to increase, yet the current area and synchronised two-zone process were designed
for today’s volumes, not including the kit building. Because orders cannot be released until
all lines are available, a single inbound delivery can trigger a sudden spike from 30 up to 50
orders per day, most likely resulting in even larger spikes in the future with the same system.
With only 2-3 pickers and a low-level picker-to-parts system, the throughput can be increased
short-term by adding labour, even though the aisles would quickly get crowded. Especially
the current use of the VLM not being properly utilised could become a major idle point, as
several pickers want to retrieve items from the same module. However, medium to long term,
the floor space limits capacity. The current setup would not be able to absorb the forecasted
increase.

5.1.6 Current Situation - Flexibility

The current system performs moderately well when it comes to flexibility. Human pickers
can quite easily adapt and solve simple issues that arise, such as simple software issues or
improvising the route throughout the warehouse. Human pickers can also handle a very broad
range of items, both in weight and size, and the available capacity can easily be adapted
short-term to match the current workload. However, there still exists some inflexibility in the
way order backlogs are managed. For example, when one order line is missing, the entire
order waits and when that part arrives, every frozen order releases at once. Planners cannot
easily stagger these drops or change promised ship dates, so workload still comes in spikes
even though labour is flexible.

5.1.7 Current Situation - Ergonomics

Although foot travel is minimal during the order picking, the current system still exhibits
ergonomically straining factors. While the items are under 25 kg, because items are
distributed from knee height to the third rack level, pickers repeatedly switch between
bending and overhead reaches, including stretching to reach items. All items are also handled
twice, once during the picking and once during the pallet building which adds unnecessary
ergonomic load. While minor, the finger-mounted scanner, while eliminating a handheld
scanner, still involves a very repetitive motion in barcode scanning. Consequently, while
VPDC seems to perform ergonomically acceptable as a manual OPS, there are still some
inherent factors that add a lot of strain.

5.2 Analysis of Automation Technologies

This section will analyse the potential automation technologies from the perspective of the
discussed performance aspects and Volvo Pentas preconditions and expectations. For each
performance aspect, an AHP matrix is created with scores reflecting the analysis. This section
will serve as guidance in determining the relative performance of each automation technology



in the AHP analysis in section 5.3, and aid in answering RQ2 regarding what OPS is the most
appropriate for VPDC.

5.2.1 Throughput

All four GTP alternatives offer higher throughput than today’s manual picker-to-parts system,
but they differ in how much of the picker’s idle time they can eliminate. A mini-load can
retrieve the next box while the operator scans and picks from the current one, so bin-change
delay can be reduced to almost zero. A dual-bay VLM also pre-stages the next tray, yet each
lift still handles trays sequentially. Both vertical and horizontal carousels remove walking but
must rotate the entire carrier set for every retrieval, letting only shelves sit at the access point
at a time. The manual baseline, constrained by travel and search averages 20-30 items per
hour per picker. These characteristics justify the AHP ordering of mini-load, followed by
VLM, ver. car., hor. car. and lastly manual seen in table 5.1 below.

Table 5.1. AHP matrix considering the performance aspect throughput.

THROUGHPUT Manual VLM Ver. Car Hor. Car. Miniload
Manual 1 1/5 1/4 1/4 17
VLM 5 1 2 2 1/3
Ver. Car 4 1/2 1 1 1/4
Hor. Car 4 1/2 1 1 1/4
Miniload 7 3 4 4 1
5.2.2 Cost

Regarding the cost aspect, a purely manual process most likely incurs the lowest total cost in
the VPDC context as investments are negligible and existing labour covers current volumes
appropriately, so pay-back on automation will not be immediate. Among the automation
options, a VLM represents the least costly upgrade. Its modules can be purchased
incrementally, installation is limited to anchoring and power and maintenance is largely
confined to a single lift drive. Labour savings can appear as soon as the first unit is installed.
A vertical carousel requires a comparable footprint but due to the mechanism rotating all the
shelves and weight balancing, a higher wear resulting in a greater lifecycle expense can be
anticipated. A horizontal carousel is costly due to multiple separate motors per unit,
floor-mounted rails and the opportunity cost of the larger footprint. Mini-Load ranks the
highest in cost, as every capacity increment demands aisles, cranes, rails and integration with
the existing units, and while unit labour falls, the large investment and ongoing service are
significant in the total cost. The AHP ranking for cost is thus Manual receiving the highest
score followed by VLM, followed by the two carousel options placing similarly and lastly the
mini-load system, seen in table 5.2 below.



Table 5.2. AHP matrix considering the performance aspect cost.

COST Manual VLM Ver. Car Hor. Car. Mini-load
Manual 1 2 3 3 4

VLM 1/2 1 2 2 3
Ver. Car. 1/3 1/2 1 2 2
Hor. Car. 1/3 1/2 1/2 1 2
Mini-load 1/4 1/3 1/2 1/2 1

5.2.3 Quality

VPDC'’s existing small parts order picking already records a very low claim rate, so any
automation will at most deliver marginal gains. All four GTP systems reduce human errors,
yet the degree of which still differentiates them. Mini-load ranks highest: a single sealed bin
is fed to a dedicated station, exposing only the intended SKU, leaving little scope for
incorrect picks. VLM:s and vertical carousels follow closely, each presents one tray or shelf
at ergonomic height with optional pick-to-light, but a limited assortment remains visible on
the carrier. Horizontal carousels perform slightly lower, as multiple access points and variable
pick heights raise the cognitive load and the risk of picking the wrong item. Given the already
high baseline, these nuances justify the modest AHP scoring with mini-load just slightly on
top followed by VLM, ver. car. and hor. car. at a similar scoring and lastly manual, seen in
table 5.3 below.

Table 5.3. AHP matrix considering the performance aspect quality.

QUALITY Manual VLM Ver. Car. Hor. Car. Mini-load
Manual 1 1/2 1/2 1/2 1/3
VLM 2 1 2 2 1/2
Ver. Car. 2 1/2 1 2 1/2
Hor. Car. 2 1/2 1/2 1 1/3
Mini-load 3 2 2 3 1

5.2.4 Space utilisation

Because VPDC’s footprint is constrained, the degree to which a technology converts building
volume into SKU capacity is important. Mini-loads deliver the highest utilisation with narrow
aisles and densely stacked boxes. VLM:s rank next, the modules exploit the full height of the
building and can slot items dynamically, although each access point reduces the utilisation
somewhat. A vertical carousel also stores vertically, yet the rotating drum reduces the internal
capacity relative to a VLM. A horizontal carousel improves on manual shelving by
eliminating walk-aisles, but it uses the floor space rather than height, so density gains are
modest. Traditional shelving remains the least efficient, with aisle cross-sections and uneven
slotting limiting both capacity and utilisation. Thus, the AHP ranking is mini-load scoring the




highest followed by VLM, then ver. Car., then hor. car. and lastly manual, as seen in table 5.4
below.

Table 5.4. AHP matrix considering the performance aspect space utilisation.

SPACE
UTILISATION Manual VLM Ver. Car. Hor. Car. Mini-load
Manual 1 1/6 1/5 1/3 17
VLM 6 1 3 4 1/2
Ver. Car. 5 1/3 1 2 1/3
Hor. Car. 3 1/4 1/2 1 1/3
Mini-load 7 2 3 3 1

5.2.5 Scalability

As shown in table 5.5 below, the two most scalable options are the VLM and the vertical
carousel. Since both are self-contained systems, it's easy to add more units with minimal
disruption to operations. This means capacity can increase almost linearly as more units are
added, at least until labour and space availability becomes a limiting factor.

A horizontal carousel also expands unit by unit, yet every additional unit consumes more
valuable floor space, so footprint rather than installation effort constrains growth. Mini-load
ranks the lowest among the automated options: increasing throughput requires constructing
new aisles and integrating additional stacker cranes, an investment step that is large,
capital-intensive and often accompanied by operational downtime. Manual racking remains
least scalable overall because extra volume demands proportional floor space and labour. The
AHP ranking thus becomes VLM and ver. car. scoring the highest, followed by hor. car. and
then mini-load and lastly the manual system, seen in table 5.5 below.

Table 5.5. AHP matrix considering the performance aspect scalability.

SCALABILITY Manual VLM Ver. Car. Hor. Car. Mini-load
Manual 1 1/5 1/5 1/4 1/3
VLM 5 1 1 2 3
Ver. Car. 5 1 1 2 2
Hor. Car. 4 1/2 1/2 1 2

Mini-load 3 1/3 1/2 1/2 1

5.2.6 Flexibility

As shown in Table 5.6 below, a manual system performs the best in flexibility. Human
pickers can absorb volume spikes, new SKU:s and altered routing with negligible
re-configuration effort. Among the automated options, VLM and the horizontal carousel offer
comparable flexibility. The horizontal carousel’s different levels also allows for changing
order profiles. A vertical carousel is less flexible, its single closed loop and weight-balance



limitations restrict re-racking and does not allow for extra access points. Mini-load is the least
flexible due to fixed aisle dimensions and bin sizes. Thus, the AHP ranking for flexibility as
seen in table 5.6 below shows that manual performs best, with VLM and hor. car. performing
second best. In third place is the ver. car. and scoring the least well in flexibility is mini-load.

Table 5.6. AHP matrix considering the performance aspect flexibility.

FLEXIBILITY Manual VLM Ver. Car. Hor. Car. Mini-load
Manual 1 4 5 4 6
VLM 1/4 1 2 2 4
Ver. Car. 1/5 1/2 1 2 3
Hor. Car. 1/4 1/2 12 1 3
Mini-load 1/6 1/4 1/3 1/3 1

5.2.7 Ergonomics

All four GTP systems mitigate the primary risks identified in literature for manual picking,
long travel, high or low reaches and heavy lifts, yet they do so to different extents. VLM and
Mini-load provide the greatest relief: each delivers a single tray or bin precisely at waist
height, eliminating awkward postures and most manual handling. Vertical carousels achieve
nearly the same effect, the picker still works at ergonomic height, though occasional shelf
depth and reach can lengthen grasp distance. Horizontal carousels reduce walking but require
bending or higher reaching on the different levels of the rack, so residual musculoskeletal
load is higher. Manual shelving remains the least favourable, combining travel with repetitive
lifting at variable heights. These qualitative differences result in the AHP ordering of VLM
and mini-load scoring similar followed by ver. car. and then hor. car. with manual receiving
the lowest score seen in Table 5.7 below.

Table 5.7. AHP matrix considering the performance aspect of ergonomics.

ERGONOMICS Manual VLM Ver. Car. Hor. Car. Mini-load
Manual 1 1/6 1/5 1/3 1/6
VLM 6 1 2 3 1
Ver. Car. 5 1/2 1 2 1/2
Hor. Car. 3 1/3 12 1 1/3
Mini-load 6 1 2 3 1

5.3 AHP Analysis

This section will apply the AHP-technique in order to compare the different automation
technologies and the manual system. RQ1 relating to what performance aspects are the most
important for VPDC will be answered by the initial analysis step on the input data from
Volvo Penta. RQ2 relating to what is the most appropriate OPS to use will be answered by the
final results of the AHP analysis.



The decision of what criteria that were included was partly based on literature (Staudt et al.,
2015) and discussions with Volvo Penta. These criteria used were throughput, cost, quality,
space utilisation, scalability, flexibility and ergonomics. The input for the relative importance
criteria comparisons were collected through a questionnaire filled by a logistics specialist at
Volvo Penta considering their future order picking operations, and the results of this are
presented below in table 5.8..

Table 5.8. AHP matrix considering the relative importance of each performance aspect.

Throughput Cost | Quality 333:9 Scalability Flexibility Ergonomics
Throughput 1 1/5 1/6 1/4 1/3 1/4 1
Cost 5 1 1 1 1/3 1/5 3
Quality 6 1 1 2 1 1 4
Space Util. 4 1 1/2 1 1/3 117 1
Scalability 3 3 1 3 1 1/5 5
Flexibility 4 5 1 7 5 1 5
Ergonomics 1 1/3 1/4 1 1/5 1/5 1
(T::t':lr:“ 24 173/15  59/12  61/4 41/5  419/140 20

This original matrix is then used to create the normalised adjusted matrix, by dividing each
matrix value with its column total seen in table 5.9 below. This allows for the calculations of
weights in the rightmost column, by computing the average for each row.

Table 5.9. Adjusted AHP matrix considering the relative importance of each performance
aspect.

Space Row
Throughput Cost = Quality Util.  Scalability Flexibility Ergonomics | Average

Throughput 1/24 3/173 2/59 1/61 5/123 35/419 1/20 0.040
Cost 5/24 15/173  12/59 4/61 5/123 28/419 3/20 0.117
Quality 6/24 15/173  12/59 8/61 15/123 = 140/419 4/20 0.190
Space Util. 4/24 15/173  6/59 4/61 5/123 20/419 1/20 0.080
Scalability 3/24 45/173  12/59 12/61 15/123 28/419 5/20 0.175
Flexibility 4/24 75/173  12/59 | 28/61 75/123 = 140/419 5/20 0.351
Ergonomics 1/24 5/173 3/59 4/61 3/123 28/419 1/20 0.047

Total 1.000

The weights representing the relative importance of each performance aspect in order of
importance is thus as follows, in table 5.10.



Table 5.10. The intermediate AHP weights, reflecting the relative importance of the
performance aspects.

Performance aspect Weight
Flexibility 0.351
Quality 0.190
Scalability 0.175
Cost 0.117
Space Utilisation 0.080
Ergonomics 0.047
Throughput 0.040

The next step in the AHP analysis is to compute the weights for how well each OPS perform
in each specific criterion. This is done in a similar fashion as above, only that a matrix must
be created for each criterion. The pairwise comparison values are determined based on
literature and the discussion in section 5.2. The matrices are presented for each respective
performance aspect in section 5.2, as well as in Appendix A. The results of this intermediate
step are the weights for how well each OPS performs in each performance aspect, and are
presented below in table 5.11.

Table 5.11. The intermediate AHP weights, reflecting how well each OPS performs in each
performance aspect. The highest weight for each performance aspect is highlighted.

Throughput | Cost Quality Space Scalability | Flexibility Ergonomics
Util.
Manual 0.044 0.398 0.096 0.042 0.053 0.505 0.046
VLM 0.217 0.242 0.236 0.307 0.326 0.194 0.325
Ver. Car 0.131 0.160 0.180 0.157 0.302 0.138 0.192
Hor. Car 0.131 0.122 0.127 0.102 0.191 0.111 0.112
Mini-Load 0.477 0.079 0.361 0.393 0.128 0.047 0.325

This gives us the final weights as to how well each automation technology performs in the
respective performance aspects highlighted in red in the tables above. Finally, for each OPS a
final weight can be calculated by summing a weighted average. The calculation for the
manual system is demonstrated below. The weight representing the importance of each
performance aspect is multiplied with how well the manual system performs in that specific
area, and all products are then added together:



(0.040)(0.044) + (0.117)(0.398) + (0.190)(0.096) + (0.080)(0.042) + (0.175)(0.053) +
(0.351)(0.505) + (0.047)(0.046) = 0.259

Similar calculations are performed for each of the OPS and can be seen in Appendix C. The
final scores are presented below in Table 5.12.

Table 5.12. The final AHP scores of the OPS.

OPS Final score
Manual 0.259
VLM 0.247
Mini-load 0.184
Ver. Car. 0.181
Hor. Car. 0.129

Thus, the VLM and the current manual system receive the highest scores, followed by the
mini-load, the vertical carousel and finally the horizontal carousel.

5.4 Association and Cluster Analysis

From VPDC, all order data from 2022 - 2024 was acquired to create an association analysis
to help answer RQ4 and to help decide on how to allocate items in an automated order
picking system. However, because of the large amount of data, only half of the data from
2024 was used, which proved to be sufficient enough for the analysis. The data consisted of:

- 72 000 order rows.
- 7500 unique orders.
- 2189 unique items.

After conducting the ABC analysis to show the top 15% of all picked items in the first half of
2024, it resulted in 328 items with a total number of picks per year consisting of 85% of the
total picks, only these will be further considered.

After the initial association analysis, 72 490 unique item pairs were achieved, each with a
separate count of how many times the pair was picked. The applied formulas to achieve
values of confidence, lift and support were implemented and a score for each item pair was
the result.

Instead of arbitrarily picking thresholds, a combined score of the three values confidence, lift
and support will be measured. As previously mentioned, an item pair with high confidence
but very low lift for example, is not of interest. Therefore, a combined score by multiplying
all values and then picking the top 95th percentile of item pairs was done, resulting in 3304
unique item pairs.



To reiterate what was done, table 5.13 below shows which columns are used in excel with
example values. Count represents the amount of times Item 1 and Item 2 are picked together
in an order. There are two filtering columns to make sure that both of the items are considered
in the A-slot in the ABC analysis and that both items are under 25 kg, which is within the
scope of the thesis. Furthermore, each item pair got values for confidence, lift and support,
relating to the degree of association between the items.

Table 5.13. Example of columns and rows from the association analysis, with made-up item
numbers and values.

Item 1 | Item 2 | ItemPair | Count | Confidence | Lift [ Support | Both items A in ABC? | Both under 25KG? | Score

X zZ X-Z XXX 0.6 24 0.8 YES YES 1.152

Y X Y-X XXX 0.4 3 0.5 YES YES 0.6

To further analyse the correlation between items and to further answer RQ4, a cluster analysis
was done using programming in python. Using existing repositories in github for similar
analysis and using StackOverflow to gain insight into other similar analysis that had been
done, a simple code-base was made. Inspiration for the code was also taken from Zhou et al.
(2020) who did a similar analysis but more advanced. The first step was to create a simple
cluster with a maximum of 9 items in each, made of just the strongest correlations between
the different item pairs. Once this clustering was made, an iterative process called simulated
annealing was initialised. The basics of the annealing process is to temporarily accept worse
conditions than before, to be able to explore further optimal options, if the consequent steps
proves to be worse for the ending solution, the iteration reverses. This helps the algorithm not
get “stuck” in what seems like an early optimal solution, but rather explores all available
solutions. The process moved through 60 000 steps, where for each further step, the less
radical changes are made for the algorithm and the item clusters due to the algorithm being
more conservative the closer to the end. And for each step, the algorithm decided if it would
accept the item cluster change, or dismiss it and reiterate.

To increase the reliability of the algorithm, 100 runs were attempted, with the best scoring
final cluster being the decided combination of items. It is important to note that each item
was allowed to appear in a maximum of 3 clusters, but only if it would drastically increase
the score of the cluster. This is due to the fact that since all the items picked are very frequent
due to the early filtering of the analysis, finding one optimal cluster for each item can instead
hinder the optimal solution of clusters in the warehouse and limit the algorithm.

The result provided was that some clusters proved to be of great interest with high scores,
while some had some lower scores, proving less co-occurrence. The result can be seen in
appendix D where 37 separate clusters are shown and an example of a single cluster is shown
in table 5.14 below with corresponding item descriptions which were gathered from the
Volvo Penta database of items.




Other programs were considered for the analysis, such as Orange, a data mining tool with
network optimisation tools, which however did not fit all the constraints needed for the
analysis made and therefore the final solution was Python. For the association analysis, data
from half of 2024 was used due to performance limitations of the programs used. This limited
the analysis by not considering certain aspects such as seasonal variations and could be
mitigated by using more historical data.

The resulting appendix D for the entire cluster analysis shows well defined clusters that can
be used for implementation in Volvo Penta’s warehouse even without implementing
automation technologies. This proof of concept in the case of Volvo Penta shows that
iterations such as when SKU numbers increase or order combination changes, can be useful
to ensure future comprehensive and well designed warehouse design. The full cluster analysis
for all clusters is shown in appendix D. The score each cluster receives varies from 0 to 12.95
in this case, and provides only a comparable result relative to each cluster, the score is
therefore not absolute.

Furthermore, the cluster analysis did not consider some items that were picked more times as
more important than the ones that were picked less, but purely based the analysis on which
item pairs from the association analysis had the best scores. To further improve the cluster
analysis, weighted scores, based on the number of times the item pair was picked, would be
beneficial to provide a more accurate scoring system. To improve the analysis further,
weights to consider other variables before doing the cluster analysis would also be beneficial
for actual implementation such as Zhou et al. (2020) did in their analysis. Zhou et al. (2020)
used different variables and weighed the different clusters, giving a more rigid solution to
apply in a real world scenario.



Table 5.14. Example of how a single cluster looks like, with corresponding item number and
item description.

Cluster 1 | Item Number Item Description
Item 1 21628160 Tachometer, 0-4000 rpm, black
Item 2 21785135 Button panel kit
Item 3 3886666 Cable, Multilink 1,5 m
Item 4 22919882 Hose kit, S-drive
Item 5 22919880 Connect kit, S-drive, w/o hose
Item 6 22303438 Hull seal
Item 7 3594745 Aux relay kit, incl cable and
Item 8 22919878 Connect kit, S-drive, w/o hose
Item 9 874708 Mounting kit with bezel ring,
Score 4.46




6. Discussion

This section synthesises the findings from the four research questions, providing a deeper
understanding of the practical and strategic implications for Volvo Penta’s warehouse
operations. Section 6.1 up to 6.4 discusses each research question individually, while section
6.5 synthesises the findings to one cohesive discussion. Section 6.6 looks forward to what
topics could be of interest for future research.

6.1 RQ1 - Performance Aspect Importance

Our first research question regarding the importance of different performance aspects of an
OPS was answered through the AHP data collection.

RQI1. Which performance aspects are most critical in a decision to implement automation of
order picking at Volvo Penta’s new warehouse?

The findings demonstrate that flexibility, or the ability to adapt to a changing environment, is
the dominant performance aspect for Volvo Penta and VPDC, followed by quality, scalability
and cost. This answer is in line with Volvo Penta’s current operations in VPDC as it is
currently operating in a dynamic environment, demonstrated by a large variation in daily
order sizes, future uncertainty regarding SKU range and volume as well as the organisational
structure of the kit building activity. It thus follows that flexibility would be considered as
very important. The same logic can be applied in regards to the performance aspect
scalability, which similarly to flexibility relates to an ability to adjust capacity, but assumes a
more long-term perspective. That both quality, cost and space utilisation received moderately
high scores of importance can be explained by the fact that all three are more or less
connected to the total cost of the OPS, with cost being a major consideration of the
warehouse operations, with quality and space utilisation more indirectly.

Finally, throughput scored low even though these are generally considered crucial in
warehouse operations and directly determines lead time to customer and service levels.
However, this could be explained by the fact that the operations at VPDC are relatively small
and the current team of 3 pickers generally meets daily targets, thus making it a relatively
minor constraint in relation to the other aspects. It is worth noting that these scores were
calculated based on judgements from a single person which can decrease the reliability of the
input and a discussion between several involved parties would be preferable. However, this
person was deemed representative for the operations at VPDC considering they held the role
of logistics specialist and was part of the project team for VPDC 2.0 thus having a
comprehensive view of its conditions.

Comparable automation evaluation studies emphasise quite different priorities, which helps
to explain why our weighting pattern departs from what is sometimes presented as typical. In
Novara’s (2020) AHP of eight light-load storage systems, throughput and space utilisation
each scored the highest, whereas flexibility scored in the middle, signalling a context where
floor cost and line-rate rather than organisational flexibility constrained the design. Similarly,



in Dollinger and Larsson’s (2016) evaluation of carousel and VLM options for picking
operations, space utilisation and productivity scored the highest, even though the authors
concede that VLM:s still provide “great flexibility in terms of different products”, an aspect
regarded as beneficial but not crucial. Johansson and Persson (2023), drawing on interviews
across several Swedish warehouses, go a step further and frame throughput capacity and
picking accuracy as qualifying factors that must be satisfied before any finer trade-offs are
considered. Set against these studies, our findings where flexibility dominates and the two
throughput related measures score low underline that the relative importance of performance
aspects in potential automation implementation is highly dependent on the site’s specific
constraints and preconditions.

6.2 RQ2 - Technology Suitability Ranking

The second research question regarding what, or if any, automation technology would be the
most suitable to implement is answered through the application of the AHP analysis.

RQ2. Considering those performance aspects, which option among the four candidate
automation technologies and the existing manual OPS is the most suitable for order picking
in Volvo Penta s future warehouse operations?

The final scores of the AHP placed the current manual OPS on top with a score of 0.259, with
VLM following close behind with 0.247. The scores for the remaining solutions were
somewhat lower, with the mini-load receiving 0.184, the vertical carousel 0.181 and finally
the horizontal carousel receiving 0.129. The main drivers for the high manual score is the
flexibility and cost aspects. Both of these were deemed very important (0.351 and 0.117
respectively), and for both the manual OPS scored the highest, making up 85% of the total
final score for OPS. For the remaining performance aspects, the automated OPS
outperformed the manual but since many of them received lower importance weights they did
not impact the final score as much. This is especially true for the performance aspect
throughput which heavily favoured automated OPS, but were downplayed due to its relative
unimportance. This stands in contrast to Novara (2020), where throughput and space
utilisation received the highest weights, resulting in a shuttle-based automation system. The
only automated OPS that scored relatively close to the manual system was the VLM system,
which scored moderate to high in all performance aspects.

The conclusion is therefore not necessarily that a single solution should be implemented and
others disregarded. It is important to consider that the SKU:s that Volvo Penta have in VPDC
have lots of different characteristics and need thorough considerations. Therefore this
analysis only concludes that in general, both VLM:s and manual OPS seem appropriately
suitable in an overall setting for Volvo Penta.



6.3 RQ3 - Implementation Risks and Challenges

The third research question regarding the potential risks and challenges was mainly covered
through the literature review, where the most common obstacles were highlighted. These will
here be discussed further in the context of Volvo Penta and VPDC.

RQ3. What risks and challenges should be addressed to ensure successful implementation?

The first and most apparent challenge for an automation project is the initial investment costs.
Dual-bay pods cost far more than simple racking, and their pay-back time would depend on
how quickly SKU volume increases. For Volvo Penta, this argues for a pilot scale start and a
payback model that tracks floor space usage and throughput continuously, continuing with
the project only if such key metrics are met. Closely related is the risk of a knowledge and
skill gap. VPDC has run a purely manual OPS with only limited application of VLM:s and
lacks experience of GTP systems. Granlund and Wiktorsson (2014) show that such gaps often
derail projects before installation even begins. Strategies that manage and mitigate this gap
would be necessary and are discussed by previous authors, for example early supplier
workshops, employee trainings and external consultancy (Winroth et al., 2007; Granlund &
Friedler, 2012; Baker & Halim, 2007; Granlund & Wiktorsson, 2014). Another risk is that of
unclear objectives and ownership. Without a so-called automation owner that is responsible
for performance and strategy of a potential automation technology, the focus may become
unclear and performance sub-optimised. This is especially applicable if Volvo Penta
implements a limited automation and keeping some of their manual processes, and could risk
resulting in a usage similar to how they currently do have one VLM but used
unconventionally. There would be a need to optimise the warehouse operations as a whole, to
avoid sub-optimisation. Setting measurable targets and assigning an automation owner gives
the project both direction and accountability.

Further, having two parallel OPS also raises a question regarding future flexibility. Even a
modular VLM can become a bottleneck if future SKU dimensions or order profiles become
unsuitable for tray specifications (Baker & Halim, 2007; Baudin, 2004). Retaining a certain
level of manual shelving will make sure the entire warehouse could manage awkward item
dimensions, and slow runners.

Finally, authors warn of a temporary dip in service level during the implementation as
operators go through a learning curve and the modules are properly calibrated (Baker &
Halim, 2007; Marchet et al., 2014). The risk is especially relevant in a mixed environment,
where routing between manual and automated zones can add complexity and decrease
throughput times. VPDC has limited seasonality to absorb such a dip, so the project team
could create its own buffer by limiting new SKU introductions initially, build a temporarily
increased safety stock and incrementally move appropriate items to a VLM pod.

Taken together, these precautions form a coherent initial hybrid implementation strategy,
reflecting the phased roadmap outlined by Winroth et al. (2007). Begin with a limited VLM
pilot, establish competence among operators and managers early, as well as clear automation
ownership and review capacity annually. By building upon this, Volvo Penta should be able



to capture the flexibility and efficiency gains that motivate an implementation of automated
OPS while mitigating cost increases and operational disruptions.

6.4 RQ4 - Item Allocation Optimisation

The fourth research question was addressed through an association analysis of current items
using historical order data, followed by a cluster analysis. This approach both demonstrates

the concept and provides Volvo Penta with a practical grouping of items that are frequently

picked together, supporting potential implementation.

RQA4. Can historical order data be used to generate an association analysis between items,
and in turn optimised item clusters for Volvo Penta’s warehouse layout design in the
implementation of order picking automation?

One of the largest questions that arise when introducing automation technologies in
warehouses that do not currently use such systems is how to correctly implement and increase
the operational efficiency through these systems. The performed association analysis proves
that an initial filtering of the amount of picks and characteristics of the items is of utmost
importance in a warehouse like Volvo Penta’s. This is especially true due to the large number
of items that would make the analysis much harder to interpret, but also to filter for relevant
items that would benefit the optimisation of the warehouse operations. To further filter for the
most relevant items before doing the association analysis, an ABC analysis was done, where
only the items in category A were used. This was due to the fact that the complexity increases

2 ) .
at a rate of O(n ), and to properly filter for the most relevant items at an early stage is of great
importance and reduces the complexity for future analysis.

The association analysis showed that Volvo Penta had 72 490 unique item pairs after the
initial filtering process, showing how many times each combination of items were picked.
Further using this data, values such as support, confidence and lift were used to combine a
score for each item pair, further giving us the possibility to filter through all unique item pairs
since 72 490 pairs would be too much. Using the combined score of each of these values, a
filtering of the 95th percentile was done, giving us the final results for the association
analysis, proving that such analysis was possible using historical data.

Using the association analysis, a cluster analysis was conducted to further optimise
warehouse operations. From Volvo Penta’s perspective, this type of analysis represents a
snapshot based on a specific set of order data collected over a defined period. It does not
necessarily account for seasonal fluctuations or other significant variations occurring over
multiple years. However, using such time-limited data also avoids incorporating long-term
changes that may no longer be relevant. Therefore, carefully selecting which data to include
and which to exclude, is crucial for producing meaningful results.

The cluster analysis, using an algorithm to score each cluster, moves through several
thousands iterations to find the best solution. The algorithm scored the different clusters in
accordance to what score each of the itemsets in the previous association analysis showed,



creating an optimal solution. While Volvo Penta could use the cluster analysis to practically
improve the location of their items in accordance with the cluster analysis, it also provides a
proof of concept that such analysis is possible, and in this case also applicable. If a good
framework is set up for future analysis, iterating these steps every now and then, while also
implementing weights in accordance to seasonal variations or other variables which are
important for Volvo Penta, would provide a sturdy and continuously updated warehouse
design and item allocation system. As Appendix D shows, some clusters had a very low score
and some even scored a 0. This proves that the cluster analysis needs several iterations,
removing the “good” clusters from the analysis and either adding more relevant item pairs
that scored high on the association analysis, or to just re-do the cluster analysis with the
remaining items.

It is shown that a cluster analysis and correlating allocation of items is applicable for both the
manual system that Volvo Penta currently uses, and also is applicable in all other automation
technologies that were examined except for the mini-load system. This is because the
mini-load system delivers one tray of items per time to the operator, disregarding the
potential benefits of presenting several distinct items to the picker at once. Therefore, for a
mini-load system, a simple ABC-allocation of items is more applicable, where frequently
picked items are closer to the picker, reducing cycle time for the item.

6.5 Synthesis of Findings and Implications

To combine the different analyses done in this thesis, and to conclude the implications of the
findings made, this section will tie together the research questions to a bigger narrative. The
AHP analysis proved that different solutions in the context of Volvo Penta’s operations could
be applicable, such as keeping the manual system or introducing VLM:s that received similar
scores. The practical implication of this is that Volvo Penta does not face an “all-or-nothing”
automation choice. Because the manual OPS scored only 0.012 points above the VLM, the
data argues for at most a limited automation implementation, introducing groups of VLM:s to
absorb certain more appropriate SKU:s while retaining the current manual OPS for the
remaining SKU:s.

Furthermore, an alternative perspective on the performance of an OPS is to consider some
performance aspects as trade-offs; it is possible to increase one only if another is decreased
for example. This assumes that they are interdependent, which often seems to be the case.
Furthermore, quality and space utilisation can also be viewed as static constraints rather than
a direct performance aspect, setting a minimum threshold that must be reached, but
something that where exceptional performance should not necessarily be aimed for due to
costly trade-offs. The same can be said for ergonomics, there exists a minimum threshold that
is critical to reach, but performance above that is redundant.

To complement this result, the most applicable SKU:s to implement into an automation
solution, which can also be applied to the current manual system is the item clusters provided
by the cluster analysis. These items are not only the most picked items but also proves to be
the most efficient to bundle to increase overall optimisation in the picking system. Whereas



the items not used in either the association analysis due to low pick rate or in the cluster
analysis due to low combined score of variables would benefit less from being placed in a
VLM or similar automation system. Such a mixed setup could deliver the full flexibility and
cost advantage of the manual system, and still capture the throughput and space efficiency
gains of the VLM. A similar recommendation appears in Dollinger and Larsson (2016), who
conclude that VLM:s should supplement and not replace manual shelving OPS when SKU
variety is high and growth uncertain, and Johansson and Persson (2023) likewise caution
against complete automation conversion when the cost aspect is important or limited. Thus,
the AHP scores point to selective instead of comprehensive automation, as the optimal path

for VPDC 2.0.

Further, Racca’s (2015) study concludes the importance of distributing the frequent picks of
items across several VLM:s rather than keeping all of these in a singular VLM. To ensure less
idle waiting time, distributing items across adjacent VLM:s when there are more than one
picker is therefore optimal. However, Zhou et al. (2020) also defines the importance of
implementing a relevant cluster analysis together with a class based storage system such as an
ABC-analysis. Where the clusters with the best score and containing items that are high
frequency picks, should be located closest to the start route in the picking. Therefore, it is of
great importance to consider both the ABC aspect in correlation to the cluster aspect.

We also recommend iterating the association and cluster analyses a number of times, either
when SKU characteristics or volume change, the importance of certain aspects in a
warehouse changes, or some other major change that implicitly changes the nature of the
warehouse operations. By iterating these analyses, continuous improvements can be
achieved.

Finally, while the results are specific to VPDC, this thesis has demonstrated the possibility
and potential of applying analytical hierarchy processes as well as association and clustering
analysis as tools in warehouse settings and order picking environments. These tools prove
useful in identifying critical performance aspects, suitable OPS, as well as ways of optimising
item allocation.

The OPS’s examined in the thesis have their limitations, and therefore not all of the systems
are applicable for all types of companies or items and thorough research needs to be done
within the company or project team to ensure that the OPS’s are viable to use for the specific
context. Furthermore, the correlation analysis conducted needs large amounts of well
organised data to be able to provide a correct and scientifically significant relationship
between items.

6.6 Future Research

Future research should initially develop the AHP itself, by broadening the input perspectives,
for example repeating the performance evaluations with a cross-functional panel and
updating the performance scores from a market research study with input from automation
suppliers. A natural next step is also to convert the AHP model to an ANP model, which



allows interdependent criteria to influence one another. Another point of interest would be to
compare the findings of this thesis to that of other similar case studies to identify correlations
between the importance of performance aspects and the suitability of different OPS.

Future research on association and cluster analysis should focus on incorporating more
complex variables into the clustering process. One promising direction is the development of
weighted association rules, where item pairings are not only ranked by metrics like support
and confidence but also adjusted for seasonal variability or operational priorities which
should preferably be set by responsible individuals. Expanding the dataset of historical order
data across multiple years could enable the identification of more stable item relationships,
making it easier to distinguish genuine causal relationships from spurious ones and leading to
a more accurate dataset than using limited historical data. Moreover, cluster analysis can be
refined by integrating weighted scoring mechanisms that factor in item importance just like
for the association analysis. Finally, combining class-based storage strategies such as ABC
analysis with refined clusters should be further explored to improve picking efficiency while
balancing system complexity and scalability. For Volvo Penta, as previously mentioned, a
similar analysis should preferably be done in an interval of a set amount of time.



7. Conclusion

This thesis examined whether and to what extent Volvo Penta should automate small-parts
order picking in its future warehouse picking operations. Using a multi-criteria decision
framework, an AHP model with data from site visits, interviews, time studies, order history
data analysis and a literature based risk review, four main insights were found. First, what
matters most at VPDC is flexibility, above conventional throughput and space utilisation.
Quality, scalability and cost followed, while throughput was deemed secondary. Second,
through the AHP analysis it was found that the VLM solution scored marginally higher than
the existing manual OPS but the two systems scored high for different reasons. The VLM
exploits height, cuts travel and improves picking ergonomics, while the manual system
remains cheapest and most flexible. This opens the potential for a hybrid solution,
implementing VLM:s for a certain portion of SKU:s in order to gain benefits of both OPS.
Third, success of such an automation project will depend on staged implementation and clear
ownership rather than on hardware alone. High investments, skill gaps and a disruptive
learning curve are the main short term obstacles. A pilot project, super-user training and
temporary safety stock are potential risk mitigating actions. Finally, the order history analysis
showed that a small, densely packed subset of SKU pairs accounts for about 85% of all picks
and forms a number of natural high-runner clusters. Placing those clusters in close proximity
to the start of the picking route in the same level on VLM would capture much of the travel
and space saving benefit while the remaining assortment in existing racks and in VLMs in
close proximity. In other words, the data confirms that a phased, cluster driven VLM project
is suitable. It targets the items that matter and preserves manual flexibility for awkward or
uncertain future parts.
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Appendix A - Tables for AHP calculations

Due to rounding, the sum of priorities may not equal exactly 1.000.

THROUGHPUT Manual VLM Ver. Car Hor. Car Miniload
Manual 1 1/5 1/4 1/4 117
VLM 5 1 2 2 1/3
Ver. Car 4 1/2 1 1 1/4
Hor. Car 4 1/2 1 1 1/4
Miniload 7 3 4 4 1
Column Totals 21 26/5 33/4 33/4 83/42
THROUGHPUT - Row
adjusted Manual VLM Ver. Car Hor.Car  Miniload @ Average
Manual 1/21 1/26 1/33 1/33 6/83 0.044
VLM 5/21 5/26 8/33 8/33 14/83 0.217
Ver. Car 4/21 5/52 4/33 4/33 21/166 0.131
Hor. Car 4/21 5/52 4/33 4/33 21/166 0.131
Miniload 7/21 15/26 16/33 16/33 42/83 0.477
Total 1.000
COST Manual VLM Ver. Car Hor. Car Mini-load
Manual 1 2 3 3 4
VLM 1/2 1 2 2 3
Ver. Car 1/3 1/2 1 2 2
Hor. Car 1/3 1/2 1/2 1 2
Mini-load 1/4 1/3 12 1/2 1
Column Totals 29/12 13/3 7 17/2 12
Row
COST - adjusted Manual VLM Ver. Car Hor. Car Mini-load Average
Manual 12/29 6/13 317 6/17 1/3 0.398
VLM 6/29 3/13 2/7 4117 1/4 0.242
Ver. Car 4/29 3/26 117 4117 1/6 0.160
Hor. Car 4/29 3/26 114 2/17 1/6 0.122
Mini-load 3/29 1/13 114 117 112 0.079
Total 1.001




QUALITY Manual VLM Ver. Car Hor. Car Mini-load
Manual 1 1/2 1/2 1/2 1/3
VLM 2 1 2 2 1/2
Ver. Car 2 1/2 1 2 1/2
Hor. Car 2 1/2 1/2 1 1/3
Mini-load 3 2 2 3 1
Column Totals 10 9/2 6 17/2 8/3
Row
QUALITY - adjusted | Manual VLM Ver. Car Hor.Car Mini-load @ Average
Manual 1/10 1/9 112 117 1/8 0.096
VLM 1/5 2/9 1/3 4117 3/16 0.236
Ver. Car 1/5 1/9 1/6 4117 3/16 0.180
Hor. Car 1/5 1/9 112 2/17 1/8 0.127
Mini-load 3/10 4/9 1/3 6/17 3/8 0.361
Total 1.000
SPACE
UTILISATION Manual VLM Ver. Car Hor. Car Mini-load
Manual 1 1/6 1/5 1/3 17
VLM 6 1 3 4 1/2
Ver. Car 5 1/3 1 2 1/3
Hor. Car 3 1/4 1/2 1 1/3
Mini-load 7 2 3 3 1
Column Totals 22 15/4 77/10 31/3 97/42
Space Utilisation. - Row
adjusted Manual VLM Ver. Car Hor. Car Mini-load Average
Manual 1/22 2/45 2/77 1/31 6/97 0.042
VLM 3/11 4/15 30/77 12/31 21/97 0.307
Ver. Car 5/22 4/45 10/77 6/31 14/97 0.157
Hor. Car 3/22 1/15 577 3/31 14/97 0.102
Mini-load 7/22 8/15 30/77 9/31 42/97 0.393
Total 1.001




FLEXIBILITY Manual VLM Ver. Car Hor. Car Mini-load
Manual 1 4 5 4 6
VLM 1/4 1 2 2 4
Ver. Car 1/5 1/2 1 2 3
Hor. Car 1/4 1/2 1/2 1 3
Mini-load 1/6 1/4 1/3 1/3 1
Column Totals 28/15 25/4 53/6 28/3 17
Row
Flexibility - adjusted | Manual VLM Ver. Car Hor.Car Mini-load @ Average
Manual 15/28 16/25 30/53 317 6/17 0.505
VLM 15/112 4/25 12/53 3/14 4117 0.194
Ver. Car 3/28 2/25 6/53 3/14 317 0.138
Hor. Car 15/112 2/25 3/53 3/28 3/17 0.111
Mini-load 5/56 1/25 2/53 1/28 117 0.052
Total 1.000
SCALABILITY Manual VLM Ver. Car Hor. Car Mini-load
Manual 1 1/5 1/5 1/4 1/3
VLM 5 1 1 2 3
Ver. Car 5 1 1 2 2
Hor. Car 4 1/2 1/2 1 2
Mini-load 3 1/3 12 1/2 1
Column Totals 18 91/30 16/5 23/4 25/3
Row
Scalability - adjusted | Manual VLM Ver. Car Hor. Car Mini-load @ Average
Manual 1/18 6/91 1/16 1/23 1/25 0.053
VLM 5/18 30/91 5/16 8/23 9/25 0.326
Ver. Car 5/18 30/91 5/16 8/23 6/25 0.302
Hor. Car 2/9 15/91 5/32 4/23 6/25 0.191
Mini-load 1/6 10/91 5/32 2/23 3/25 0.128
Total 1.000




ERGONOMICS Manual VLM Ver. Car Hor. Car Mini-load
Manual 1 1/6 1/5 1/3 1/6
VLM 6 1 2 3 1
Ver. Car 5 1/2 1 2 1/2
Hor. Car 3 1/3 1/2 1 1/3
Mini-load 6 1 2 3 1
Column Totals 21 3 57/10 28/3 3
Ergonomics - Row
adjusted Manual VLM Ver. Car Hor.Car Mini-load @ Average
Manual 1/21 1/18 2/57 1/28 1/18 0.046
VLM 217 1/3 20/57 9/28 1/3 0.325
Ver. Car 5/21 1/6 10/57 6/28 1/6 0.192
Hor. Car 117 1/9 5/57 3/28 1/9 0.112
Mini-load 2/7 1/3 20/57 9/28 1/3 0.325
Total 1.000




Appendix B - AHP Questionnaire
The questionnaire is translated from Swedish.

AHP or Analytical Hierarchy Process is a decision-making tool where several alternatives are
compared against each other in different criteria. AHP formalises such a decision, and can be
used to identify the overall ‘best” option.

In our report, we want to use AHP to compare the different order picking automation
solutions with each other and with the current manual system. An order picking system can
be evaluated from many different aspects, or KPIs, and we have identified those we believe
are most relevant. The input we need from you is answers to 28 comparisons: “Which of the
following two KPlIs is most important, and how much more important?”. Each KPI needs to
be compared to every other KPI, and a number needs to be set. The scale used is 1-9, where 1
means that the two KPIs are equally important and 9 means that one is extremely more
important than the other. If A is compared to B, and it is determined that A is much more
important than B, a 6 is written. The table below gives a more concrete definition of the scale.
Note that even numbers can be used as intermediate levels.

Verbal preference level Numerical Rating
Extremely preferred 9
Very strongly preferred 7
Strongly preferred 5
Moderately preferred 3
Equally preferred 1

The various KPIs we have identified as most relevant are the following, with definitions:

e Throughput
o Number of order lines picked per hour per picker.
o Cost
o Total cost related to order picking, including
m  Operative costs, salaries
m [nvestment and installation
m  Maintenance
m Storage costs
O Both short term and long term
e Quality
o Order picking accuracy, number of wrong picks
e Picking productivity
o Number of order lines per hour per worker



e Space Utilisation
o How efficiently space is used, item density

e Scalability

© How easy it is to change the capacity without major investments or
disruptions

e Flexibility

o How easily the system can adapt to change in

]
[
[
]
e Ergonomics

SKU assortment
Order sizes
Workload
Layout, processes

O Heavy picks, twisting, walking distances, weird angles, noise

For each row, which KPI is most important and how much more important?

Row 1 - Example: A is more important than B, we write A. A is much more important than

B, we write 6.

Performance Performance Most important Value (1-9)
measurement 1 measurement 2
A B A 6
Throughput Cost
Throughput Quality
Throughput Space utilisation
Throughput Scalability
Throughput Flexibility
Throughput Ergonomics
Cost Quality
Cost Space Utilisation
Cost Scalability
Cost Flexibility
Cost Ergonomics
Quality Space utilisation
Quality Scalability




Quality Flexibility
Quality Ergonomics
Space utilisation Scalability
Space utilisation Flexibility
Space utilisation Ergonomics
Scalability Flexibility
Scalability Ergonomics
Flexibility Ergonomics




Appendix C - AHP Calculations

The final score is calculated for each column by multiplying the two values for each

performance aspect seen by row. The above number represents the relative importance weight

of the performance aspect, and the below number represents how well the OPS performs in
that performance aspect. All products in each column are summed together, resulting in a

final score.

Throughput

Cost

Quality

Space Utilisation

Scalability

Flexibility

Ergonomics

FINAL SCORE

Manual VLM Ver. Car. Hor. Car. Mini-load
0.040 0.040 0.040 0.040 0.040
0.044 0.217 0.131 0.131 0.477
0.117 0.117 0.117 0.117 0.117
0.398 0.242 0.160 0.122 0.079
0.190 0.190 0.190 0.190 0.190
0.096 0.236 0.180 0.127 0.361
0.080 0.080 0.080 0.080 0.080
0.042 0.307 0.157 0.102 0.393
0.175 0.175 0.175 0.175 0.175
0.053 0.326 0.302 0.191 0.128
0.351 0.351 0.351 0.351 0.351
0.505 0.194 0.138 0.111 0.052
0.047 0.047 0.047 0.047 0.047
0.046 0.325 0.192 0.112 0.325
0.259 0.247 0.181 0.129 0.184

Total
1.000



Appendix D - Cluster Analysis

Below is the table for the cluster analysis. For each cluster there is a specified amount of
items ranging from 2 to 9. For each cluster, a score is attached at the bottom.

Clusterl Cluster2 Cluster3 Clusterd Cluster5 Clusteré Cluster7 Cluster8 Cluster9 Cluster10

21628160 24003010 3830315 23561737 23677974 23407162 23541766 24125543 3842736 874923
21785135 21653609 21875622 24125545 24016351 24149050 23407159 24057030 3841173 874926

Jobbeee 23248806 21475509 23131607 21227460 23378774 23541765 22499270
22918882 23858830 24037523 24183022 21415883 21856864 23403733 21628158
22918880 23858145 23006233 23254177 21545087 23985529 23407137 874921
22303438 3619448 22793140 23346838 21172489 24252971 22735466 881658

3594745 23677976 23282613 23749674 24050636 23561740 22944322 874733
22918878 23087783 23576708 22828897 23408481 24293044 3587034 874732

874706 2334865939 23407160 23249351 23958027 40869732 23282612 3812911

Score: 4.46 Score: 10.20 Score: 0.00 Score: 8.74 Score! 3.13 Score: 3.55 Score! 1.04 Score: 3.70 Score: 0.03 Score: 7.15
Cluster11 Cluster12 Cluster13 Cluster14 Cluster15 Cluster16 Cluster17 Cluster18 Cluster 19
23778270 24462929 23218537 23562900 21825714 24469186 3812914 874910 23799729
21380883 24247491 24011652 877763 23407166 23172846 874844 3812881 21825665
3885841 21939134 23365705 3807229 21509941 23403770 874843 874709
21628157 23097552 3588206 23719512 21166002 24238743 23612568 874904
3885840 23749675 24383484 23473023 23897436 23378562 874914 874386
24282381 22349354 24412641 23510263 22805082 23515697 23904660 874908
877765 22964039 24510291 23943063 874119 23385770 24410897 874915
23561736 22693690 21145832 21421945 22396880 21469055 874913
23839701 23677975 21967719 21330289 22396881 23558208 881649
Score: 4.08 Score: 5.05 Score: 1.36 Score: 5.77 Score: 8.05 Score! 12.95 Score: 2.24 Score: 3.47 Score: 0.00
Cluster20 Cluster2l Cluster22 Cluster23 Cluster24 Cluster25 Cluster26 Cluster27 Cluster28
3841706 21693206 23561734 23521191 23538042 22479650 23403757 24149051 24462949
21227463 23403760 24273877 23551752 22919892 22805175 23378772 24210710 23131605

22856097 23561741 21576250 23561565 23988166 22693891
21489024 23844764 22919874 24125544 23985524 248637761
23403751 21875623 24410956 24050633 21664320
24037521 22728820 23558209 23219830 3826400
23378558 24382289 23407158 24166838 22734116
23385773 23475175 23417158 3840677 23398081
21475508 23542453 23410287 21227462 23268324

Score: 0.00 Score: 4.25 Score: 2.04 Score: 0.05 Score: 0.15 Score: 0.00 Score: 6.63 Score: 2.92 Score: 4.17
Cluster29 Cluster30 Cluster31l Cluster32 Cluster33 Cluster34 Cluster35 Cluster36 Cluster37
3825000 22805083 23840725 21575479 3842734 22739429 24596129 3889410 23930878
23399343 23851420 23979108 23403762 3888589 22797159 24645984 24293060 24293070
23408454 23513691 23095840 21693202 24180372 22757067 24739523 874759 23363145

23904669 23513812 843410 22067251 23602509 22815614 24596128 226907385
21655254 22734117 24037531 24307790 23561738 24122510 3842735
21939135 23894229 23561739 23407167 24141904

23902940 22499273 23551755 3842737
23513709 23411820 1140669 24137105
24122509 21734577
Score: 0.10 Score: 5.66 Score: 1.59 Score! 1.67 Score: 1.26 Score! 1.65 Score: 4.08 Score: 0.00 Score: 1.10
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