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Abstract
Customers nowadays value wide product varieties, fast response times, flexibility and attractive
shopping environments, making it more challenging for companies to remain competitive in their
markets, particularly traditional retailers, which now compete not only with each other, but also with the
new online businesses.
Logistics accounts for a significant amount of companies’ costs, consisting on a field with possible
improvements. Product allocation plays an important role in logistics, whether in retail stores or
warehouses. On the first case, it has the potential to maximize sales. On the last, to reduce operational
costs. Although product allocation in warehouses and retail stores is a widely studied problem, the
literature does not refer to retail stores that have incorporated self-service warehouses, as is the case
of the model of IKEA stores. This gap causes practitioners to develop their own capacity management
tools, which lack scientific and empirical proof.
The IKEA Portugal’s logistics department uses a proprietary capacity management tool that allocates
their products to different commercial areas within the stores and provides information about whether
stores have enough capacity to store the product range. Although the tool suggests that some stores
do not have enough space to stock the product range, those stores sometimes outperform stores that
supposedly have no capacity shortages, suggesting that the tool is not reflecting the stores’ reality.
In this context, using data from IKEA, this dissertation proposes a tool that can be used in this type of
retail stores, in order to improve operational performance.

Keywords: operations management, warehouse operations, warehouse design, retail store operations,
storage location assignment.
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Resumo
Hoje em dia, os clientes valorizam gamas alargadas de produtos, tempos de resposta rápidos,
flexibilidade e ambientes de compra atrativos, tornando a competitividade das empresas um desafio
crescente, nomeadamente no caso dos retalhistas convencionais, que concorrem entre si, mas também
com os novos negócios online.
A logística é responsável por uma porção considerável dos custos das empresas, sendo um campo
onde há espaço para melhoria. A alocação de produtos tem um papel importante, tanto nas lojas de
retalho como nos armazéns. No primeiro caso tem o potencial de maximizar as vendas, no último, de
reduzir custos operacionais. Apesar de este tema ser frequentemente estudado nos dois contextos, a
literatura não se refere a lojas de retalho com armazéns self-service. Esta falha faz com que os
praticantes desenvolvam as suas próprias ferramentas de gestão de capacidade, que não estão
cientificamente ou empiricamente comprovadas.
O departamento de logística da IKEA Portugal utiliza uma ferramenta proprietária que aloca os seus
produtos a diferentes áreas comerciais das lojas e fornece informação sobre a adequabilidade da
capacidade das lojas à gama de produtos a armazenar. Apesar de a ferramenta sugerir que algumas
lojas não têm capacidade suficiente, essas lojas demonstram por vezes performances superiores a
lojas que em teoria não têm problemas de falta de capacidade, o que sugere que a ferramenta não
representa a realidade das lojas.
Neste contexto, utilizando dados da IKEA, esta dissertação apresenta uma ferramenta que possa ser
usada neste tipo de loja, de modo a melhorar a performance operacional.
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1. Introduction
The following introduction intends to present the dissertation and provide the reader with an
understanding of the work that will be developed throughout the document. This chapter is divided into
four sections: section 1.1. provides a contextualization of the problem this thesis concerns; section 1.2.
approaches the objectives of this work; section 1.3. discusses the work plan that was used in order to
develop this dissertation; section 1.4. presents the dissertation’s structure.

1.1. Problem contextualization
The retail industry is going through a disruption phase. Top performing retailers are already making use
of the new tools, strategies and technologies that are now available for increasing businesses’
performances and growth. On the other hand, customers’ expectations about their shopping experience
are higher than ever, making it increasingly difficult for companies to compete in crowded markets, which
has already driven a large number of major retail brands, who weren’t unable to adapt to this new reality,
into bankruptcy. Despite the growing presence of e-commerce, physical retail stores are still shoppers
favourite sales channel, with 90% of retail sales still being done in physical stores by January 2019
(KPMG, 2018).
These global trends are driving retailers in the search for more efficient logistics operations. One of the
main expectations of the 21st century customer is that he always finds retail stores’ shelves well stocked
with products, which of course depends directly on logistics’ efficiency. In-store product handling
contributes to almost half of the total costs of retailers, but retail practitioners still mention inefficiencies
in these activities, which are due to a gap between stores’ planning and instore handling operations
(Kuhn & Sternbeck, 2013).
Product allocation plays an important role in logistics, both in the retail store and in the warehouse
context. On the first case, it has the potential to maximize sales, while on the last, to reduce operational
costs. Although product allocation in warehouses and retail stores is a widely studied problem, the
literature doesn’t refer to retail stores that have incorporated self-service warehouses. This gap causes
practitioners to develop their own capacity management tools, which lack scientific and empirical proof,
leading to inefficient decisions.
IKEA is a multinational furniture retailing franchise business that has been in the market since 1943.
Many companies own IKEA franchises and operate IKEA retail stores in 29 countries around the world.
IKEA franchisees, in general, have experienced sales growth in the last years, but are aware of the
global retail trends and consider that there is still a need to increase efficiency (Inter IKEA Group, 2018a).
In Portugal there are presently 5 IKEA stores, that operate under store management but also under
central country management planning.
The franchisor provides the franchisees with management tools in order to facilitate and standardize
planning and operational activities across the stores. Country managers in Portugal have recently
started to question the results of one of these tools. Stores are divided into several zones called
commercial areas. This tool is an Excel file that assigns product references from different product
categories to different commercial areas in each store, in a yearly basis, according to the product range
1

(number of references per product category defined to be sold) specified for one store and forecasted
sales, and informs the user about the capacity lack or surplus in each of those commercial areas for the
chosen range of products. Managers can, for example, anticipate that a commercial area with a large
lack of space for the products might imply operational inefficiencies and manually reallocate a part of
the range assigned that location to another commercial area. The main problem managers have
identified is that, some stores that supposedly have a lack of capacity, perform better in almost every
Key Performance Indicators (KPI) than stores that supposedly have a capacity surplus. This
counterintuitive result has made them believe that the tool can’t be trusted for predicting the stores’
performance, as it is not reflecting the stores’ realities.

1.2. Objectives
The main objective of this work is to develop a methodology that can be applied in managing the capacity
of the sales locations in IKEA stores’ self-service warehouses. The methodology should be able to
accommodate the set of sequential decisions that result in a better utilization of the available sales space
for products, namely by optimizing a set of performance indicators. Through the analysis of relevant
literature, the findings of this work should be able to help the retailer predict the outcomes of a set of
decisions related to the allocation of space to products, but also to develop better solutions in order to
improve the stores’ performances.
Given the presented facts, this dissertation proposes a capacity management tool that allocates
products to commercial areas and sales locations accounting to each store’s specificities, with the
objectives of increasing store efficiency and providing more accurate data about some chosen KPIs
regarding the assignment decisions.

1.3. Work plan
In order to develop this dissertation, a work plan with five steps was used:
1. Interviews with the company’s managers – In order to better understand the problem, the
company’s managers were interviewed and regularly consulted throughout the development of
the work. The managers feedback was regularly consulted in order to better understand the
company, the industry and the problem at hands.
2. Literature review – Relevant academic work on operations management, warehousing and retail
stores was reviewed in order to develop the methodologies used to achieve the defined
objectives and to leverage the knowledge obtained from other scholar’s works. In order to
access the relevant papers, the Web of Knowledge was used. In order to better guide the
research, there were four works used in order to get an overview of the relevant subjects:(Slack
et al., 2010) for operations management; (Gu et al, 2007) and (Gu et al., 2010) for warehousing;
(Mou et al., 2018) for retail store operations.
3. Methodology and models formulation – By combining the insights from the interviews with the
company’s managers and the literature review, a methodology composed by a set of models
was conceptualized and the models were formulated. The methodology is structed so that the
three models are interconnected and work in a sequence in order to solve the retailer’s problem.
2

4. Data collection and implementation of the models – After the models were formulated several
extractions of data from the company’s databases were made in order to feed the models. By
taking advantage of 3 computer tools (MS Excel, RStudio and GAMS), the models were
implemented in order to use the data collected and produce the results.
5. Evaluation of results and conclusions – All the results were analysed in order to validate the
models and to produce conclusions both regarding the validity of the results and potential future
work, as regarding practical insights for the retailer to implement the models and to take
advantage of the knowledge gained with this work.

1.4. Dissertation’s structure
The dissertation is divided into six chapters: “Introduction”, “Case study”, “Literature review”,
“Dissertation methodology”, “Models implementation and Results” and “Conclusions”.
Introduction provides a contextualization of the problem, defines the objectives of the dissertation,
discusses the work methodology used in the dissertation and presents the dissertation’s structure.
Case study presents an overview about IKEA’s history, global strategy and management in Portugal,
approaches the operations related to the goods flows inside IKEA stores, characterizes the problem in
study and presents the main conclusions attained from the previous information and that serves as a
guide for research in the following chapter.
Literature review briefly explains general operations management concepts and then reviews the
relevant literature on warehousing and retail store operations, in order to describe the relevant concepts
in retailing and warehousing, particularly the concepts that can be applied in solving the problem the
dissertation concerns.
Dissertation Methodology enumerates the set of models that are to be developed and detail’s each
model’s formulation, main assumptions and validation procedures.
Models implementation and Results details the procedures that were undertaken in order to implement
the models, key challenges, main results, discussion and limitations.
Conclusions summarizes the work, recapping the original problem and measuring the degree to which
the objectives were achieved and presents the guidelines for future work on the subject.
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2. Case study
The following chapter describes the case study. Section 2.1 is a contextualization about IKEA, focusing
on its evolution through time, its current ownership structure and its management structure in Portugal.
Section 2.2 describes the goods flows inside IKEA stores, starting with a broad overview of the stores’
layout, followed by the description of the operations and strategies related to inbound, storage and
outbound product flows through the stores. Section 2.3 presents the currently in place tool used to
manage the capacity of the stores’ commercial areas, the main logistics KPIs currently used to evaluate
Portuguese stores’ performance and a comparison between the capacity management tool’s results and
KPIs of two different stores. Section 2.4 presents the main conclusions and identified system’s
limitations in the previous analysis.

2.1. Overview of IKEA
2.1.1. Brand History1
The story of IKEA started in southern Sweden, in the late 1920’s, when child entrepreneur Ingvard
Kamprad found out that he could buy all sorts of items in bulk in Stockholm and resell them in his village
for a higher unitary price to his neighbours. In 1943, he founded IKEA. The company sold a wide variety
of small goods (matches, pens, wallets, etc.) at relatively low prices, which immediately attracted
customers. Later that decade, he tried to sell furniture sourced from local manufacturers and the
experiment proved to be a major success: the demand for these items grew and the furniture line was
expanded. The founder believed that he could sell in a larger scale if he could reach more people and
then created the first ever IKEA catalogue. In the early 1950’s, IKEA had grown substantially and was
in a price war with one of its main competitors, forcing both to substantially lower their prices, which
made the customers doubt the quality of their products. Ingvard solved this problem by opening an IKEA
furniture showroom, so that the customers could see and touch the products for themselves before they
ordered them. Later, in 1956, not only did IKEA start to produce its own furniture, but it used flat
packaging, differentiating from the competition by giving customers the experience of assembling their
own furniture at home, while allowing customers to make more impulse purchases (it became possible
to bring home a table from the store in a small car, for example). Two years later, the first IKEA store
opened in Sweden and it became the largest furniture store in Scandinavia, but it was only in 1965 that,
inspired by the Guggenheim Museum, an IKEA store was designed so that customers had to pass by
all the products before they left. The design’s success resulted in high demand, creating the need of
having a warehouse in the store where the customers would go and pick their products before payment.
In the meantime, in 1960, the first IKEA restaurant opened in one of their Swedish stores. IKEA was
also experiencing its expansion throughout Europe, opening new stores in Norway (1963), Denmark
(1969), Switzerland (1973) and Germany (1974), Austria (1977), Netherlands (1979), France (1981),
Belgium (1984), United Kingdom (1987) and Italy (1989). The 1980’s marked the beginning of the
intercontinental expansion of the company, by the opening of the first IKEA store in the United States of
America (1985), but they were also marked by Ingvard’s retirement from CEO and president to become
1

The information for this section was retrieved from (Inter IKEA Systems B.V., n.d.)
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an advisor of the INKGKA Holding B.V. (IKEA’s parent company). The following decade was marked by
the implementation of environmental and social responsibility initiatives: the creation of an
environmental policy for all its business activities; the membership in the Forest Stewardship Council;
the employment of its first forestry manager, whose job was to ensure that the company was using forest
resources in a sustainable way; the donation of funds to UNICEF and Save the Children to improve
education infrastructures and materials in Kosovo during the war in 1998 and 1999. Also, the business’s
geographical scope continued to grow with stores opening in Hungary (1990), Czech Republic and
Poland (1991), Spain (1996) and China (1998). Entering the 21st century, IKEA’s effort to improve in
terms of social and environmental responsibility continued, starting with the creation of a code of conduct
that specifies the requirements in terms of legal aspects, working conditions, child labour and
environmental practices that IKEA’s suppliers were now obligated to fulfil. The collaboration in other
social and environmental projects continued and so together with the entrance in new markets such as
Russia (2000), Portugal (2004), Japan (2006). In the meantime, there was also the introduction of ecommerce and the launch of IKEA Food, a line of food products with the IKEA label to be served in
IKEA’s restaurants.
The mix of all the past developments is what makes the IKEA brand today and what can be identified in
all 422 IKEA the stores spread through 29 countries. In FY182, sales amounted to EUR 38.8 billion (Inter
IKEA Group, 2018a).

2.1.2. Ownership and strategy
Behind IKEA there is a complex franchise system involving many privately-owned companies, each with
specific roles and responsibilities, but with shared decisions, with agreements that govern the
interactions among the entities. These companies are classified in three different types according to
their main roles: IKEA franchisor, IKEA franchisees and IKEA Range and Supply. The IKEA franchisor
is Inter IKEA Systems B.V., which owns and continuously develops the brand’s concept, supporting its
implementation in existing and new markets. IKEA franchisees run the retailing business under the
franchise agreements with Inter IKEA Systems B.V., that allow them to market and sell the IKEA product
range, under the payment of a franchise fee to the franchisor. IKEA Range and Supply is composed by
four entities: IKEA of Sweden AB, responsible for creating and designing all products and also setting
and developing the product range; IKEA Supply AG, responsible for sourcing, producing and supplying
goods to IKEA retailers; IKEA Food Services AB, responsible for setting and developing the IKEA Food
& Beverages product range; IKEA Communications AB, responsible for creating IKEA communication,
namely the IKEA catalogue (Inter IKEA Systems B.V., 2018a). A simplified overview of the retail
franchise system’s structure (ignoring IKEA Food) can be seen in Figure 1.
In terms of strategy, Inter IKEA Systems B.V. sets the long-term direction of the brand. Presently, there
are three main strategic goals for the future: to increase the affordability of the products; to reach and
interact with more potential customers; to be an active and positive influence on social and ecological

FY stands for “Fiscal Year”. IKEA’s fiscal year, unlike the majority of Portuguese companies, starts on
the 1st of September and ends on the 31st of August. For example, FY18 started on the 1st of September
of 2017 and ended on the 31st of August of 2018.
2
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problems (Inter IKEA Systems B.V., 2018b). The franchisees should use these goals as guidelines for
decision making.

Figure 1 - IKEA franchise system (Adapted from (Inter IKEA Systems B.v. 2018a))

Ingka Holding B.V. is the largest IKEA franchisee and has three distinct business areas: centers (malls),
investments (land, real estate, etc.) and retail, which includes 366 IKEA stores all over the world
(including all the portuguese ones). This company, owned by the Stichting IKEA Foundation, sets the
mid-term strategy for all of its retailers, in accordance to the long-term goals set by Inter IKEA Systems
B.V. For the next three years, regarding the retail business, Ingka intends to: increase market
penetration and market share; position IKEA focusing on brand desire and top of mind awareness;
increase customer satisfaction; increase affordability; grow in value for the customer; reduce costs that
do not add value for the customer; increase profitability and cash flow; simplify governance in order to
make

quicker decisions; deliver better conditions for the workers; operate in way that brings benefits for

society and the environment (Ingka Holding B.V., 2018). Ingka Holding B.V. and its controlled entities
are also referred to as Inter IKEA Group. The retail business in Portugal is a part of this group.

2.1.3 IKEA in Portugal
In Portugal, there are 5 stores (Braga, Matosinhos, Alfragide, Loures and Loulé), one service office
(Loures) and one industrial complex (Paços de Ferreira). The industrial complex is owned by IKEA
Industry Portugal, S.A. (controlled by Inter IKEA Systems B.V.) and the stores and service office are
owned by IKEA Portugal - Móveis e Decoração, Lda (part of Inter IKEA Group). Again, because of the
scope of this dissertation, only IKEA Portugal - Móveis e Decoração, Lda will be considered and will
from this point onwards be referred to as IKEA Portugal.
The management structure of IKEA Portugal can be seen in Figure 2. Each rectangle represents one
management area. There is one country manager of IKEA Portugal (and her team) who makes the
bridge between the management areas and Inter IKEA Group, which constitute next level of the
hierarchy. Those management areas (each with its own manager and team) are seven:

6

▪

People and Culture: human resources management;

▪

Business Navigation, Operations and Finance (BNOF): accounting, treasury, corporate control
and governance;

▪

Corporate Communication: development and management of internal and external
communication material;

▪

Commercial: marketing, sales and customer relationship management;

▪

Market Area: manage communications between the country management departments and
store managers;

▪

Customer Fulfilment (CFF): Logistics and logistics service providers management.

Figure 2 - IKEA Portugal management structure (Inter IKEA Group, 2018b)

Below the store managers, there is another hierarchical structure, with very similar functions to the ones
presented, which operate under the indications of the country management areas (Inter IKEA Group,
2018b). This structure will not be considered as it is not within the scope of this work.

2.2. In-store goods flows
2.2.1. Stores’ layout
In order to understand the flow of goods, first one needs to know that IKEA stores are divided in 4 big
areas according to their roles in storing and presenting the products: Showroom (SR), Market Hall (MH),
Self Service (SS) and Full Service (FS). Also, the stores are designed so the customer has to follow one
only specific path that comprises 3 of these areas: he/she enters the store and walks through the SR,
then goes to the MH, then to the SS, then exits (through the checkout lanes). Below, a brief description
of each one of the four areas is given:
▪

SR: used to display product combinations in appealing ways that show the customer their use
(ex: fully decorated bedrooms). There is no stock in this area for the majority of the products
(there might be some small complementary products in stock, candles for example). Products
that are displayed, but not stocked have labels for the customer to write down the information
on how to pick them later.

▪

MH: more similar to a typical retail store. The majority of products and respective stock are
available for the customer to pick directly. These products have dimensions that allow the

7

customer to easily pick and carry them for the rest of his shopping (photo frames, lamps, small
blankets, etc.).
▪

SS: part of the warehouse adjacent to the store that is accessible to customers. Products are
packed and stored in high racks. This area is divided in two parts according to the racks height:
the commercial area (floor or 1st rack locations) that the customer can reach to pick some of the
items he chose in the SR; the SGF (Stock Goods Flow), which refers to the racks that are too
high for the customer to access, with the products typically stored in larger logistics units
(typically full pallets), used to replenish the commercial area, but also the SR and the MH.

▪

FS: the remaining part of the warehouse, which is not accessible to the customer. This area
works more like a conventional warehouse with products stored in high racks and with
employees responsible for all the picking activities. This zone is destined to store large, heavy
and/or customizable products (ex: kitchen balconies) that if picked by a customer would cause
congestion in the warehouse and in the checkout lanes. Just like in the SS, the floor level and
the 1st rack are also considered a commercial area as they allow fast picking of customer orders
and the upper racks are used to replenish them. When in need, the FS might also be used to
replenish the SS, the MH and the SR.

2.2.2. Inbound flows
Products arrive to IKEA stores in trucks. The sender can be a direct supplier, a DC (Distribution Centre),
an MRS (Mid Receiver Sender), or a Cross-docking facility. DCs are used either to stock products that
correspond to high flows (meaning that the stores do not have enough available space to accommodate
all of the needed stock), or to store products that correspond to low flows (in this case, the DCs are used
to keep the safety stock from the stores). The MRSs are located near the suppliers and are used to
aggregate products from different small suppliers, in order to have full truck loads. The Cross-docking
facilities are located near the DCs and are used for suppliers that have the capacity to supply different
stores with a single shipment: that original shipment arrives at these facilities and is split and sent to the
different stores.
When trucks arrive at the stores’ unloading bay, an employee enters the truck to check the load and
ensure that the orders fulfil quantity, quality and documentation requirements. After this, the products
are unloaded from the truck. The products are stacked on the floor in front of the many warehouse
access gates, in different four piles according to their storage destination (SR, MH, SS of FS), which the
worker knows by scanning the barcodes attached to the products (which also informs the management
system that the products have arrived to the store). Another worker will then come and pick the goods
from the floor and transfer them to their respective storage locations.

2.2.3. Goods storage
As it was previously mentioned, products can either be stored in the SR, MH, SS or FS. In the SR, there
is no stock for the large majority of the products. In the MH, the majority of products is stocked. Both in
the SR and the MH, most products are stored in pallets on the floor, but some can be stored in bulk in
containers or in shelves. These three types of storage are also from where the customers pick the goods.
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In the SS and the FS items are products taht are stored in single-deep pallet racks. As mentioned before,
the floor and 1st level are used for the customer to pick the goods. The different types of storage in the
commercial areas can be seen in Annex A.
IKEA sells around 10000 different products, that are divided into different categories. These categories
are called HFBs (Home Furnishing Business) and are used to group products with similar
characteristics. The list of all these categories can be seen in ANNEX B.
The SR and the MH work as fixed location systems: each product has a specific location to be stored
and displayed. This means that, when a certain space becomes empty, it can only be replenished with
the product for which that space was allocated to.
In the case of the warehouse (SS and FS), a mixed system is in place. For the commercial areas (the
locations that are easily accessible to pick the products by the customer) there is a fixed system in place,
just like the one described in the previous paragraph. On the upper racks are stored products from the
SS, FS, MH and SR. Here, a random system is used, meaning that locations are randomly assigned to
products as space becomes available. Even though this takes place, the space allocation is not totally
random, because the warehouse management system always assigns to a given product the empty
upper rack locations that are closer to that product’s fixed ground location, in order to facilitate the
replenishment of this last.
There are also commercial areas in the MH and the SR. Every space that is simultaneously used to
store products and to pick products (either picked by customers or by employees) is a commercial area.
The commercial areas are distinguished based on the product references (and HFBs) that can be
assigned to them and on their location within the store (in one of the four big areas). They can be
consulted in Annex C.

2.2.4. Outbound flows
Since 2016, IKEA Portugal uses the multichannel sales approach, meaning customers can either
acquire the products offline (by going to a store) or online. In addition, inside each of these two
distribution channels, orders are processed in different ways so, in reality, there are 12 different ways
for the products to reach the customer.
In the case of offline sales there are 8 types of sales:
▪

Cash & Carry (customer): Products are picked by the customer from the MH or the SS and the
customer takes immediate possession of the goods;

▪

Cash & Carry (full service): Products are picked by the employees from the FS and the customer
takes immediate possession of the goods;

▪

Picking in store: Products are picked by the employees from the MH or the SS for a fee and the
customer takes immediate possession of the goods;

▪

LCD3 (customer): Products are picked by the customer from the MH or the SS and are then
shipped to the customer’s home;

▪

LCD (full service): Products are picked by the employees from the FS and are then shipped to
the customer’s home;

3

LCD stands for “Local Customer Delivery”.
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▪

Pick & Delivery: Products are picked by the employees from the MH or the SS for a fee and are
then sent to the customer’s home;

▪

CCD4 (truck): Products that are selected and bought by the customer in the store, but that aren’t
available in stock, so are sent from the DC to the customers house via truck;

▪

CCD (parcel): Products that are selected and bought by the customer in the store, but that aren’t
available in stock, so are sent from the DC to the customers house via parcel.

The CCD flows are not included in the store’s and warehouse’s outbound flows because they refer to
stock that is not stored there.
As for the online sales, 4 different types of sales can occur:
▪

Click & collect (store): Products that are selected and bought by the customer online and are
then collected in an IKEA store;

▪

Click & deliver (store): Products that are selected and bought by the customer online and are
then picked in an IKEA store by the employees and sent to the customer’s house;

▪

Click & deliver (CDC5): Products that are selected and bought by the customer online and are
then picked in a DC and sent to the customer’s house;

▪

Click & deliver (CPU6): Products that are selected and bought by the customer online and are
then picked in an IKEA’s parcel service provider’s facility and sent to the customer’s house.

As in the offline case, here CDC and CPU flows to not account for the store’s and warehouse’s outbound
flows, meaning that, for the scope of this study, there are in total 8 types of outbound flows.
One important remark is that the products ordered online are picked from the same picking locations of
the products ordered from the store. This means that it is possible that a picker might move to the
commercial area where a product is stored to fulfil an online order and the product can no longer be
there because it was picked by a customer.

2.3. Problem description
In order to fulfil customer demand and also to take advantage of economies of scale, IKEA needs
storage space in its stores in order to stock products. Also, as part of the franchise agreement, stores
need to operate under a set of rules determined by Inter IKEA Systems B.V, to standardize the brand’s
image and working procedures. One of the most important documents that franchisees need to follow
is Inter IKEA Systems B.V., (2018) from now on referred to as “mandatory requirements”. The 5th
mandatory requirement states that every product offered in the store must be available for the customer
to purchase in that same day7 . This means that not only does the store need to have the products in
stock, but they also have to be available at every moment in their sales locations within the commercial
areas. This means that additional challenges are imposed to the management of the stores’ capacities.
Some IKEA stores in Portugal are allegedly (according to IKEA’s capacity management tool) suffering
from a shortage of space in the commercial areas, meaning that these stores are more prone to not fulfil
CCD stands for “Central Customer Delivery”.
CDC stands for “Central Distribution Centre”
6 CPU stands for “Central Parcel Unit”
7 Excluded from this requirement are custom-made products, products temporarily out of stock and slowmoving products that are not promoted in the IKEA catalogue.
4
5
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the 5th mandatory requirement. On the other hand, the logistics managers (CFF) believe that the results
from this tool are not corresponding to the stores’ performances and they sometimes make decisions
regardless of what the tool is presenting.
On the next subsections, the capacity planning tool and its usage are presented, as some logistics Key
Performance Indicators (KPIs). A comparison is made between two stores in Portugal illustrating the
discrepancy between the tool and the reality and finally a statement of other system’s limitations that
may also be influencing the results.

2.3.1. Commercial areas capacity planning
Capacity in IKEA can be defined in many different ways (number of pallet locations, storage volume
(m3), storage space (m2), etc.). Number of pallet locations and volume are typically used for the SGF,
because it includes the locations in the air. But when it comes to the commercial areas (weather in the
SR, MH, SS or FS), what is important to assess is the available space (m2) because, for products to be
available for the customers, they can only be on the floor level or on the rack directly over it (in the case
of the SS) to be picked immediately. It is in this measure of capacity that the tool suggests a lack of
space.
In a broader view, the tool requires as inputs the forecasted sales for one year, the number of references
of each HFB that managers have decided to include in the year’s product range and the expected
number of visitors in the store. With this information, the tool automatically allocates a number of
references of each HFB to each commercial area. Then, by accessing a database that contains the
average space occupied per HFB unit in each commercial area (for a given level forecasted sales), the
tool calculates the necessary space (m2) in each commercial area to accommodate the number of
references from each HFB that were assigned to it. The tool then provides a colour scale that informs
the user of the forecasted capacity utilization, indicating if there is a lack or surplus of capacity in each
sales location. The tool also provides information on how many references would fit for a store with
specified dimensions. This tool makes a macro allocation of products to space (assigns amounts of
references to commercial areas).
In more detail, the first inputs that the tool requires are related with the annual sales forecast:
▪

Cash & Carry sold volumes per year – Total store: This corresponds to the total volume (m3) of
products that is expected to be sold in the store for one year. The sales department develops
forecasts for the yearly shop’s sales and calculates the total storage volume required for the
products;

▪

Cash & Carry sold volumes per year – MH/SR: Expected percentage of the total volume (m 3) of
products to be sold in the MH and SR;

▪

Cash & Carry sold volumes per year – SS/FS: Expected percentage of the total volume (m3) of
products to be sold in the SS and FS;

▪

Number of visitors per year – Total store.

With these inputs, the tool calculates the total volume of products that are to be sold in each of the two
sets of store areas.
The next inputs have to do with the range of products that is being considered:
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▪

Article split (%) – SSFA: the percentage of references (different products) that are to be stocked
in the SS;

▪

Article split (%) – WH: the percentage of references (different products) that are to be stocked
in the FS.

▪

Glass house8: to inform the system if the store has this feature or not.

▪

Cty Frame Stocked Range: the real number of references per HFB that was decided by Country
Management to sell in the store.9

Then, the tool uses data from the “Range allocation without GH” (GH standing for Glass House) to
automatically divide the references among the different possible sales locations of the store. This is
made using percentages based on historical data from a large number of IKEA stores in the world but,
if necessary, managers can edit this data in order to account for the store’s specificities.
The third and final inputs are the spaces that the store has available for each commercial area. These
spaces have been physically measured by the sales department of the store.
Finally, the tool uses these inputs to calculate its outputs, being the most important ones “Space needed
(m2)” and “RYG class”, described below:
▪

Space needed (m2): The tool calculates the space for each commercial area that the store needs
for the operations to run smoothly and satisfy customer demand. To calculate these values, the
tool multiplies the number of references that were assigned to a commercial area by a ratio (m2
needed per article). These ratios depend both on the commercial area being considered and on
the turnover in the SR/MH or in the SS/FS (depending on the commercial area being considered
– e.g. if it is a commercial area in the SR, then the turnover considered to determine the ratio is
the turnover in the SR/MH). The values of the ratios were determined by compiling the
information from all IKEA stores in the world and can be found in the “StRtS base” spreadsheet.

▪

RYG class: the acronym stands for “Red Yellow Green”. This is a colour scale based on the
percentual change between the stores real space for a given commercial area and the needed
space according to the tool. If the lack/surplus 10 of space is equal or greater than 0%, then the
cell turns green; if between 0% and -20%, yellow; else, if lower than -20%, red. This serves the
purpose of providing the decision maker with a visual representation of how capacity will be
used on average through the year in each commercial area.

With these outputs, CFF managers can then manually allocate some references that are currently
assigned to commercial areas with lack of space to commercial areas that have a surplus, thereby trying
to distribute the surplus between different commercial areas.
Another planning aspect to take into account is that, after the allocation of the numbers of references to
the commercial areas, the store’s managers make the allocation of specific products to storage/sales

8

The Glass house is a space inside some IKEA that is meant to simulate outdoor settings (e.g.
backyards). It typically displays pots and plants, seasonal products and outdoor products.
9 Cty Frame Total shown is not used; IOS Frame Total Shown and IOS Frame Stocked Range are the
numbers that are recommended by default by IKEA of Sweden.
10 The lack/surplus is calculated by diving the difference between the store’s real space and the needed
space by the real space.
12

locations. They can even make modifications to the allocation made at the macro level (e.g. have
more/less references stored in a given commercial area than what was initially planned).

2.3.2. KPIs
IKEA uses a wide range of KPIs in order to evaluate its activities. Regarding the stores’ logistics
performance indicators, a few dozen are used but to facilitate a quick evaluation of the stores, CFF has
defined the 10 KPI’s that are used to evaluate and compare stores:
▪

Range net deviation: difference (%) between the number of references that should be held in
the store according to the plan versus the real situation;

▪

Online stock check: percentage (%) of customers that accessed IKEA’s website to check for a
product’s availability in that store and the store had the product in stock11;

▪

Stock accuracy: ratio (%) between the number of accurate product counts and the total number
of counts12;

▪

On Shelf Availability (OSA): percentage (%) of products that, when requested, were available
on the sales locations that were are assigned to them;

▪

Cost of poor quality (COPQ): percentage (%) of the store’s costs that results from poor product
or service quality13;

▪

Cost/m2: store’s costs (€) divided by the store’s total volume (m3);

▪

Oversell: percentage (%) of sales that are made without having the product in stock, with the
employee(s) responsible for the sale not knowing that the product is not in stock due to
inaccuracies in the system;

▪

4+1: percentage (%) of orders from the FS that fulfilled the 4+1 objective – orders from the FS
must be processed in, at most, 4 minutes plus 1 minute per article picked;

▪

Forecast Accuracy: ratio (%) between the store’s forecasted sales and the real sales;

▪

Standard Operations Procedures (SOP): percentage (%) of store operations that are executed
in compliances with the defined standards.

An example of a weekly report on these KPIs for all Portuguese stores can be seen in Annex D.

2.3.3. A comparison between two stores
In Figure 3, the space needed and RYG outputs from the commercial areas capacity management tool
(yearly results, for the one-year period beginning in April 2019) for two Portuguese IKEA stores (001 –
Loures and 367 - Alfragide), that were chosen to be compare because they have similar capacity
requirements.

11

It is stipulated that the information in the website only states that a product is in stock if the store has
at least 4 units of that product.
12 Through the year, the amount in stock of every product is manually counted by the employees multiple
times. If the counted amount corresponds to the amount registered in the system, that corresponds to
an accurate count, else it corresponds to an inaccurate count.
13 Although this was defined as a KPI, it is currently not being used because of the difficulty of measuring
it.
13

Figure 3 - Space needed and RYG class. (left: store 001; right: store 367)

In Figure 4 the KPIs for both stores in one randomly chosen week of the past year as well as the overall
results from all 5 Portuguese stores can be found.
According to IKEA’s logistics managers, as the colours suggest in Figure 3, store 367 should present
more problems related to lack of space in commercial areas, which should be harmful for the business
- there would be more references that allegedly wouldn’t be available in the commercial areas for the
customers to pick them, resulting either in lost sales or in operational inefficiencies (employees have to
do more picks, the sales locations themselves will be more congested, etc).
By looking at the KPIs it can be seen that store 367 performs better on every logistics KPI, with the
exception of cost/m3, oversell in the SS and MH and, finally, on 4+1. These counterintuitive results,
according to the CFF team members, are systematic week after week, which might suggest that the
commercial areas capacity management tool is flawed, as it doesn’t reflect the stores’ reality.

Figure 4 - KPIs for two IKEA stores (001 and 367) and for Portugal (overall 5 stores)
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2.4. Chapter conclusions
IKEA is an established international brand with experience and defined procedures that have proved
their value for the retail business, as it continuously grew since its foundation. However, evidence is
showing that a “one fits all” type of approach to the stores’ logistics management, namely in terms of
capacity usage, might not be the best, because each store’s specificities are not taken into account.
The tool uses historical data based on world averages to calculate the space required per HFB in each
commercial, which seems too broad. For example, HFB04 - Bedroom Furniture must contain products
with very different dimensions. The amounts of each product inside that particular HFB will certainly
influence the real space requirements of the commercial areas, so it is possible that there are
considerable differences between the average values that the tool uses and the real values of space
occupation for each store’s product assortment. Additionally, this data considers stores with a
distribution of the turnover between the MH/SR and SS/FS areas of 70%/30%, which does not
correspond to the reality of every store. There is no evidence showing that a different distribution of the
turnover among areas wouldn’t change the values used.
The colour scale does not provide the decision makers with estimates of the quantitative impact (cost)
of a given set of colours in a store’s performance. The green colour (capacity surplus) is not necessarily
good, because it might imply under-utilization of resources, increasing costs per unit of product sold.
Other variables specific too each store like the number and types of storage locations for example, that
are not taken into account by the tool, might have a significant impact on each store’s performance and
capacity. Also, the fact that, after the initial allocation, store managers can add their own modifications,
can significantly impact the performance. This implies that currently the KPIs cannot be used to evaluate
the commercial areas space allocation at the Country Management level (because those decisions are
not being exactly used in practice);
The sales forecast is the forecast for the stores’ total sales, not specifying the portion of sales that
corresponds to each product or HFB, which might influence the capacity. Also, it aggregates all the
references (around 10000) which seems like a too big of a loss in information.
The goal of this dissertation from this point forward is to review relevant scientific articles and to develop
a commercial area (and perhaps sales locations) capacity management tool that distributes references
through the stores space, accounting to each store’s specificities, thereby improving each store’s
individual performance and providing managers with more accurate data about the impact of a certain
allocation on some KPIs.

15

3. Literature Review
This chapter intends to explain the concepts that will be useful in the problem that this dissertation will
focus on. IKEA stores are a very particular case of stores that are not approached in the operations
literature as they are both a retail store and a warehouse at the same time. It was decided that, because
of this, both literature on warehousing and retail stores should be analysed, because features from the
two types of literature would certainly necessary in order to develop a methodology for the problem.
Section 3.1. summarizes some of the work in (Slack et al. 2010) and serves as an introduction to basic
operations management concepts, particularly the ones related to capacity planning and control.
Section 3.2. approaches the literature on warehousing, namely in terms of design, operation and
performance evaluation. Because there is vast literature on this theme, only the topics that are most
relevant for the problem that this dissertation concerns were approached, namely: sizing and
dimensioning, operation strategy, performance evaluation, storage and order picking. This section was
developed based on two review articles that together provide the most recent and extensive existing
literature review on warehousing design, operation and performance evaluation: (Gu et al., 2007) and
(Gu et al., 2010).
Section 3.3. approaches the operations literature on retail stores, describing the importance of the study
of retail store operations and explains the main concepts inherent to each of their key managerial
decision areas, namely: demand forecasting, in-store logistics, inventory management, assortment and
display, product promotion, checkout operations and employee management. This section was
developed based on one review article that constitutes the most recent and extensive existing literature
review on retail store operations: (Mou et al., 2018).

3.1. Operations management14
In order to produce and deliver products and/or services that satisfy market requirements, the necessary
resources must be managed. The activity of managing these resources is called operations
management and it is present in every business, although it can be named differently. The operations
function or just “operations” is one of the three core functions of any business (the other two functions
are marketing and product/service development).
Operations can be modelled as input-output processes, meaning that they transform inputs into outputs.
These inputs always include the resources used, which can be divided into two types: transformed
resources, which are transformed during the process (materials, information and customers) and
transforming resources, which act on the transformed resources (staff and facilities). On the output side,
outputs can be products, services or a mixture of both, which is nowadays the most common scenario.
The mechanisms that actually transform the inputs into outputs are called processes. A process is a
network of resources with a flow between them. Similarly, an operation is a network of processes with
flow between them. A network of operations with a flow between them is called supply network and it is
what, through the contribution of each operation, ultimately satisfies the end-customer’s requirements.
Analysis can be made ate each of these three levels.

14

The reference used to compose this section is (Slack et al., 2010).
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Operations differ from each other in several factors. First, the volume of outputs, which determines the
degree to which there are possibilities for standardization of the processes and weather investments in
specialized equipment are justifiable. Second, the variety of outputs, which determines the level of
flexibility an operation needs, thus it also relates to the degree of processes standardization. Demand
variability is the third factor and is related to the quality of the operation’s planning, which is always
better the lower the variability in demand. Lastly, customer visibility (degree to which the operation is
exposed to it customers and can be influenced by the direct interaction with them), which influences the
operations requirements to account for aspects like customer waiting tolerance, staff with customer
contact skills, high flexibility (especially in stores, where retailers can ask every employee for what they
want) and the definition of two separate departments (the operation’s front-office, where processes with
high visibility take place; the operation’s back office, for processes with low visibility).
Operations management can be decomposed into six main activities: i) understanding the operations’
performance objectives - to define what is to be achieved, which requires understanding on how to judge
the performance of the operations (performance evaluation); ii) developing an operations strategy define the principles to guide decision-making during the day-to-day operations; iii) designing the
operations - determining the physical form, shape and composition of products, services and processes;
iv) planning and controlling- determining/deciding how to use the resources in the operations and then
making sure operations are carried out according to plan; v) improving the operations’ performance continuously making efforts to improve performance; vi) accounting for social responsibilities - because
operations have an impact in society, managers need to take it into account in their decisions.
The next subsection focuses on the planning and control of capacity, which is a key aspect of the
problem in study.

3.1.1. Capacity planning and control
Planning and control are concerned with matching the potential of the operations to produce
products/services and the demands from customers. A plan is what is intended to happen in the future,
while control concerns the adaptation of the plan to present reality. Planning is concerned with the longterm of the operations and is made on an aggregated basis (generalization). Control concerns the shortterm, intervening in the operations to cope with changes in circumstances.
Capacity is usually thought of as a physical and static system’s condition, usually referring to the volume
of a container or the space in a building. The problem with this notion of capacity is that it does not
provide information about the processing capabilities of the investments. A different definition of
capacity, which includes a time dimension and a level of output (to express the use of assets) must be
used for operations. It can be defined as the maximum level of output of an activity over a time period
that can be achieved under normal conditions. When, by reaching the maximum capacity of a given
process, the maximum capacity of the operation is reached (even if other processes operate under their
maximum capacity), that process is a capacity constraint.
Capacity planning and control is the set of planning and control activities that set the operations capacity
to adequately react to customer demand and its fluctuations. Long-term capacity concern changes in
the physical capacity of facilities, which are associated with large investments. Short-term capacity

17

concerns the adjustments in capacity made in the day-to-day operations to cope with the short-term
variability in demand. Medium-term capacity concerns the planning of capacity using forecasts for a
longer time period (2-18 months). For these reasons, only short and mid-term capacity are of interest
for this analysis.
This level of planning and control is concerned with the definition of aggregate capacity and demand
levels, meaning it is not concerned with the details of individual products/service, but with broader
decisions. Aggregation is always the first step and its units depend on the industry/sector (e.g. a hotel
might express capacity and demand in rooms per month, while a retail store might use revenue per
month). Typically, companies have experience in working with aggregated data.
Capacity plans affect the systems performance, with impacts on different aspects such as costs,
revenues, working capital, quality, speed, flexibility and dependability (degree to which operations are
able to fulfil delivery promises to customers).
Capacity planning and control, for a single time period, can be decomposed into three consecutive steps:
measuring demand and capacity, identify alternative capacity plans and choose a capacity plan. The
next sub-sections cover each one of these steps.

3.1.1.1 Measuring demand and capacity
To measure demand, it is necessary to gather data and to develop a demand forecast for the considered
time period. This forecast must be expressed in units that correspond to the ones used to measure
capacity (e.g. if the capacity is measured in m2, the forecast should also be translated into m2).
Secondly, it must be as accurate as possible. Lastly, it should provide an indication of relative
uncertainty, namely how much can demand deviate from the average value. Even better is to develop
a probabilistic demand distribution that accounts for the seasonality and weekly and daily variability of
demand throughout the period. The more information managers have, the better judgments can be
made.
Measuring capacity, especially in operations that are not very repetitive in nature, can lead to ambiguous
definitions. For very simple models, capacity can be expressed as just a measure of output (e.g. in car
factory that produces only one car model, capacity can be expressed in units produced per time period).
In more complex systems, with wide ranges of outputs with varying demands, capacity should instead
be a measure of inputs. In reality, a mixture of input and output measures can be used (e.g. retail store:
input measure of capacity – sales floor area; output measure of capacity – number of items sold per
time period).
Another two important concepts are design and effective capacity. Design capacity is the theoretical
capacity while the effective capacity is the actual capacity, which accounts for the losses in capacity
caused by unavoidable occurrences that are expected to happen (e.g. facilities maintenance). Capacity
utilization is defined as the ratio between the actual operation’s output and the design capacity.
Efficiency is defined as the ratio between the operation’s output and the effective capacity. The real
operation’s output is usually even lower than the effective capacity because of the occurrences that are
not expected to happen (e.g. equipment breakdowns).
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3.1.1.2. Alternative capacity plans
There are three types of capacity plans to deal with fluctuations in demand: level capacity plans, chase
demand plans and manage demand plans.
A level capacity plan consists of setting capacity to a given level that remains constant throughout the
time period. This plan is used when it is possible to produce and store the outputs in advance to respond
to future peaks in demand that exceed the operation’s capacity. It usually leads to stability in the
operation and high productivity but bares high inventory related costs and difficult decisions about what
to store and what to sell immediately. This capacity plan can’t be used for services, because services
cannot be stored.
A chase demand plan, as the name suggests, is a plan that attempts to match capacity with demand in
the different instants within the time period, which leads to the elimination of inventory. But this is much
harder to manage, and it might be difficult to achieve large variations in capacity (e.g. hire a large number
of part-time for a short time interval) without compromising quality. It is also not feasible for capital
intensive operations (e.g. buy and sell material handling equipment throughout the year).
A manage demand plan consist of manipulating the demand in order for it to match capacity. This plan
is most commonly used for services (e.g. airline companies offer cheaper prices outside holiday periods,
thereby stimulating demand and improving their capacity usage). Instead of using price, alternative
products and services can be developed (e.g. ski resorts that provide mountain climbing activities when
there is no snow).
These three basic plans can be applied to the processes inside the operation in which they make more
sense, so typical operations use a mix of all the three.

3.1.1.3. Choosing a capacity plan
In order to choose a capacity plan, two approaches can be used: cumulative representations of demand
and capacity and queuing theory.
A cumulative representation of demand and output through a time period provides information about the
feasibility and consequences of a chosen capacity plan. By looking at a cumulative representation of
demand and output it is possible to assess when can demand be immediately satisfied and inventory
levels (or unused capacity) throughout the time period. However, this type of representation is only
useful for operations that have the ability to store finished goods as inventory.
Queuing theory is used for activities that cannot produce products and services before the demand for
them has occurred, as happens for most service operations. A queuing system consists of a source of
customers (here customer means an entity that goes through the system, not necessarily a human
being) that arrive at a certain rate to the queuing system to be processed in servers (facilities), but that
might need to spend time in waiting lines (queues) when the servers are occupied, waiting for their turn
to be served. The problem is to define the best arrangement and number of servers and also the queue
disciplines (rules that determine the order I which customers in a queue are served). If the customers
are human beings, the problem becomes more complex because customer’s perceptions and
expectations about waiting times need to be managed in order to guarantee customer satisfaction.
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In practice, capacity planning and control is a dynamic process. Managers need to adjust capacity in
order to react to changes in demand as those changes occur (control). So, capacity plans change from
period to period and make use of past lessons.

3.2. Warehousing
Warehouses serve two main purposes: temporary storage and protection of goods; value adding
services (order fulfilment, packaging, testing, repairing, inspecting, assemblying and providing after
sales services) (Heragu, et al., 2007).
The increasing demand for wider product varieties and faster response times has made companies and
scholars direct their efforts towards more efficient logistics operations, since the logistics costs play an
important role in companies’ performance and competitive advantage (Rouwenhorst et al., 2000). In
other words, modern companies aim at achieving high volume production and distribution while
minimizing inventory levels and response times (van den Berg & Zijm, 1999). To achieve this goals, a
continuous improvement in the both the design and operation of the production and distribution systems
is required, which in turn demands higher performance from warehouses (Gu et al., 2007).
This section is structured based on the frameworks provided in (Gu et al., 2007) and (Gu et al., 2010),
for warehousing problems as can be seen in figure 5. These two articles provide the most recent
literature review on warehousing and they were published, respectively, 12 and 10 years ago. A more
recent review would be useful both for scholars and practitioners.

Figure 5 - Warehouse design and operation problems framework (Adapted from (Gu et al., 2007))
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3.2.1. Warehouse design and performance evaluation
According to Gu et al., (2010) warehouse design problems can be decomposed into five different types:
overall structure, sizing and dimensioning, department layout, equipment selection and operation
strategy. Overall structure concerns the definition of the different departments within the warehouse:
how many departments, with which technologies and order picking policies. Sizing concerns the
determination of the appropriate warehouse capacity given its throughput, while dimensioning
determines needed storage space given the capacity. Department layout: concerns three different
problems (within each department): the pallet block stacking pattern (storage lane depth, number of
lanes, etc.), the storage department layout (e.g. door location, aisle orientation, etc.) and AS/RS 15
systems configuration. Equipment selection is determining the appropriate level of automation and
selection of material handling equipment. Operation strategy concerns the definition of strategies for
storage and order picking.
Performance evaluation is linked to warehouse design because, not only is it necessary to define
performance criteria in order to evaluate a particular warehouse design, but those criteria are also
typically used either as design objectives or constraints (Rouwenhorst et al., 2000).
It was decided that, given the scope of this dissertation, sizing and dimensioning, operation strategy and
performance evaluation should receive further attention.

3.2.1.1 Warehouse sizing and dimensioning
Sizing problems (also referred to as storage capacity models (Rao & Rao, 1998)) can be different
weather the warehouse managers have control on the inventory levels (e.g. an independent wholesale
distributor) or if they are determined externally (e.g. a logistics service provider’s warehouse). In the
first case, storage capacity needs to be determined so that the stochastic demand for storage space is
satisfied. The only paper found was (Rao & Rao, 1998), which models the problem of deciding on the
amount of space a public warehouse needs given a stochastic seasonal demand, optimizing the total
warehousing costs for a finite time period (construction costs). Several extensions of the model are
made, namely the static version (for a fixed warehouse storage capacity) and the dynamic version (for
a warehouse in which it is possible to expand and to reduce the capacity). For the second case, besides
construction costs, models need to include inventory holding and replenishment costs (Gu et al., 2010).
An optimal storage capacity expansion model considering ordering and inventory holding costs for a
dedicated storage policy is provided in (Cormier & Gunn, 1999), which was the only article found that
approached this problem.
Literature on dimensioning problems is even scarcer, as it was only possible to identify one paper on
the subject. In (Heragu et al., 2007) a warehouse with five functional areas (receiving, shipping, staging
for cross-docking, reserve and forward) is considered in order to jointly determine the size of each
functional area and the product allocation that jointly minimize the material-handling cost.
It is important to note that the literature on sizing and dimensioning problems was recently reviewed in
(Huang et al., 2015). In this work, the authors make no distinction between sizing and dimensioning,
sticking to defining these as warehouse sizing problems. Although they find 8 papers specific to the
15

AS/RS stands for Automated Storage and Retrieval Systems.
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subject, only (Rao & Rao, 1998) is publicly available free of charge. They note that warehouse sizing
problems should be considered simultaneously with warehouse location and routing problems. This
topic received no further attention as it would not contribute to the problem in study. Although no more
papers were found on the sizing of regular warehouses, it is apparent that there is a wide literature on
the design of automated warehouses.

3.2.1.2. Operation strategy
There are four different basic storage strategies, also referred to as storage assignment policies (Chan
& Chan, 2011): dedicated storage, random storage, class-based storage and Duration-of-Stay (DOS)
storage (Gu et al., 2010). The policy spectrum is continuous, meaning that combinations of the four
policies can be used. Dedicated and random storage represent the extreme points of that spectrum. In
dedicated storage each product has a specific address in the warehouse, which maximizes throughput
as items with higher turnover can be assigned to more accessible locations. In random storage products
can be randomly assigned to different addresses over different time periods, which maximizes space
utilization (or minimizes space requirements) as it assumes no unusable space. Class-based storage,
also referred to as turnover-based storage (Kulturel el al., 1999), consists of dividing products into
classes, where each class is assigned to a specific area in the warehouse, but with the products inside
each class being stored randomly, combining the benefits of a dedicated policy (for the classes) and
random storage (for products within classes) (Chan & Chan, 2011). DOS storage consists of assigning
different quantities of the same item to different storage locations, depending on the time they are
expected to stay in the warehouse (e.g. on the arrival of a large shipment of a given item, a small quantity
is located near the pick-up point while the rest is assigned to another location) (Kovács, 2011). Classbased storage outperforms DOS storage (Kulturel et al., 1999).
Order picking may follow four different basic strategies: single-order picking, wave picking, batch picking
and zone picking (Gu et al., 2010). Single-order picking refers to the situation when each order is picked
individually, typically used in warehouses that deals with large orders. Wave picking describes the
grouping of orders that have a common destination (e.g. departure in the same truck), so that their
picking is scheduled to be done simultaneously. Batch picking is when a set is picked in a single picking
tour, thereby saving traveling time in the warehouse, typically related to warehouses that deal with small
orders. Zone picking consists of dividing the warehouse picking area into zones and then assigning
employees to pick only the parts of the orders that correspond to their zone, thereby reducing congestion
in the warehouse (Koster et al., 2007). Like for storage strategies, these four order picking strategies
can be combined with each other.

3.2.1.3. Performance evaluation
Performance evaluation can be approached in three different ways: benchmarking, analytical models
and simulation. Warehouse benchmarking consists of continuously assess performance, find
inefficiencies and develop improvements. Analytical models can be aisle type (focus on a single storage
system and address travel/service time) or integrated models (combine travel/service time with other
performance metrics such as storage capacity, operational costs, etc.). Simulation models are more

22

oriented towards analysis than they are towards design, so their use is typically for assessment of a
given design (Gu et al., 2010). For this reason, only benchmarking and analytical models are
approached.
Benchmarking consists of systematically analysing and comparing the consistency of a warehouse’s
performance performances through time, in order to get insights for improvement. Besides comparing
one warehouse’s performance through different time periods, multiple warehouses can be compared
with each other (Ross & Droge, 2002). The most commonly used approach is Data Envelopment
Analysis, which compares inputs (resources) and outputs (performance measures) in order to compare
the efficiencies of Decision-Making Units (e.g. different warehouses) through time, based only on the
relationships between inputs and outputs (Cooper, Seiford, & Zhu, 2011).
According to (Gu et al., 2010), the literature on aisle type or time travel models is extensive, with a total
of 66 articles (until 2010) approaching the theme, for different types of automation and storage
strategies. The literature on integrated models is shorter, counting only with four models (until 2010). A
potentially important model for this dissertation might be the one presented in (Malmborg, 1994), which
calculates warehouse costs (inventory carrying, reordering and expediting, item replenishment and
retrieval, shortages in the retrieval area, storage space), based on inventory management, space
allocation and storage policies.
As for the performance evaluation criteria, the most commonly used are operational costs, volume and
mix flexibility, throughput, storage capacity, response time and order fulfilment accuracy. The weights
(relative importance) of the criteria vary from warehouse to warehouse, particularly regarding the two
different types of warehouses: distribution or production warehouses. Distribution warehouses typically
store a wide range of different SKUs a deal with a large number of customers who place orders for small
quantities of those SKUs, so these warehouses should be optimized to maximize throughput while
minimizing investments and operational costs. Production warehouses serve the function of storing raw
materials, unfinished and finished products, that can typically be stored for long periods of time and that
are typically needed in large quantities, meaning that these warehouses should be optimized for
maximizing capacity, while minimizing investments and operational costs (Rouwenhorst et al., 2000).

3.2.2. Warehouse operation
In the framework provided in (Gu et al., 2007), operation planning problems are divided in four types:
receiving, storage, order picking and shipping. Receiving/shipping problems include the assignment of
inbound/outbound carriers to docks, the scheduling of carriers’ services at each dock and the allocation
or dispatch of labour and material handling equipment. Storage problems concern, for each SKU, the
determination of the inventory to keep in the warehouse, the frequency and timing for the replenishment
and the storage location and path through the warehouse. Order picking problems have to do with the
definition of the order picking methods to use.
It was decided that, given the scope of this dissertation storage and order-picking should receive further
attention.
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3.2.2.1. Order picking
In the majority of warehouses, not only order picking is the most labour-intensive and expensive activity
(accounting for 55% of total operating costs), as it significantly impacts service level, meaning that robust
design and control are necessary for ensuring its efficiency (Koster et al., 2007). At the operational level,
there are three different problems related to order picking, in order to improve its efficiency: batching;
sequencing and routing; sorting.
The batching problem consists of partitioning sets of orders into batches, each batch containing parts
of orders that can picked together in order to minimize the total pick time. Batches are picked in a specific
time frame referred to as “pick wave”. In a broad way, the problem concerns the definition and
assignment of a partition of the orders to waves and to pickers, given a certain warehouse configuration,
pick wave schedule and a set of orders, while reducing picker effort, balancing work among pickers and
respecting constraints such as order due dates and available time slots.
Sequencing and routing concern the definition of the most efficient sequence and route of locations for
picking and/or storing the products in order to minimize material handling costs, while accounting for the
specific configuration of the warehouse.
Sorting is an activity that is required whenever there is batching. It consists of separating the batches
by orders. This can be done in two different ways: sort-while-pick, when sorting is done during the
picking; sort-after-pick, when it is done only after the picking is finished (Gu et al., 2007).

3.2.2.2. Storage
According to (Reyes et al., 2019), storage is the accumulation of products in order to guarantee that
customer demand is satisfied in the shortest possible time. Although the determination of inventory
levels and replenishment scheduling are two vital activities for storage, these will not be approached in
this sub-section, as storage assignment (SKUs’ location and path) plays a far more important role in the
problem this dissertation concerns. At the operational level, storage assignment can be decomposed
into three different problems: assigning SKUs to departments, zones and storage locations (Gu et al.,
2007).
Regarding the first problem, in order to make order picking more efficient, typically companies divide
their warehouses into two departments: the forward area and the reserve area. The first is used to
facilitate quick order picking, while the reserve area is used to hold bulk storage of products to replenish
the forward area (van den Berg & Zijm, 1999). Because space in the forward area is limited, a decision
has to be made of which products and in which quantities to store in each of the areas and this is known
as the forward-reserve problem (van den Berg et al.,1998). The forward and reserve area can either be
located in different areas of the warehouse or in the same racks, in which case the reserve area
corresponds to the highest storage locations, while the forward area corresponds to the lowest (easier
order-picking). It is possible that some items do not have an assigned location in the forward area and
are picked directly from the reserve (van den Berg & Zijm, 1999).
The second problem, also referred to as zoning, is related to order picking strategies that take advantage
of zone picking. It consists of splitting the storage areas into different zones, so that each zona has its
own assigned order pickers (Koster et al., 2007). It implies determining the number, size and shape of
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the zones and the SKUs that are to be assigned to each zone in order to minimize costs and guarantee
an even workload among zones. The literature on this problem is limited (Gu et al., 2007).
The third and last problem can be referred to as the Storage Location Assignment Problem (SLAP)
(there is not a standard terminology, with authors referring to it as product allocation, reserve allocation,
space allocation or slotting) and concerns the allocation of products to storage space, with the goal of
optimizing some performance measure (Reyes et al., 2019). This problem is reviewed in more detail
in the next sub-section.

3.2.2.3. The SLAP
The literature on the SLAP (published between 2005 and 2017) has recently been reviewed in (Reyes
et al., 2019). In this review, 71 papers on the SLAP were reviewed and classified according to, among
other, three characteristics: resolution methods, performance measures and “restrictions and
constraints”.

The resolution methods can either be exact methods, heuristics, meta-heuristics,

simulation, policies and rules, information and technology tools and, finally, multi-criteria methods16.
Performance measures that can be used in these problems are space and distance, time, operational
efficiency, handling costs, infrastructure and human factors. On the third category, “restrictions and
considerations”, these problems can take into account the capacity and physical conditions of the
warehouse, product characteristics, the market (demand, sales and location), logistic resources and the
configuration of the operation.
It was considered that the relevant articles for the problem in study should be searched within the
“restrictions and considerations” classification than can be seen in Annex E.
Because IKEA products are grouped into categories (the HFBs) and because a large number of very
different products (namely in terms of size and shape) are in the stores, papers that approach restrictions
based on product characteristics should be of particular interest for this work, particularly the papers
that deal with association, correlation and compatibility, which are related to the grouping of products.
Association refers to the relationship between different products in turnover or sales volume (e.g.
products that are usually sold together), and is approached in (Chiang et al., 2014), (Boysen & Stephan,
2013), (Guerriero et al, 2013) and (Chuang et al, 2010). Correlation takes into account the physical
characteristics of the products (e.g. similar materials, dimensions, etc.) and is approached in (Kim &
Smith, 2012), (Kovács, 2011), (Bindi et al, 2009) and (Manzini, 2006). Compatibility concerns the
relationship between products and storage locations (e.g. problems with shared storage, where multiple
SKUs may be assigned simultaneously to the same slots in a warehouse, but for any reason certain
combinations of SKUs cannot be assigned to the same slot) and this is approached in (Fumi et al.,
2013), (Ene & Öztürk, 2012) and (Chen et al., 2010).
With these papers identified, a table was built (see Annex F) with their classification on “restrictions and
considerations” (including all the other types of restrictions and considerations that might be present),
performance measures and resolution methods. During the elaboration of the dissertation, this table can
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Often, more than one resolution method is used for the same problem, either to compare solutions
obtained from different methods or because the problem requires a hybrid resolution approach, which
combines two or more methods.
25

be consulted so the most relevant SLAP articles for the problem in study can easily be identified as they
are needed.

3.3. Retail store operations
Retailing has recently been given attention by academics due to its significant impact on the economy
(Mou et al., 2018). It is a sector that is facing a need for innovation to attract and retain customers which
are now interested in the entertaining and interactive shopping environments the advances of the
information and communication technologies make possible (Pantano & Laria, 2012). Consequently,
most of the major retailers have felt the need to increase their online presence, but that does not
necessarily mean that retail stores have lost their influence (Mowrey, Parikh, & Gue, 2018). An American
study, (Pew Research Centre, 2016), has shown that, even though 79% of the country’s population has
made at least one online purchase in their lifetime, 64% of those online shoppers still prefer the benefits
of shopping in physical locations, such as being able to take immediate possession of the goods and to
inspect them before purchase (Bloomberg, 2018).
The purpose of retail operations is to ensure that customers can find “the right product, in the right place
at the right time for the right price” (Fisher et al, 2010) and the improvement of store operations plays
an important role in fulfilling these objectives, given that stores remain the primary shopping destinations
(Mou et al., 2018). Retail store operations differ from manufacturing and warehousing operations
because the traffic is mainly human (Yapicioglu & Smith, 2012), so the focus shouldn’t be in minimizing
travel times, but in maximizing sales (Mowrey et al., 2018).
A framework is provided in (Mou et al., 2018) that identifies the seven most relevant decision areas for
retail store managers: demand forecasting; in-store logistics; inventory management; assortment and
display; product promotion; checkout operations; employee management.
Like in most operations, demand forecasting in retailing is necessary, because managers need to predict
future customer behaviour in order to plan the flow of goods through the supply chain before they reach
the sales point, in an attempt to lower both the probabilities of stockouts and excess inventory (Beheshti
et al., 2015).
Inventory is what ensures that customer demand is satisfied and the main challenge of inventory
management is to deliver high product availability to the customers at the minimal operational cost
possible (Kang & Gershwin, 2005). Out-of-stock is the term used to describe when there is no inventory
of a product to satisfy demand which in retail stores results in lost-sales (Bijvank & Vis, 2011). Another
concept related to inventory management is inventory-dependent demand. Studies have demonstrated
that the displayed quantities of each product in a store have an impact on customer demand, stimulating
impulse purchases when the quantity is high (billboard effect), but also when it is low (scarcity effect)
(Mou et al., 2018). There are six possible inventory replenishment policies summarized in (Bijvank &
Vis, 2011).
Product promotion in retail stores is achieved in two different ways: price promotions and non-price
promotions (Mou et al., 2018). Price promotions are used to optimize profits and to build a certain image
in customers minds and the two most used strategies to achieve these objectives are Everyday Low
Pricing (self-explanatory) and Hi-Lo pricing (temporary yet frequent discounts in limited sets of goods)
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(Ellickson & Misra, 2008). Price discounts can also be used to sell inventory that either is available in
excess or that has reached the end of its selling season, an this is called clearance sales (Yin, Aviv,
Pazgal, & Tang, 2009). Non-price promotions are, for example, the use of gift-cards (Horne & Bendle,
2016) and using product display as a means of promotion (display all: stimulating demand by displaying
a large amount of a product so it is more easily noticed; display one: stimulating demand by displaying
a small amount of a product to give the impression of scarcity).
The checkout process is an important stage of customer’s shopping experience in retail stores.
Customers can decide not to join a queue if they consider it to be too long, resulting in lost sales (Inman
& Nikolova, 2017). Unlike in traditional queuing systems where the goal is to minimize the waiting time,
are more sensitive to the size of the queues than to the waiting time, so the use of multiple queues is
typically preferred to the use of a single queue with pooled servers (Lu, Musalem, Olivares, & Schilkrut,
2011).A recent trend self-scanning checkout (self-checkout) Typically, one cashier can supervise four
to six lanes (instead of having one cashier per lane as in traditional checkout) and shoppers value the
convenience, simplicity and perceived speed of this type of system (Inman & Nikolova, 2017).
Employee management, namely the determination of staffing levels, influences customers’ perceived
service quality. When they are not overloaded with work, employees tend to make less mistakes and
have more time to interact with the customers (Ton, 2009). Rostering, or personnel scheduling, is the
process of constructing timetables for the employees in order to fulfil the necessary tasks for properly
satisfying customer demand (Ernst et al., 2004)
The topics that are more relevant for this dissertation are in-store logistics, which is approached in more
detail in section 3.3.1, and assortment and display, which is approached in section 3.3.2

3.3.1. In-store logistics
In the retail store context, logistics can be defined as all the processes within the store that are related
to the replenishment, disposal and recycling of products. Typically, these processes require a significant
amount of manual labour, making them accountable for a high share of the store’s costs and the
employees’ working hours (Reiner et al., 2013).
Most retail stores are divided in three areas, as seen in Figure 3: the receiving area, where products
from the suppliers and/or distribution centre arrive to the store and are inspected by the employees; the
backroom, used to store the inventory that is not being displayed; the shop floor, usually the only area
that the customers can access, where the products are displayed and can be purchased (Mou et al.
2018).
After the receiving process, products can either be sent to the backroom or directly to the shelves. The
shelf space available to display products is limited, so the use of the backroom provides two main
advantages to the retailer: the possibility of displaying a wider variety of products on the shelves; having
a place to store products when they arrive to the store and there is still not enough free space on the
shelves to display them (this is called overflow inventory). The main disadvantage of this practice is that
it has increased costs, because the shelf replenishment process (moving the inventory from the
backroom to the shelves) needs to be done as shelf space becomes available, which typically is difficult
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to manage and causes human errors that contribute to inventory record inaccuracy (IRI) (Eroglu,
Williams, & Waller, 2013).

Figure 6 - The typical configuration of a retail store (Mou et al., 2018)

3.3.2. Assortment and display
With physical space and capital available to invest in inventory as constraints, decisions have to be
made that balance the trade-offs between variety (number of categories in a store), depth (number of
SKU’s per category) and service level (available number of products of each SKU) (Mantrala et al.,
2009).
A hierarchy is proposed in Hübner & Kuhn, (2012), defining master category planning as a set of 4
planning tasks with different scope and planning horizons: category sales planning, assortment
planning, shelf space planning and in-store logistics planning.
Planning typically starts with category sales planning, which includes category selection (from a given
set of possible categories to include in a retail store) and demand forecasting for each category.
Category sales planning requires as input the store’s configuration and sets the guidelines for
subsequent planning problems, namely the Product Assortment Problem (PAP) and the Shelf Space
Allocation Problem (SSAP).
The PAP consists of determining the ideal mix of products (within each category) that should be
displayed in order to deliver the highest value to the customer, thereby maximizing the store’s profit.
Substitution and complementary effects are computed using the cross-elasticity between products,
defined as the percent change in the demand for one product due to 1% percent change in the quantity
displayed of another product (Hariga, Al-Ahmari, & Mohamed, 2007).
The SSAP can be defined as the distribution of the limited shelf space in a store among a set of products
in a category (Aguiar, 2015) and it usually starts with assigning categories to departments or areas in
the store, then to specific locations in the departments’ racks, ending with the allocation of an amount
of space (number of product facings) for every specific product (Mowrey et al., 2018). Space-dependent
demand is computed using space elasticity, defined as the ratio of additional sales to additional space.
Most shelf space allocation models consider only product width, but there are also planogram-based
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models, which consider the three dimensions (Mou et al., 2018). A planogram is a visual representation
of a specific part of a category in a store that shows the placement and number of product facings for
each individual SKU in those shelves (Aguiar, 2015).
In-store logistics planning consists of planning replenishment and personnel. With inventory dependent
demand, the inventory level at the shelves needs to remain high, which does not comply with the
traditional inventory management models, because it implies higher holding and/or ordering costs.
Specific models for shelf replenishment are developed where, unlike in traditional inventory models, the
objective is not minimizing the costs but maximizing the profit (Chang et al., 2010).

3.4. Summary
The allocation of space to products in retail stores in the literature is typically made through the
formulation of a SSAP, while in warehouses it takes place as a SLAP. The goal in retail stores is typically
to maximize sales and takes into account products’ space and cross-space elasticities. On the other
hand, in warehousing the goal is to minimize costs, typically by optimizing some operational measures
such as picking time or distance. A self-service warehouse incorporated in a retail store with a showroom
can be viewed as a combination of this two problems, where although it can still be formulated as a
warehouse problem as the space and cross-space elasticities can be ignored if the purchase decision
is made in the showroom, the main goals should still include sales maximization and/or customer
experience. In the literature reviewed (warehousing and retail stores) there couldn’t be found any
formulation of product allocation problems for stores with this particularity, being this probably the first
work that addresses this gap.

.
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4. Dissertation methodology
This chapter describes the procedures that are used in order to develop the models used to achieve the
dissertation’s objectives. It starts with a brief overview in section 4.1 that illustrates the conceptual
framework used and the relationships between the models that are developed. In the following two
sections, 4.2 and 4.3, the formulation, main assumptions and validation rules for the predictive and the
allocation models are detailed.

4.1. Overview
It was decided, together with the logistics managers of the company, that this study should focus
exclusively on the warehouse (both in the interdict and the self-service areas). These were the retail
areas where the results of their allocation tool were more questionable and, also because the
management of the space in the other areas is more influenced by the sales and store design teams.
On the other hand, since self-service warehouses have not been studied in operations
management/management science literature, as revised in in chapter 3, it was decided that this study
would address the entire space allocation problem. This corresponds to defining the macro level
decisions (defining number of references and volume per HFB) and thereafter defining the micro level
decisions (allocation of specific products and/or specific sub-categories within each HFB to sales
locations within the warehouse).
The sequence of models is to be integrated in a methodological proposal to be adopted for this work
which has the structure proposed in Figure 7.
This proposal for the methodology of the master thesis can be understood as set of three main blocks
that are interconnected to each other. In other words, the outputs of the first block (predictive model)
serve as inputs to the second one (aggregate allocation model) and the same happens between the
second and third (detailed allocation model) blocks. The core of each block is a distinct model that
receives inputs and provides the required outputs. Each model is briefly presented below.
Because of i) the difficulty of finding the numerical expressions that define the logistics KPIs as functions
of space allocation decisions and with category depth and ii) taking into account the specificity of the
case-study (self-service warehouse), it was decided that a predictive modelling approach was to be
used to support the macro allocation problem.
The predictive model is a regression model that should allow the logistics managers to understand the
potential impact of the macro allocation (defining how many different products of each HFB and volume
per HFB to be stored in the SF and the FS) on a set of KPIs. The model receives as input the macro
allocation and produces probable results for the KPIs.
The aggregate allocation model intends to find the best possible solution for the macro allocation
problem. It will use the linear equations obtained from the previous model that represent each KPI to
formulate a linear programming (LP) model, where the goal is to calculate the combination of volumes
and number of references per HFB that jointly optimize the set of KPIs. This can be either be solved to
optimize each of the KPIs or as a multi-objective optimization problem. This model consists of a linear
model.

30

Figure 7 - Methodology proposed

Lastly, the detailed allocation model consists in a SLAP that will be formulated and optimized taking
into account that the objective is to provide a storage allocation that will minimize the total travelled
distance by the customers. This model will be based in one or more of the SLAP models that were
classified in chapter 3, which will be chosen based on both the feedback from the logistics managers
(namely in what concerns the performance measures to use) and the stores’ managers (namely in what
concerns the restrictions and considerations). As restrictions, this model will incorporate results related
to number of references per HFB and volume per HFB determined in the aggregated allocation model,
which are the product assortment and the demand forecasts developed by the logistics managers taking
into account the results from the previous models.
The proposed methodology will be developed and thereafter validated by solving the SLAP in the SF of
the Loures IKEA store, using past data on sales, product dimensions and the warehouse layout.
Some limitations of the current work can already be discussed at this point:
i)

the PAP is not going to be approached in this work, as it is the responsibility of other
departments within the company. This poses a problem: the connection between the
second and the third model. To solve the SLAP, the number of references per HFB is not
enough: the SLAP depends on the physical characteristics and demand behaviour of
products (Reyes et al., 2019) and these parameters may vary significantly for different
products within an HFB. Thus, it is necessary to know exactly which products are to be
included (which is technically an assortment problem). To determine which are those
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products, some rules of thumb will be defined in order to simulate the assortment decision.
The SLAP will then be formulated both for the real IKEA assortment at the moment and for
the assortment defined using the tool;
ii)

The SSAP is also not approached, because customers make their purchase decision of a
product before entering the warehouse, which means that the effect of space elasticity can
be neglected.

Note that, between the aggregate allocation model and the detailed allocation model it is necessary that
the team for IKEA responsible for the assortment chooses the products to include and the respective
demand forecasts according to the information provided by the aggregate allocation model. This step
would have to be taken in real life, but in this work it is assumed that the assortment is known.
In the following sections, the methodologies used for the individual models are detailed.

4.2. Predictive Model
4.2.1. Formulation
The goal of the predictive model is to develop predictive functions that reflect the behaviour of selected
logistics KPIs given the warehouses commercial areas space usage (being commercial areas the floor
and rack’s first level locations in the SF and FS) and the number and volume of products within each
category assigned to these areas.
This model provides to the retailer quantitative information regarding the expected behaviour of the KPIs
for a given combination of references and volumes per HFB allocated to these areas. The development
of this predictive model is divided into four stages:
i)

data collection and treatment, where the dimensions and data on sales locations and stores’
performance is to be collected and prepared;

ii)

exploratory analysis of the data, where the explanatory variables will be chosen based on
correlation analysis and the independence between them;

iii)

choosing a linear model through multiple regression (one linear equation per KPI) that fits
the data;

iv)

model testing and validation with data that was not fed to the model initially, acting as a test
sample.

According to (Rodrigues, 2018) multiple regression can be used to investigate the relationship between
a continuous dependent variable (yi), a set of p continuous explanatory variables (xij) and a random
error term (i). A multiple regression model is described by a set of i linear equations that can be written
as:
𝑦𝑖 = 𝑏0 + 𝑏1 𝑥𝑖1 + 𝑏2 𝑥𝑖2 + … + 𝑏𝑝 𝑥𝑖𝑝 + 𝜀𝑖

(4.2.1)

The model can also be written in matrix form:
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(4.2.2)

𝑦 = 𝑋𝑏 + 𝜀

where y and  are vectors of order (n × 1), b is a vector of order [(p + 1) × 1] and X is a matrix of order
[n × (p + 1)], configured as follows:
1
1
𝑋= 1
⋮
1
[

𝑥11
𝑥11
𝑥11

𝑥12
𝑥11
𝑥11

…
…
…

𝑥𝑛1

𝑥𝑛2

…

𝑥1𝑝
𝑥2𝑝
𝑥3𝑝
⋮
𝑥𝑛𝑝 ]

(4.2.3)

The vector of 1’s in the first column of X corresponds to a dummy variable that is multiplied by the
intercept term (i.e., the parameter b0)” (Lattin, Carrol, & Green, 1978).
The development of the model consists on the following procedure:
•

Data preparation, which consists in extracting the needed data from the retailer’s databases
and arranging it in such a way that it can be used to implement the model;

•

Outlier detection and removal or, in other words, detecting and removing observations that
exhibit strange behaviour and there is evidence to discard them as they’re not representative of
the population;

▪

Variable selection, which consists of defining the set of explanatory variables to be included in
the model (frequently, not all the variables that are initially considered in the beginning of the
analysis should be included I the final model);

▪

Assessing the fit between the model and the data, by analysing the F-test, the correlation
coefficient R2 and the adjusted R2;

▪

Checking the statistical significance of each regression coefficient to understand which ones
contribute with significant information;

▪

Checking the violation of the regression assumptions (normally distributed errors with mean 0
and constant variance)17.

In terms of the case study at hand, since the KPIs are calculated on a weekly basis, it was decided that
weekly data on capacity usage should be used. This posed a problem because stores’ sales location
capacity usage is dynamic (products are constantly being sold, moved or replenished). A simplification
had to be made: the stores’ capacity usage is observed weekly in a random instant of a random day,
which is considered as representative of that week. Other possible approach could be collecting daily
data and either calculate mean values for the capacity usage throughout the week or by selecting the
days where stored volumes reached weekly peaks. Unfortunately, the capacity usage information is not

17

The error term represents the effect of all the factors that are not taken into account by the chosen
explanatory variables. According to the Central Limit Theorem, the effect of many different unrelated
factors approaches a belly shaped distribution. If this distribution has mean equal to 0 and constant
variance ϭ2, that means that the expected value of y is simply given by X*b.
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stored (one can only extract from the database the information for a given instant18). With this
assumption, each observation corresponds to a store’s configuration in a given week.
The procedures for dealing with the problems of data preparation, outliers and variables selection are
explain in more detailed over the two next sub-sections.

4.2.2. Data preparation
In order to perform multivariate analysis, it is useful to have the data in a specific form. Particularly, data
needs to be in tabular form, such that each line corresponds to an observation and each column
corresponds to a variable.
Additionally, for this case, there are some variables that present values that need to be identified and
changed: for some references, the data shows negative stock quantities (which means that there were
sales, probably online, of products that were not in stock). Because the volume of a particular HFB in a
particular commercial area is calculated by summing the volumes of all the references from that HFB in
that commercial area, which in turn is calculated by multiplying the stocked quantities by unit volume, if
negative stocks are present, that would mean that the total volume would be below the real situation.
When it comes to space utilization, products with negative stock are products that are absent from the
commercial area. So, in order to calculate the occupied volume of an HFB, the negative stocks of
references from that HFB must all be converted to zero.
At this stage, it can be possible to grasp the irrelevance of some of the variables, as it becomes visual
that some of the variables always (or almost always) have zero value. Although this is performed at this
stage, because this is directly related with variables selection, it is explained in detail in sub-section
4.2.4.
Finally, it is necessary to remove from the dataset a test sample, that is, some of the observations to be
used later to test the model for accuracy against data that wasn’t used in its development. For this,
around 10% of the observations are randomly chosen following the following process:
1st – Calculate the test sample size, nt, by multiplying 10%19 by the number of observations and
rounding to the nearest integer;
2nd – Generate nt random numbers between 0 and 1 using a uniform distribution;
3rd – Multiply the random numbers by the sample size, n.
4th – If there are zeros or repeated numbers, generate new random numbers to replace those
and multiply by n again until there are no more repeated numbers.
5th – Remove the nt lines from the dataset with indices that correspond to a number in the list of
random numbers. Store these lines (or observations) in a new dataset.

18

This and other problems related with the data will be further explained in detail in section 5.1.
Usually researchers use larger portions of the data to form the test sample (e.g. 25% or 40%). In this
case, a smaller portion was used as it was considered that there were already fewer observations than
it would be recommended to perform the regression and reducing this number could cause the model’s
parameters to lose statistical significance. When data is split into a regression sample and a test sample,
there is always a trade-off between the statistical significance of the model and the reliability of the
model’s validation.
19
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Because this is made before the removal of outliers, this means that the test sample might contain
observations with unexpected values, which is good to test the model for robustness, as the model is
meant to help predict the future and in real life odd situations might appear.

4.2.3. Outliers
It is possible that some observations are especially different when compared to the sample (weather by
displaying an odd combination of values for the variables or by displaying very extreme values in a
particular variable). Thus, these observations may not be representative of the population, so they
shouldn’t be used for the regression, as they worsen the models’ predictive accuracies. The
observations with these characteristics are referred to in the literature as outliers.
In (Hair et al., 1979), four types of outliers are described, and these definitions can be useful in the
detection:
▪

Procedural error – errors that result from data entry and/or manipulation (should either
be marked as missing values or removed);

▪

Extraordinary event – observations that correspond to events with a degree of
uniqueness that can be explained by particular combination of factors that are known
(should be maintained only if they fit the objectives of the research 20);

▪

Extraordinary observation – markedly different observations for which an explanation
can’t be found (must be retained only if there is a strong conviction that they represent
a valid member of the population);

▪

Unique in combination – when all the variables are described by values contained in
their ordinary ranges of values, but the combination of values across the variables is
unique (should only be removed if there is evidence that they do not represent a valid
member of the population).

In addition to this classification, the authors present a complementary one inextricably related to the
detection process that divides the outliers into three types:
▪

Univariate outliers – When there are extreme values for one or more individual
variables. Observations can be classified as outliers by comparing the values of the
variables to their means. Histograms can be used as a complement to provide a more
visual understanding. For variables with more than 80 observations, a threshold of 4
standard deviations is used (if the value is not within the [-4,4] interval for a scaled
variable21, the observation might be an outlier);

For example, for the KPI “In-store damages”, it is possible that on a given week, in some store, there
is an accident with an expensive item, such as a fridge or a couch, which causes the KPI reach an
extremely high value for that observation, but should this be used in the regression model for that KPI?
Probably no, as there is a high degree of randomness (rather than a causal relation with the capacity
variables) responsible for this value which, if included, would worsen the accuracy of predictions for the
“normal” situations. However, there might be situations when these odd values can be used, particularly
when there is a need to be conservative and account for more unexpected situations, thereby
decreasing predictive accuracy, but making the model more generalizable to account for the unexpected
events.
21 To make this type of analysis, it is common to standardize (or scale) the data, which means, for each
variable, subtract from every observation the mean of that variable and divide by the standard deviation.
20

35

▪

Bivariate outliers – by plotting the scatter plots between each pair of variables22 and an
ellipse representing the bivariate normal distribution’s confidence interval (set to 90%
or 95%). Points that fall out of this ellipse can be considered outliers.

▪

Multivariate outliers – Bivariate analysis can be misleading for multivariate scenarios
with more than three variables interrelated. For multivariate outlier detection it is best to
use the Mahalanobis D2 measure, given by:
𝐷2 = (𝑥 − 𝜇)𝑇 𝑆 −1 (𝑥 − 𝜇)

(4.2.4)

Where x is the vector with the observed values for all the variables in a particular
observation, µ is the vector containing the averages of each variable across all
observations and S is the covariance matrix. For small samples (which is the case given
the number of variables), observations with D2/df > 2,5 can be classified as outliers,
being df the number of degrees of freedom23.
For this work, given the large number of variables, it was decided that only univariate and multivariate
outliers should be analysed.
For the univariate outliers, each variable is analysed separately from the others and, given the first four
definitions and human judgement, outlier observations are identified and either removed or kept. Then,
the D2 measure is computed for each observation in order to identify and remove the remaining outliers.

4.2.5. Multivariate analysis assumptions
In order to perform multivariate regression there are four statistical assumptions that need to be met:
normality, homoscedasticity, linearity and absence of correlated errors (Hair et al., 1979).
The normality assumption, as the name suggests, assumes that all the variables are approximately
normally distributed. However, according to the authors, the normality assumption can be violated for
samples where each variable is observed more than 200 times, which is the case in this work.
The next assumption, homoscedasticity, assumes that every variable presents constant variance
throughout its range of values, that is, each variable’s variance is independent from the value it takes.
Unlike the normality assumption this assumption does need to be verified. It is very common to find data
distributions where values are not shaped like a normal distribution, particularly in two forms: skewed
belly shape or negative exponential shape. In (Department of Biology of Bates College, 2018) the work
in (Tabachnick & Fidell, 2006) and (Howell, 2007) on this subject is summarized, resulting in the table
that can be seen in Annex G, which provides the adequate data transformation to apply to
heteroscedastic (opposite of homoscedastic) data in order to ensure a greater approximation to
homoscedasticity. These transformations are applied to the heteroscedastic variables of the predictive
The standardized value for a variable in a given observation corresponds to the number of standard
deviations that the variable’s value is away from the mean.
22 It can be particularly infeasible to detect all these outliers because of the combinatorial nature of this
problem, described in note 20 in section 4.2.2.
23 The number of degrees of freedom is the difference between the number of observations and the
number of estimated parameters (which is equal to 1 plus the number of dependent variables). The
larger the number of degrees of freedom, the more robust is the model.
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model. The regression is made not on the original variables but on the transformed variables, which are
converted into their original values after the regression.
The third assumption is that the relationship between the dependent and the independent variables is
linear. This means that, if there are non-linear relationships (e.g. U shaped), then the model will likely
underestimate the true relationships by assuming these are weak linear relationships. However, for
simplicity, these relationships are not analysed in this work, which can potentially constitute a limitation
for the model.
Lastly, errors cannot be correlated. This means that each predicted value must be independent from the
other predictions. If the prediction’s residuals show any type of non-random pattern, this means that the
assumption is violated. These might be an indication that some important variable that is not included
in the model should be, and the mitigation possible is to include it. To check this assumption, the
residuals on the predicted values of the model are analysed.

4.2.6. Variables Selection
As it was mentioned before, the goal is to predict a set of KPIs given the capacity usage of the store.
First, it was decided that three types of X variables should be used: volume related variables, variety
related variables and store size related variables. Both the volume variables (measured in m3) and the
variety variables (measured in number of references) are observed separately for each HFB and for
each of the two store areas (SF and FS). The store size variables are the total floor areas of the SF and
the FS. The premise is that, depending on their dimensions, the commercial areas can accommodate
different levels of volume and variety. This means, the X variables are the following:
▪

Vol_SF_HFB1, Vol_SF_HFB2, … , Vol_SF_HFB20;

▪

Vol_FS_HFB1, Vol_FS_HFB2, … , Vol_FS_HFB20;

▪

Nref_SF_HFB1, Nref_SF_HFB2, … , Nref_SF_HFB20;

▪

Nref_FS_HFB1, Nref_SF_HFB2, … , Nref_SF_HFB20;

▪

Area_SF;

▪

Area_FS.

After defining these 82 variables, these were analysed together with the logistics managers of the
company in order to determine which KPIs would (according to their judgement) be more influenced by
the values of the X’s. From this analysis, the 6 KPIs that would be used as Y variables were chosen:
▪

4+1;

▪

Internal Handlings;

▪

In-store damages;

▪

On-shelf availability;

▪

Oversell;

▪

Stock Accuracy.

At this stage, all the variables that can be eventually be used in the predictive model are identified, but
that does not mean that they all should be included for two reasons:
i)

not all the variables defined previously exist;
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ii)

only the best predictors of the Y variables should be included in the respective models.

Regarding the first issue, 8024 variables were defined that correspond to the number of references and
volume of each HFB in each commercial area (20 + 20 + 20 + 20). However, this definition is not
accurate, because not all HFBs are typically present in both commercial areas. Some HFBs can be, in
most cases, assigned to only one commercial area and, even if they are found in both, in some cases
the volume in one of them can be so small that it apparently won’t affect store performance. This analysis
can be made by identifying in how many observations each HFB is present in each commercial area
and, for the cases where the number is low, identify if the volumes are significative. This analysis should
result in the removal of some of the capacity variables and is made on the data preparation stage (as
mentioned in sub-section 4.2.2.)
Regarding the second problem, choosing the best predictors (X variables) for each Y variable is perhaps
the most important step in the development of predictive models. According to Lattin et al., (1978), “the
process for selecting variables for inclusion into a regression model sometimes involves as much art as
science”. The authors state that automated stepwise approaches for variables selection (available in
statistical software) can be helpful for wide databases (large number of independent variables) and
emphasize that these methods have a tendency for overfitting the data (the models can explain the
variability in the sample used to build them, but not in the population). Ideally, subjective judgement
should also play an important role variable selection, based on an understanding of the data by prior
analysis of the correlations between every pair of variables and the respective scatter plots. But this
approach is infeasible for this case, where 3321 scatter plots25 would need to be visually analysed.
The irrelevant variables that are included in the model typically increase the model’s ability to predict
the sample data, but not new data. Another particular problem to be addressed is the problem of
multicollinearity, that is, the degree to which each X variable can be predicted by another X variable(
Hair et al., 1979), which can make the model’s results harder to interpret.
The Variance Inflation Factor (VIF) is used in the literature as a measure of the multicollinearity among
a set of variables and is given by the expression:

𝑉𝐼𝐹𝑘 =

1
1 − 𝑅𝑘2

(4.2.5)

To perform this calculation, one predictor variable is fixed and the VIF is calculated by computing the R 2
between the variable that was fixed and all the other k predictors. According to (Kutner, et al., only
models where max{VIFk} < 10 should be accepted. With this in mind, an algorithm can be used to only
generate linear models that respect the mentioned condition:
1st – Set an upper bound for the Tolerance, T for R2 between predictors, an increment i and a
lower bound, t for the tolerance (stopping criteria);
24

In total, with the areas of the FS and the FS, there are 82 variables, but this paragraph concerns only
the capacity variables that are directly related to the HFBs.
25 For 82 variables, there are (82) = 3321 combinations of two variables which corresponds to the
2
number of pairwise relationships that exist between the 82 variables.
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2nd – For every pair of predictors with R2>T, calculate the the correlation of each of the two
predictors with Y and remove the predictors with the lowe ts correlation with Y;
3rd – Calculate the model’s VIFs. If max{VIFk}>10, discard the model, else apply stepwise
selection to refine the model;
4th – If T=t, stop, else set T as T-i and return to 2nd step .
This algorithm atomatically creates linear models that fit the data, but that do not violate the condition
for the VIF. Also, by testing for a lot of different tolerances (by setting small increments) it is possible
that simpler models, but that account for very similar amounts of variance in the Y variable, are
developed. The algorithm returns a set of different linear models and, if there isn’t a significant different
between the number of independent variables used26, the model with the largest adjusted R2 is chosen.

4.3. Allocation Models
4.3.1. Aggregate allocation model
The model is formulated as an LP where the linear equations from the previous model are used as
objective functions. Ideally, because there are several KPIs and, thereby several objective functions, in
order to maximize all the KPIs this should be model as a multi-objective LP. However, it was defined
that for this work this should be simplified so the aggregate model is only formulated for one KPI.
As mentioned before, this model does not intend to solve the assortment problem. As the assortment
decision includes several stakeholders from different departments within the company, the logistics
managers are only entitled to make small adjustments to the original assortment. It was decided with
the CFF managers that the aggregate allocation model should only provide solutions that differ at max
1% from the established assortment. Note that some variables as this point were transformed, so the
1% isn’t the change on the transformed value of the KPI27, but rather the change on the untransformed
value. This means that, when building the restrictions, this must be taken into account in the parameters.
This is explained ahead.
With this in mind, the indexes for the model are:
▪

i

Set of transformed capacity variables (i = 1, … ,n)

The parameters are:
▪

ui

Upper bound for the value of the transformed capacity variable i

▪

li

Lower bound for the value of the transformed capacity variable i

▪

bi

Regression coefficient for the transformed capacity variable i

▪

b0

Constant from the regression model

The decision variable is:
▪

xi

Value to assign to the transformed capacity variable i

26

If for example, the algorithm returns a model with 20 dependent variables and an adjusted R 2 of 0.8
and a second model with 10 dependent variables and an adjusted R2 of 0.79, then the second model is
chosen, because it is more practical to handle less variables and because the adjusted R 2, although not
as much as R2, does grow with the number of variables included in the model, which would mean that
in this case the second model would actually probably have better predictive accuracy even with a lower
adjusted R2.
27 As mentioned in sub-section 4.2.5. some variables need to suffer a transformation through a function
before they can be used in the model.
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Consequently, the mathematical formulation is:
𝑛

𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 KPI = 𝑏0 + ∑ 𝑏𝑖 𝑥𝑖

(4.2.1)

𝑖=1

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜:

𝑥𝑖 ≥ 𝑙𝑖

𝑥𝑖 ≤ 𝑢𝑖

∀𝑖 = 1, . . . , 𝑛

∀𝑖 = 1, . . . , 𝑛

(4.2.2)

(4.2.3)

Note that the variables used are referred to as transformed variables, but these also include the
variables that were included in the model but didn’t suffer any transformation.
The objective function (4.2.1) is simply the linear equation obtained from the predictive model.
Constraints (4.2.2) and (4.2.3) ensure that the upper and lower bounds for the transformed variables
are respected. The values for ui and li are obtained by adding/subtracting 1% to the original assortment
variables (number of references per HFB in the SF and volume of references per HFB in the FS) and
then applying the transformations used in the regression model for each variable.

4.3.2. Detailed allocation model
4.3.2.1. Sales locations characterization
The SLAP is formulated as Mixed integer model (MILP) that assigns quantities of specific products to
sales locations. Sales locations are defined in this work in a different way than they are in IKEA.
There are three concepts that are used in IKEA’s warehouses: aisle, section and level. Locations are
identified with a code which contains the three: for example, a product stored on the floor level of the
15th section of aisle 1 is said to be located in location 01-15-00.
The numeration of the aisles is straightforward and can be seen in the plant of the warehouse in Annex
H. Except for aisle 1, which is located in an extreme of the warehouse, every aisle on the left side of the
plant is numbered with an even number and the aisles on the right with an odd number. This work utilizes
the same numeration for the aisles.
Levels and sections can be better understood by looking at Figure 8. There are two main levels on the
racking that constitute sales locations: level 00, which corresponds to the floor locations and level 10,
which corresponds to the first shelf that can be seen in the figure. In addition, there are situations where
intermediate shelves are placed dividing the levels in two. When a shelf is included between levels 00
and 10 (typically in the middle), then level 05 is created. If it is between levels 10 and 20, then level 15
is created. This means that, at most, there are parts of the racking with four levels. In this work, levels
are redefined: instead of four levels, six are considered and their definitions are present in Table 1.
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Figure 8 - IKEA SF racking section (Adapted from (IKEA, 2016))

Table 1 - Racking levels considered and their definitions

Level

Definition

1

Equivalent to level 00 when there is no level 5

2

Equivalent to level 10 when there is no level 15

3

Equivalent to level 00 when level 05 exists

4

Equivalent to level 05

5

Equivalent to level 10 when level 15 exists

6

Equivalent to level 15

This different classification was fundamental for modelling the problem as it allows to fix the height and
weight capacity of each level, which are needed to model de SLAP. Although there are six levels for
modelling purposes, their definitions imply that there are still at most four levels in a given area of the
racking (example: when levels t3 and t4 exist, level t1 does not).
Lastly, sections, which is where the definition used in this work differs the most from the one used by
the retailer. The retailer numbers the sections sequentially beginning from where the aisle meets the
cross-aisle and according to the products on the floor level. A portion of the racking similar to the one
represented in Figure 8 is composed of three sections. If these were the first sections of a given aisle,
the pallets on the floor would be located in sections 01, 02 and 03. However, if there were four pallets
on the floor, which is possible because there are narrower pallets, then the sections would be numbered
01, 02, 03 and 04. This means that two aisles with the same size usually have a different number of
sections. Because this depends exclusively on the products, if a SLAP is formulated to redefine the
locations of the products, there shouldn’t be a limitation on where would be possible to locate 3 or 4
pallets, and thereby the sections that are currently defined shouldn’t be used. Instead, in this work, a
section is defined as all the space between the vertical bars of the racking, which means that Figure 8
represents only 1 section. By making this change in the definition, sections can be considered fixed and
independent from the number of products stored and each section can store more than one product.
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Besides the obvious spatial storage constraints, namely, the locations’ depth, height and width, there is
one more constraint, regarding the weight limit for each location that cannot be exceeded. Lastly,
regarding the depth of the locations, this parameter differs between aisles. There are three types of
aisles: EUR, IKEA and IKEAXL. These aisles can accommodate pallets and products with different
lengths, and there must be a match between the length of the pallets/products and the type of aisles
that they are assigned to. All these aspects are further explained in more detail.

4.3.2.2. Unit loads characterization
One of the main characteristics of an IKEA warehouse (or any other retail self-service warehouse) is
that products can either be stored in pallets or in product units (unpalletized). This causes the problem
to be much more complex than what is typically found in the literature on the SLAP. When products are
only stored in pallets, there is typically a very limited number of different pallet sizes. In that case, one
knows exactly how many pallets can be stored in each location. In fact, often a location is defined as
the space in the racking for one pallet. This means that the problem is to locate pallets to empty locations
(also referred to as a slotting problem). In this work, however, there are pallets, but there are also product
units, which means that the unit loads that are being allocated have hundreds of different sizes, implying
that each unit load’s dimensions need to be taken into account.
The first problem about products being unpalletized is related to the products’ shapes. Although the vast
majority of the products are shaped like a parallelepiped (because they have parallelepipedal packages)
there are products that have cylindrical (ex: sheets) or even more irregular shapes (ex: chairs with plastic
wrapping). A simplifying assumption had to be made because the vast majority of the products and
pallets are exactly or approximately shaped like a parallelepiped, this shape is considered for all the
products.
Second, every product has a specific position to be placed on the shelves. For example: if the product’s
shape is a parallelepiped, which face should be lying on the shelf and which face should be facing the
customer? As this information is not available in the databases as it was not practical to define the
position of every product individually (more than 2800 products are considered), there was the need to
make another simplifying assumption. The databases do have information about three dimensions of
most products and pallets: length, width and height. This matter was discussed with the logistics
managers and, in most cases, products are placed with “length” occupying the depth of the sales
locations, “width” the width of the sales locations and “height” the height, so is it considered that these
dimensions do describe the products position when stored and are considered fixed.
Figure 9 illustrates the placement of two products (being product 1 palletized and product 2 unpalletized)
in a level 10 sales location. The width of the sales location is identified as Wjkt, the depth (correspondent
to the length of the products) as Ljkt and the height as Hjkt. As will be defined later in the formulation, j is
the identifier of the aisle, k is the identifier of the section and t is the identifier of the level.
As mentioned in section 4.3.1.1, there are three types of aisles that differ only in one dimension, which
is Ljkt: EUR, IKEA and IKEA XL. These dimensions are defined in terms of the length of products and
pallets that IKEA deals with. Products and pallets that have a length close to a EUR pallet (around 1,2
meters) are stored in EUR aisles; products that have a length close to an IKEA pallet (approximately
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Figure 9 - Rack locations' dimensions

1,85 meters) are stored in IKEA aisles; products that have a length larger than an IKEA pallet (typically
these are about 2 meters long) are stored in IKEA XL aisles (this topic is discussed in more detail in sub
section 5.3.2). It was defined, together with the logistics managers of the company that there should be
an exact match between the aisle and the product/pallet, that is, every product/pallet should be
characterized as belonging to a specific type of aisle, with the exception of IKEA products/pallets, that
can also be assigned to IKEA XL aisles (but never the other way around). This is also a simplification
that is done in the data treatment stage, thereby simplifying the optimization problem.
By examining Figure 9 again one can have a visual idea of how unpalletized products are placed in a
location: they form a larger parallelepiped. The optimization of the SLAP intends not only to define where
the products should be placed, but also in what quantity. If products are placed in these blocks, then the
quantity is defined as the multiplication of the number of products that compose a block in its width,
length and height. If it is considered that a product can only be allocated to one type of aisle (remember
that the difference between the 3 types of aisles is Lijk) and that this allocation is known, then the number
of products in the length direction of each big block is known for every product and can be calculated in
the data treatment stage. It was defined with the logistics managers that there should be space
optimization, which means that, for unpalletized products, they should be placed in order to maximize
the height usage of the sales locations. Because it is known that there are only 6 levels and that their
height is known, then it is possible to know, for each product, which should be the maximum number of
product units that fit in height in each level. Again, it is possible to calculate this in the data treatment
stage. Now that it is known how many units of an unpalletized product fit in the products respective aisle
type and depending on the level, this means that the only decision variable needed to model the
products is how many products are needed in terms of width. For this reason, fictitious unit loads are
defined for each unpalletized product: the unpalletized product’s unit load are blocks with 1 product in
terms of width, the number of products that fit in the products aisle type in terms of length and the
number of products that fit in the level in terms of height (because there are 6 levels, each product has
6 different possible fictitious unit loads). In Figure 10, the fictitious unit load, from this point referred to
just as “unit load”, of Product 2 from Figure 9 and its respective dimensions can be seen. As clarification,
in Figure 9 there are 4 unit loads of product 2 in level 2.
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Figure 10 – An unpalletized product’s unit load and its respective dimensions

Finally, it is important to notice that height is now a two dimensional parameter, as it depends both on
the product i and the level t. For palletized products, to facilitate modelling, height is modelled as a two
dimensional parameter that has always the same value for every level t.
Lastly, one important parameter to be defined is the quantity in product units of each product. This is
modelled analogously to height: a two dimensional parameter dependent on i and t, that always
assumes the same value for every t in the case of palletized products.
The next sub-sections present the details of the modelling of the problem.

4.3.2.3. Mixed integer formulation
In the formulation of this model, two simplifying assumptions about the customers’ behaviour are made:
1) Each customer purchases only one product per visit – this assumption is potentially the
assumption with the highest impact in the model’s ability to represent reality. It is very
common in IKEA that customers purchase more than one product (in fact, some
combinations of products are practically mandatory 28). To optimize the real distance
travelled by the customer, this should be taken into account, and some measure of
association between products should be used to ensure that they were stored together.
However, this information is not available (the databases do not store information on which
products are commonly bought together). This point is discussed later in the results
discussion chapter.
2) Every customer takes the same main route (represented in Annex H as a dash-dotted line
between “Entrance” and “Exit”). It is considered that the additional travelled distance, from
here referred to as distance increment, required to pick a product from a given location is
the measure of the perpendicular line between the edge of the green shape that can be
seen in Annex H and the centre of the location’s section. This assumption underestimates
the real distance increment of the locations located closer to the edges of the shape and
overestimates the distance increment of the locations that are closer to the alternative
routes. However, there are usually products in display in the centre aisle and in real life

28

A bookcase, for example, is sold as a combination of different products such as the structure, shelves
and screws.
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customers might want to purchase other products, meaning that there is a high chance that
customers do use the main route.
There are more assumptions considered in the model’s formulation, which are explained later in this
sub-section together with the equations.
The indexes and sets of the model are described as follows:
▪

n

Set of products (i=1,…,n)

▪

m

Set of aisles (j=1,…,m)

▪

k

Set of locations (k=1,…, p)

▪

t

Set of levels (t=1,…,v)

The parameters of the model are described as follows:
▪

ait

Number of units of product i per unit load when assigned to a location in level t;

▪

cij

Compatibility between product i and aisle j;

▪

dij

Distance incremented to customers’ route by purchasing product i from location j;

▪

ei

Weight of one unit load of product i;

▪

fjkt

Weight limit for tth level of location k from aisle j;

▪

hit

Height requirement of one unit load of product I when located in level t;

▪

ot

Height capacity of the locations of the tth level;

▪

M

Large number used to form a “Big M” type constraints;

▪

sit

Space capacity (area) required by one unit load of product i, when located in level t

▪

rjkt

Space capacity (area) of the tth level of location k from aisle j;

▪

ui

Binary parameter equal to 1 if product is stored in a pallet, 0 otherwise;

▪

yi

Demand (in units) for product i;

▪

α

Penalization parameter used in the objective function to ensure consecutively between

unit loads of the same product that are stored in different locations;
▪

β

Reward parameter used in the objective function to ensure that the model assigns the

minimum number of locations possible to each product.

And the decision variables are:
▪

bij

Binary variable equal to 1 if product i is assigned to aisle j, 0 otherwise;

▪

wit

Binary variable equal to 1 if product I is assigned to level t, 0 otherwise;

▪

xijkt

Binary variable equal to 1 if product i is assigned to the t th level of location k from aisle

j, 0 otherwise;
▪

qijkt

Number of unit loads of product i assigned to the tth level of location k from aisle j;

▪

zijkt

Binary variable equal to 1 if product i is assigned simultaneously to the location the t th

level of location k from aisle j and to the tth level of location (k + 1) from aisle j.
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Consequently, the mathematical formulation is as follows:

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 (Distance + Reward + Penalization)
𝑛

𝑝

𝑚

(4.3.1)

𝑣

Distance = ∑ ∑ ∑ ∑ 𝑑𝑖𝑗 𝑞𝑖𝑗𝑘𝑡 𝑎𝑖𝑡

(4.3.1a)

𝑖=1 𝑗=1 𝑘=1 𝑡=1
𝑛

𝑚

𝑝

𝑣

Reward = − 𝛼 ∑ ∑ ∑ ∑ 𝑧𝑖𝑗𝑘𝑡 ∗ 𝑦𝑖

(4.3.1b)

𝑖=1 𝑗=1 𝑘=1 𝑡=1
𝑛

𝑚

𝑝

𝑣

Penalization = 𝛽 ∑ [(∑ ∑ ∑ 𝑥𝑖𝑗𝑘𝑡 ) − 1] ∗ 𝑦𝑖
𝑖=1

(4.3.1c)

𝑗=1 𝑘=1 𝑡=1

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜:
𝑚

∑ 𝑏𝑖𝑗 = 1 ∀𝑖 = 1, . . . , 𝑛

(4.3.2)

𝑗=1

𝑏𝑖𝑗 ≤ 𝑐𝑖𝑗

∀𝑖 = 1, . . . , 𝑛, ∀𝑗 = 1, . . . , 𝑚

(4.3.3)

𝑥𝑖𝑗𝑘𝑡 ≤ 𝑏𝑖𝑗 ∀𝑖 = 1, . . . , 𝑛, ∀𝑗 = 1, . . . , 𝑚, ∀𝑘 = 1, . . . , 𝑝, ∀𝑡 = 1, … , 𝑣

(4.3.4)

𝑣

∑ 𝑤𝑖𝑡 = 1 ∀𝑖 = 1, . . . , 𝑛

(4.3.5)

𝑡=1

𝑥𝑖𝑗𝑘𝑡 ≤ 𝑤𝑖𝑡 ∀𝑖 = 1, . . . , 𝑛, ∀𝑗 = 1, . . . , 𝑚, ∀𝑘 = 1, . . . , 𝑝, ∀𝑡 = 1, … , 𝑣

(4.3.6)

𝑞𝑖𝑗𝑘𝑡 ≤ 𝑀𝑥𝑖𝑗𝑘𝑡 ∀𝑖 = 1, . . . , 𝑛, ∀𝑗 = 1, . . . , 𝑚, ∀𝑘 = 1, . . . , 𝑝, ∀𝑡 = 1, … , 𝑣

(4.3.7)

𝑚

𝑝

𝑣

∑ ∑ ∑ 𝑎𝑖𝑡 𝑞𝑖𝑗𝑘𝑡 ≥ 𝑦𝑖 ∀𝑖 = 1, . . . , 𝑛

(4.3.8)

𝑗=1 𝑘=1 𝑡=1
𝑛

∑ 𝑞𝑖𝑗𝑘𝑡 𝑠𝑖 ≤ 𝑟𝑗𝑘𝑡 ∀𝑗 = 1, . . . , 𝑚, ∀𝑘 = 1, . . . , 𝑝, ∀𝑡 = 1, … , 𝑣

(4.3.9)

𝑖=1

𝑥𝑖𝑗𝑘𝑡 ℎ𝑖𝑡 ≤ 𝑜𝑡 ∀𝑖 = 1, . . . , 𝑛, ∀𝑗 = 1, . . . , 𝑚, ∀𝑘 = 1, . . . , 𝑝,

∀𝑡 = 1, … , 𝑣

(4.3.10)

𝑛

∑ 𝑞𝑖𝑗𝑘𝑡 𝑒𝑖𝑡 ≤ 𝑓𝑡 ∀𝑗 = 1, . . . , 𝑚, ∀𝑘 = 1, . . . , 𝑝, ∀𝑡 = 1, … , 𝑣

(4.3.11)

𝑖=1
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𝑧𝑖𝑗𝑘𝑡 ≥ 𝑥𝑖𝑗𝑘𝑡 + 𝑥𝑖𝑗(𝑘−1)𝑡 − 1 ∀𝑖 = 1, . . . , 𝑛, ∀𝑗 = 1, . . . , 𝑚, ∀𝑘 = 2, . . . , 𝑝, ∀𝑡
= 1, … , 𝑣

(4.3.12)

𝑧𝑖𝑗𝑘𝑡 ≤ 𝑥𝑖𝑗𝑘𝑡 ∀𝑖 = 1, . . . , 𝑛, ∀𝑗 = 1, . . . , 𝑚, ∀𝑘 = 2, . . . , 𝑝, ∀𝑡 = 1, … , 𝑣

(4.3.13)

𝑧𝑖𝑗𝑘𝑡 ≤ 𝑥𝑖𝑗(𝑘−1)𝑡 ∀𝑖 = 1, . . . , 𝑛, ∀𝑗 = 1, . . . , 𝑚, ∀𝑘 = 2, . . . , 𝑝, ∀𝑡 = 1, … , 𝑣

(4.3.14)

𝑧𝑖𝑗𝑘𝑡 = 0 ∀𝑖 = 1, . . . , 𝑛, ∀𝑗 = 1, . . . , 𝑚, 𝑘 = 1, ∀𝑡 = 1, … , 𝑣

(4.3.15)

𝑏𝑖𝑗 ∈ {0,1} ∀𝑖 = 1, . . . , 𝑛, ∀𝑗 = 1, . . . , 𝑚

(4.3.16)

𝑤𝑖𝑡 ∈ {0,1} ∀𝑖 = 1, . . . , 𝑛, ∀𝑡 = 1, . . . , 𝑣

(4.3.17)

𝑥𝑖𝑗𝑘𝑡 ∈ {0,1} ∀𝑖 = 1, . . . , 𝑛, ∀𝑗 = 1, . . . , 𝑚, ∀𝑘 = 1, . . . , 𝑝, ∀𝑡 = 1 … , 𝑣

(4.3.18)

𝑧𝑖𝑗𝑘𝑡 ∈ {0,1} ∀𝑖 = 1, . . . , 𝑛, ∀𝑗 = 1, . . . , 𝑚, ∀𝑘 = 1, . . . , 𝑝, ∀𝑡 = 1 … , 𝑣

(4.3.19)

𝑞𝑖𝑗𝑘𝑡 ∈ ℕ0 ∀𝑖 = 1, . . . , 𝑛, ∀𝑗 = 1, . . . , 𝑚, ∀𝑘 = 1, . . . , 𝑝, ∀𝑡 = 1 … , 𝑣

(4.3.20)

The first equation, (4.3.1), is the objective function. The goal is to maximize the distance travelled by
customers. As it is assumed that each customer buys only one unit of one product, the total distance
travelled by all the customers who visit the SF is simply given by the sum of multiplication of all the
individual trips (equal to the total number of units sold per product) by their respective distances, and is
expressed in equation (4.3.1a). However, in order to be compliant with the warehouse rules defined by
IKEA, there was the need to include two more terms in the objective function which work as soft
constraints for the model. The first of these terms, (4.3.1b), rewards the model when products that need
to be located in more than one location (because of space constraints) are stored in consecutive
locations – this is fundamental as customers must be easily able to find a product, if one or more of the
locations are out of stock. The problem with this reward is that the model would tend to overspread the
products across more locations than needed29, so it was necessary to develop the second term, (4.3.1c),
which penalizes the objective function the more locations are assigned to each individual product. The
multiplication by yi both in the penalization and in the reward term ensures that if the model does not
For example, if a product’s sales quantity is 4 EUR pallets, although these could be located in just two
consecutive locations (3 + 1), the model would tend to spread the pallets in four consecutive locations
because of the reward term.
29
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respect those two soft constraints, the penalization is always larger than the distance the model could
eventually save by violating the overspreading and that the model receives a higher reward for products
with higher demands. Both α and β must be set to a value higher than the largest distance in the
distances matrix, and β should be higher than α, to ensure the model does not overspread the products
to receive the connectivity reward. Also, because for some locations the allocated quantity can be higher
than the demand (for example, if the demand of a palletized product is 1.1 pallets, the model will allocate
2 full pallets), α and β should actually not only be higher than the highest distance in the matrix, but at
least twice as high as that distance. The relationship between α and β is discussed sub-section 5.3.2.,
which describes the model’s implementation.
The first 2 constraints, (4.3.2) and (4.3.3), express the logical conditions/rules of the allocation that
dictate the relationships between products and aisles. Constraint (4.3.2) implies that each product can
only be allocated to a single aisle. As customers need to know the location of the products they intend
to acquire before they arrive at the SF, it is fundamental that each product is only located in one place
(else the customers would be confused). Constraint (4.3.3) ensures the compatibility between products
and the aisles.
The next 4 constraints ensure that the allocation of products to specific locations follows a set of logical
rules. Constraint (4.3.4) ensures that a product can only be assigned to a specific location if it is located
to the respective aisle of that location. Constraint (4.3.5) ensures that every product is assigned only to
one specific level. Like constraint (4.3.2), this rule exists to ensure the customers can easily find the
product they are looking for30, but also to make replenishment more efficient31. Constraint (4.3.6) states
that a product can only be allocated to a specific location if it is allocated to the corresponding level.
Constraint (4.3.7) is a “Big M” constraint that ensures that a number of unit loads of a product can only
be assigned to a specific location if the product is assigned to that location.
The following constraint, (4.3.8), ensures that there must be enough quantity of every product for its
demand to be met. Note that the demand is expressed in product units, thereby the need to multiply the
parameter 𝑎𝑖𝑡 (unit load quantity) for the total number of unit loads of product i in the warehouse.
There is limited capacity in each location to store products which cannot be exceed. Constraint (4.3.9)
ensures that the area of the locations are not exceeded by the sum of the areas of the unit loads
assigned to those locations. The area of the locations is obtained in the data treatment stage by
multiplying each location’s width by its length. Note that the width and length of the unit loads are not
dependent on the level as height is. Constraint (4.3.10) ensures that unit loads of products can only be
assigned to levels with a height capacity larger than the height of those unit loads. Constraint (4.3.11)

30

If a product is present in two consecutive locations and is out of stock in one of them, by looking at
the empty location, a customer can easily notice that the product is available in the next location if it on
the same level.
31 If a warehouse employee is replenishing one product at a time, by making sure every product has a
specific level, this makes the process repeatable, avoiding the need to switch handling equipment (for
example: if a product was located both in one location on the floor and on another in the 1 st rack, an
employee could start the replenishment using a pallet truck to replenish the floor location, to later
understand that he/she would need a forklift to replenish the 1st rack location, thereby making this
process more inefficient).
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ensures that the weight restrictions of the locations are not exceeded by the weight of the products that
are assigned to them.
The next four constraints define the consecutively condition used in the reward term (4.3.1b) of the
objective function. If zijkt is equal to 1 if xijkt=xij(k-1)t=1 (that is, if the product is stored in two consecutive
locations) and equal to 0 otherwise, then, zijkt can be defined by the relationship:

𝑧𝑖𝑗𝑘𝑡 ≤ 𝑥𝑖𝑗𝑘𝑡 ∗ 𝑥𝑖𝑗(𝑘−1)𝑡

(4.3.21)

Constraints (4.3.12), (4.3.13) and (4.3.114) are obtained by the linearization of this relationship. Note
that the domain of these equations is different, with k starting in 2 and not 1. This is because there is no
location before 1, so zij1t is always equal to zero, which is expressed by constraint (4.3.15).
The following 5 constraints simply define the domains of the decision variables.
This concludes the formulation of the detailed allocation model (the third and last model). The following
chapter reports the implementation of all the three models and presents the results obtained.
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5. Models implementation and Results
This chapter describes in practice the procedures undertaken to implement the formulated models.
Section 5.1 describes the data collection process, detailed for each of the three models developed.
Section 5.2 describes the implementation of the predictive model and discusses the results obtained.
Section 5.3 describes the implementation of the allocation models, namely the aggregate allocation
model and the detailed allocation model, and discusses the results obtained.

5.1. Data collection
Starting with the prediction model, the information for the areas of the stores’ SF were collected only
once since these are considered constant throughout the weeks. The weekly data for the predictive
model was collected from four IKEA databases: one database for the capacity usage information,
another for the KPI “OSA”, the third for the KPI “4+1” and the last for the remaining KPIs. This data
requires a considerable amount of manipulation due to the following factors:
▪

For the capacity usage and the KPI “4+1”, it was not possible to download the data in batches
containing data from different weeks because the capacity usage data isn’t stored at all (one
can only extract from the system the data for the present instant) and the data for the KPI “4+1”
is only available for one week. This implies that to collect data from different weeks it is
mandatory to repeat the process of downloading this data every consecutive week for the time
period that one needs to study;

▪

For the capacity usage, it was only possible to download the data for different stores if the
number of stores in the batch was less than 6 (else, there was the possibility of the system not
retrieving data for one or more stores, meaning that additional downloads were required), which
contributed to increase the total number of files that needed treatment;

▪

It is not possible to batch download data from stores in different countries, which also
contributed to increase the total number of files;

▪

In some cases, there can be found different types of data and different nomenclatures across
databases to designate things that are essentially the same (for example, in one database
stores are identified by a parameter designated by “MHS ID” which consists in an unique
number for each store, while in other database this is designated by “Store” and the value itself
is expressed as text containing a combination of the store’s number and a piece of text referring
the location of the store). In other cases, text information is different according to the countries’
languages. These nuances, apparently harmless (in some cases, a change in a capital letter
can be enough), bring additional complexity to the data treatment process as it is necessary to
identify where are these nuances and standardize everything;

▪

The export options (namely the file type) vary across databases. The CSV file was adopted
because it can be used by a variety of programs. This meant that some of the files downloaded
from the databases needed to be converted to this file format;

▪

It is not possible to change the parameters of the information one wants to download, meaning
that a lot of unnecessary data is included in the downloaded file;
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▪

Some of the data can’t be extracted directly from the database in tabular form (it is exported as
a dashboard).

It is possible to conclude at this moment that there is considerable room for improvement in this field for
the retailer, as this type of data should not be deleted and should also be standardized. Although this
would require investment on IT infrastructure, it would allow to improve decision making the Logistics
area, reduce the time spent downloading the files, and contribute to the implementation of recent
technologies such as Artificial Intelligence and Big Data Analytics, which are already used by other
retailers and can justify the monetary investment. Additionally, these databases should be
interconnected and allow the user to personalize the information required in the download, allowing
him/her to only download data that is important for the analysis, combine data from different databases
into one file, batch download data according to different criteria (batch by weeks, stores, countries,
product categories, sales locations, articles dimensions, prices, sales, etc), to specify the desired file
format and choose how the data is displayed (table, dashboard, graph, parameter as lines or as
columns, etc.).
The weekly data was collected for 10 consecutive weeks. The stores that were defined to be used were
all the stores from Portugal, Spain, France and the United Kingdom. These countries were selected
because, according to the CFF managers, these are the countries that have product ranges and demand
patterns more similar to Portugal. Not all the stores could be used because there wasn’t data on the
area of the SF for all the stores, so only the stores for which this data was available were considered.
Table 2 shows the distribution per country of the stores used:

Table 2 - Number of stores used per county to build the dataset

Country

Number of stores used

Portugal

3

Spain

13

France

22

United Kingdom

13

In total, 351 files (1,51 Gb) were collected.
The previous paragraphs refer to the data used in the predictive model. For the aggregate allocation
model, the only data needed is one of the observations for store 001 used in the predictive model. The
data for the detailed allocation model, regarding the sales locations in the SF of store 001, was created
by combining the plant of the SF, with a visual analysis of the space32, the requirements in (IKEA, 2016)
and by interviewing the CFF managers. For the information on the products, 2 of the files used in the
predictive model for week 10, store 001 were reused. Also, one additional file was included, which

32

The warehouse needed to be visually analysed in order to determine the position of each section as
it is not straightforward from the plant which sections do exist. Also, this was the only way to identify
which levels, according to the definition used in this work, are present in each section.
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contained the information on products’ dimensions, weights and type of unit loads (namely if the
products were palletized or not). This matter is detailed in sub-section 5.3.2.

5.2. Predictive model
5.2.1. Predictive model data preparation
The data for the predictive model was treated using two different software programs: Microsoft Excel
and RStudio. Microsoft Excel was used in the file containing the info for the KPI “4+1”, where a “macro”
was used to transpose a table, rename columns, remove irrelevant data and save the file as CSV. For
the remaining treatment of the data, R programming seemed a better option than Excel as it could
handle larger files, it is more user friendly than Excel’s VBA, there are readily available packages 33
online for a wide range of analysis and visualizations, particularly in the statistics and machine learning
fields, which are used later for the development of the predictive model.
The data was stored in different folders according to its content, which is what identifies each folder.
There were 6 different folders: “areas”, “capacity”, “internal handling”, “in-store damages”, “OSA” and
“stock accuracy”, each folder containing the files with the observations regarding the data that their
names suggest. The number of files per folder varied (in some folders one file could contain the
information for a given week about all the stores from its respective country, while other folder could
have information for a given week about only 3,4 or 5 stores from its respective country, being the
information about the remaining stores from that country divided by the other files in that folder). The
first step is import all these files into R and to create 6 datasets, each combining all the files from one of
the folders in on large spreadsheet, with a standard nomenclature within and between datasets (solving
the problem explained in the 4th bullet point of sub-section 5.1.1.).
Finally, an R script was developed to merge all these 6 datasets into one final dataset. In this dataset
(which is the one used for the predictive model) each line corresponds to an observation, while each
column corresponds to a variable. The first 5 lines and 10 columns can be seen in figure 11.
The column “StoreWeek” isn’t used for regression purposes but serves as an ID for each particular
observation (each observation corresponds to a specific store in a specific week). This data set is
composed by 83 columns (StoreWeek plus the 82 variables) and 481 lines (corresponding to 481
observations).

Figure 11 - Dataset (first 5 lines and 10 columns)

33

An R package is a collection of functions and data developed by independent people who share these
collections for others to use. Packages add new functionalities and improve R’s existing functions.
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By visually analysing the dataset, it was noticed that some HFBs had the particularity of being present
in the full-service only in a very small number of observations (the volume for those HFBs in the fullservice was 0 for most observations). HFBs 11, 12 and 15 apparently are not common to be found on
the sales locations of the FS. HFB 14, although frequently present in the SF, appears in extremely small
quantities. Each of these 4 HFBs were individually analysed, and the results are described in Table 3:
Table 3 – Identification and manual removal of irrelevant capacity variables

Maximum percentage of the

Number of

Number of stores

occurrences

with occurrences

11

17

2

1.06x10-4

12

17

4

2.92x10-4

14

67

7

7.33 x10-4

15

6

1

1.27x10-4

HFB

total volume occupied in the
commercial area (%)

The number of occurrences expresses the total number of observations where a volume higher than 0
m3 was observed for the HFB in the FS. But there are several observations for each store. By computing
the number of stores where the occurrences took place (third column of the table), it becomes even
clearer that it is not usual to find these HFBs in the sales locations of the FS of IKEA stores. It is now
obvious that the variables VFS11, VFS12 and VFS15 (and consequently NFS11, NFS12 and NFS15) should
be removed from the model as it is implicit that their value is constant and equal to 0 (products for those
HFBs cannot be stored in the FS). For HFB 14, a deeper analysis was conducted as the number of
occurrences is particularly high, particularly, the number of references in the FS was analysed and the
results can be seen in Figure 12.

Figure 12 - Analysis of the number of references of HFB 14 in the Full-Service

This shows that managers may, for some reason, choose to store one or two (maximum value is two)
references from HFB 14. Still, given the small volume and number of references, this is probably too
small to influence overall store performance, so VFS14 and NFS14 are also removed, which means that
there are not 82 capacity variables (as defined in section 4.2.6.), but 74.
The questions that arises next is if the observations that contained non-zero values for these variables
should be removed from the model. As can be seen on the 4 th and final column of the table, the items
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from these HFBs on the FS account for, at most, 0.000292% of the total occupied volume in the
commercial area. The effect of this percentage is assumed to be irrelevant on those stores’
performances, so the observations are maintained.
Finally, a list of 48 uniformly distributed numbers (10% of the sample size) between 1 and 480 were
generated and the corresponding observations removed from the dataset and stored. The sample size
used to generate the linear models is 432 (480-48).

5.2.2. Outlier detection and removal
5.2.2.1. Univariate outliers
All the variables (both capacity variables and KPIs) were scaled. Then, for each variable, the minimum
and maximum value were computed. The results for the variables that present a minimum value smaller
than -4 or a maximum value larger than 4 are displayed in Annex I. By looking at each of these variable’s
histogram and at the observation IDs (StoreWeek) it is possible to detect if there are particularly
problematic stores and observations. For example, in Figure13, the histogram for Nref_SF_1 can be
seen:

Figure 13 - Histogram for the number of references of HFB1 in the SF

As can be seen, the distribution has (approximately) belly shaped distribution with values ranging from
0 to approximately 325 references, except for a few observations where the number is close to 600. The
computation of the observation IDs that correspond to these values can be seen in figure 14:

Figure 14 - Observation IDs of possible univariate outliers for the number of references of HFB1 in the SF

As can be seen, all the observations that can be considered univariate outliers, for this specific variable,
correspond to the same store (239). This same store displays similar behaviours for the variables
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Nref_FS_1 and Nref_FS_7. These are what is defined in subsection 4.2.3 as extraordinary events thus
these observations are removed from the dataset, as they do not fit the objective of this work.
Observations for store 280 are also removed for the same reasons, displaying these behaviours for the
variables Nref_SF_15, Nref_SF_20, Vol_SF_20 and Nref_FS_13. It is important to note that, roughly,
the variables’ distributions either are belly shaped (with different levels of skewness) or as negative
exponential distribution. In this case, the variable Nref_SF_14 follows (approximately) a negative
exponential distribution, as can be seen in Figure 15:

Figure 15 - Histogram for the number of references of HFB15 in the SF

As can be seen, the frequency starts tending to zero at about 30 references and all the observations
with the values around the 60 references (almost twice as much references) correspond to store 280.
Observations of store 240 are also removed, for similar reasons, with the odd values in the variables
Vol_SF_10, Vol_FS_10, Vol_FS_16. The same happens for store 132, with outliers in Nref_SF_13.
Store 001 displays an odd behaviour for the variables Nref_SF_20 and Nref_FS_20. This happens
because both this and store 280 (already removed) are the only stores that keep a large number of
references of this HFB in these two commercial areas. For this reason, store 001 is removed.
The removal of this store poses a major limitation for this work, as this is the store that is characterized
in order to develop the aggregate allocation model. Du to this fact, it becomes impossible to apply the
models in sequence according to the proposed methodologies. This is discussed later in chapter 6.
Finally, store 282 presents possible outliers in week 30 for Vol_FS_1, Vol_FS_5 and Vol_FS, so the
observation for that particular week is removed.
The outliers identified so far are systematic to specific stores. Next, the analysis turns for what is defined
in sub-section 4.2.3 as extraordinary observations, which are only maintained if these are considered
valid member of the population. Store 262 presents possible outliers in Vol_SF_14 and Vol_SF_15, the
histograms for the two variables are similar and histogram for Vol_SF_15 can be seen in Figure 16 .
It was considered that these observations constitute valid members of the population as the frequencies
are not particularly isolated in the distribution (it just happens that this distribution converges slower to
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zero). The same thought process is used for all the observations with possible outliers in the variables
Vol_FS_4 and On-shelf availability. The observation corresponding to store 428 on week 27 is removed,
as it presented a value very distant from the other observations in Nref_FS_16, as can be seen in Figure
17. The observation of week 28 for store 260 is removed for a similar reason, the variable being
Vol_FS_19 and the same for week 29, store 130, with an outlier in Internal Handlings.

Figure 16 – Histogram for the Volume of HFB 15 in the SF

Figure 17 - Histogram for the number of references of HFB 16 in the FS

Lastly, for On-shelf availability and Oversell, a slightly different approach is used. These variables
present much higher positive deviations from the mean than any other. This occurs because the random
component associated is much higher and can mitigate the causal relation between the capacity
variables and the KPI (the fridge example described in Note 20, section 4.2.3 illustrates this idea). It was
decided that, instead of using the threshold of 4 standard deviations to identify outliers for these two
KPIs, a threshold of 0.2 should be used for In-store damages and 2 for oversell (to define this, the
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histograms were visually analysed and several values were tried to understand where the distribution
of values switched from a belly shaped or negative exponential to a uniform distribution). Additionally, it
is considered that, for these two variables, these observations shouldn’t be removed from the dataset if
they are not outliers in the other variables. Instead they should be treated as missing values (as if the
data was never available) and, because these are few observations compared with the total number of
observations, their values are replaced by the mean (calculated without the outliers). This implies that,
when the models are developed for this two specific KPIs, these observations do not influence
(significantly) the models, but not for the models corresponding to the remaining KPIs these
observations do not lose importance. In FIGURE 18 the histograms for In-store damages (with and
without the outliers) can be seen.

Figure 18 - Left: Histogram for In-store damages; Right: Histogram for In-store damages without univariate
outliers

It is also important to notice that there are stores that recurrently have odd values. Store 239 (which has
already been selected for removal) presents very high oversell values in 8 weeks. Store 51 appears 3
times. As for In-store damages, the recurrent store is 282 with 4 observations. It is considered that the
distribution in the right corresponds to the truly predictable values and the corresponding variabilities
(“known unknowns”) while on the left there is the presence of extraordinary events. Obviously, this
approach means that predictive accuracy is improved for most of the times, but it is lower for the
extraordinary events.
Lastly, the missing values approach is used for the KPI “4+1”. For some observations, the KPI presented
zero values which, according to the CFF managers, results from problems with either measuring or
entering the data in their systems, which according to the definition in sub-section 4.2.3. is defined as
procedural error. Again, just because there is a problem with measuring this KPI in a given observation,
that does not imply that the values from the remaining variables are not useful for the regression.
Univariate detection resulted in a reduction of the dataset to 397 observations, some of those containing
missing values for the KPIs “4+1”, In-store damages and oversell.
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5.2.2.1. Multivariate Outliers
The squared Mahalanobis distance D2 was calculated for each of the 397 observations using R, which
already contains a function to perform this calculation. The missing values are ignored when performing
the calculations (it assumes that the missing values for a given variable are equal to the mean of that
variable without the missing values, so they do not influence the D2 of the respective observations). After
this, all the values were divided by 74 (the degrees of freedom of the model).
There were two observations where this ratio was higher than 2.5: store 131, week 29 with a D2/df equal
to 2.65; store 282, week 29 with a value of 2.85. Both these observations are removed from the dataset,
and these are “unique in their combination” outliers.
The final dataset is composed of 395 observations.

5.2.3. Assumptions for the individual variables
It is not mandatory to verify the normality assumption in this case because the dataset is composed of
395 observations of each variable (almost twice the 200 observations threshold). However, skewed
distributions often contribute to heteroscedasticity, which means there is a greater probability of not
meeting the homoscedasticity requirement.
First, the KPIs variables were analysed and transformed. By making the distributions more similar to the
normal distribution, the probability of having heteroscedasticity is lower. The density plots (before and
after the transformations) can be seen in ANNEX J and the main results in Table 4:

Table 4 - Data transformations applied to the KPIs

KPI

Skewness

Transformation Used

4+1

Negative, moderate

𝑌 ′ = √98.3 − 𝑌

Internal Handlings

Approximately normal

None

In-store Damages

Positive, moderate

𝑌 ′ = √𝑌

On-shelf availability

Negative, Substantial

𝑌 ′ = log10 (97.8 − 𝑌)

Oversell

Positive, Substantial

𝑌 ′ = log10 (𝑌 + 1)

Stock Accuracy

Approximately normal

None

Now that the KPIs are closer to be normally distributed, the scatterplots are computed for each KPI
against every individual capacity variable. When heteroscedasticity is detected (when the KPI does not
display constant variance across the range of the capacity variable) the capacity variable must be
transformed. For example, as can be seen in the leftmost lower corner of Figure 19, for low values of
Vol_WH_18, the KPI34 varies between around 0 and 8, while in the uppper-range (around between 4
and 6 m3) it varies only between around 5 and 10.0 (twice as less).

34

Note that these are the transformed values for the KPI.
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Figure 19 - Heteroscedasticity in the number of references of HFB 16 in the FS.

As the KPI was already transformed, that means that the capacity variable must also suffer a
transformation. This process is repeated for all the capacity variables that, when plotted against the KPI
display signs of heteroscedastic behaviour. The table in Annex K summarizes these transformations.
Note that by looking at the density plot of the KPI 4+1, in the picture named as “FourOne”, it can be
seen that the distribution is still not perfectly normal. When performing these transformations, it is very
unlikely to find optimal solutions. Thereby, although this solution is not optimal, it is still far superior than
the original distribution for the modelling purpose.
5.2.4. Correlation analysis
RStudio already has a built in stepwise selection function in order to select the best predictor variables
for the linear models. However, there is the problem with multicollinearity, as described in subsection
4.2.6 The correlations between all the individual variables (already transformed) were calculated.
Because in this case the dataset was very wide (i.e. a large number of variables was used) it was not
practical to analyse this correlation one by one. The R package “CCA” was downloaded which included
a function that was capable of generating a heat map with the correlations. The heat map can be seen
in Figure 20.
The heatmap illustrates the correlations between every possible pair of variables and is divided in the
“X correlation” (where the correlations between every pair of capacity variables is illustrated), “Y
correlation” which is analogous to “X correlation”, but for the KPI variables and, finally, “Crosscorrelation”, which contains the correlations between all the possible pairs of capacity and KPI variables.
The values ranging from -1 to 1 in the scale on the bottom are the values of the correlation coefficient
R2. It can be concluded that red and blue indicate significant degrees of correlation, whether positive or
negative, and green indicates weak or inexistent correlation.
By analysing the “X correlation” heatmap, it can be concluded that there is a very high level of
multicollinearity between the capacity variables. This result is not unexpected as typically the quantities
and variety of each HFB should bear some kind of proportionality to the warehouse size (a larger
warehouse has more variety and larger volumes for every HFB). There is also a lot of blue in the areas
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Figure 20 - Heatmap of the correlations between variables

where the capacity variables regarding the SF are negatively correlated with the capacity variables
regarding the FS, which is also not unexpected, as warehouse managers either store most of an HFB’s
products in only one of the two areas.
The “Y correlation” heatmap is of less importance in this case because the interaction between Y
variables is not considered. However, it is important to notice the correlations in yellow and in blue.
Although these are not strong enough so that one KPI can be used as a reliable predictor for the other
one, they should be analysed as they can contribute with qualitative information. The conclusions that
can be drawn at this stage are:
-

The blue square shows a negative correlation between the KPIs “4+1” (1 st row/column) and
“oversell” (5th row/column), suggesting that stores with a faster picking service are less likely
to sell products online that they do not have in stock;

-

The yellow square shows a positive correlation between the KPIs “In-store damages” (2nd
row/column) and “stock accuracy”. In other words, in stores where in-store damages are
more to have more accurate stock records.

There is no evidence for more conclusions to be taken from this relationship.
Lastly, the “Cross-correlation” shows that are at most two KPI with significant linear relationships with
the capacity variables. On the first row, the KPI “4+1” and on the 5 th, the KPI “oversell”. As for the
remaining 6 KPIs, if there is any relationship with the capacity variables, it is not linear. This heatmap is
perhaps the most useful to be analysed as it allows to exclude some of the KPIs from the analysis, as it
is highly unlikely that linear regression can be used to make prediction for the KPIs that present very
low correlation levels in this heatmap. Consequently, KPIs “Internal Handlings”, “In-store damages”,
“On-shelf availability” and “Stock accuracy” are removed from the analysis, and the only KPIs that are
kept are “4+1” and “Oversell”.
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5.2.5. Predictive model results
The first linear model to be produced was the linear model for KPI “4+1”. First the algorithm described
in sub-section 4.2.6. was ran with the following parameters:
▪

T = 0.9

▪

t = 0.5

▪

i = 0.005

The algorithm ran for every value of T between 0.5 and 0.9 with increments of 0.005 and returned 18
different linear models that can be seen in ANNEX L. The top 3 models from the results table can be
seen in Table 5:
Table 5 - Top 3 linear models for KPI 4+1

Model

Tolerated R2
between
independent
variables

Model’s
overall R2

Model’s
adjusted R2

VIF

Number of
independent
variables
included

1

0.800

0.723

0.703

8.419

26

2

0.785

0.720

0.701

7.057

24

3

0.760

0.712

0.690

8.742

27

Note that Model 1 has less variables than Model 2 but has a higher adjusted R2 value. It was decided
that Model 1 should be selected because it presents the highest adjusted R2 value which is just 0.699,
so selecting a model with a lower value only because it would have less variables would mean to
sacrifice the amount of variance that can be explained, which for Model 1 is already not that good (the
overall R2 is 0.72, meaning that approximately 28% of the variance in the sample used to generate the
model cannot be explained by the regression). The results for model 1 can be seen in Annex M Note
that in this table, the values for the regression coefficients are the values for the transformed version of
the variable. This procedure was repeated for the KPI oversell. As the highest adjusted R2 of all the 12
models generated for this KPI is only 0.49, it can be concluded that multivariate regression with the
dependent variables used does not provide a good prediction for this KPI.
Next, the density plot for the predicted values and the Quantile-Quantile plot for the KPI “4+1” are
analysed in order to verify the regression assumptions. These plots can be seen in Figure 21.
As can be seen the model’s residual errors (which measure the differences between the predicted and
the actual values of the dependent variable) are approximately normally distributed with 0 mean. The
QQ plot compares the quantiles of the distribution of the predicted values with the quantiles of a normal
distribution. As the points in the QQ plot are approximately situated in the straight line, it can be
concluded that they are normally distributed. The values in the end of the line that show for extreme
values of the KPI the model presents larger errors. There is no problem with these deviations as the
values for the KPI range between 0 and 100, but the domain for the linear model is not restricted, which
means that the model can predict values smaller than 0 and larger than 100, which justifies the errors
in the extremes of the line. To correct this effect, all the predicted values above 100 are set to exactly
100 and the predicted values below 0 are set to exactly 0. Of course, this is a limitation of the model
which is later discussed later in chapter 6.
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Figure 21 - Assessment of the regression assumptions for KPI 4+1: Left – probability density plot of the residuals;
Right – Quantile-Quantile plot

Next, the statistical significance of the overall model and the regression coefficients is evaluated. The
F-statistic’s significance level is calculated automatically by R and in this case it is smaller than 2.6 ∗
10−16 , which means that the model’s overall statistical significance is confirmed. In the case of the
regression coefficients, as can be seen in annex M, only 4 of the regression coefficients have a statistical
significance level larger than 0.05, which means that for the remaining coefficients, there is at least a
95% chance that they do contribute to explain the variance in the KPI. Returning to the 4 that are not
statistically significant, they were included in the model by R’s stepwise procedure because they do
appear to contribute to explain the variance in the KPI. The fact of them not being statistically significant
only means that there is not enough evidence (with the sample used) to prove that they are relevant.
Still, there is also no evidence that these variables have no influence on the KPI, so they are kept in the
model.

5.2.6. Predictive model validation
In order to validate the results of the predictive model, the test sample is used. Using a built-in R
command, the prediction is made automatically. The results of the prediction were then transferred to
an Excel file. As the KPI was transformed, the inverse function of the function used to transform the KPI
is applied to the predicted results, thereby generating the predictions for the untransformed KPI. The
average deviation between the predicted values and the observed values is -1.235. This was expected
as the mean error should be close to zero as dictated by the regression assumptions. The average of
the absolute value of the all deviations (which is of course more relevant because one can grasp for
how much the model typically fails) is 10.73. The maximum value of the absolute deviation for the test
sample is 73.10. However, the test sample contained observations from stores that were excluded from
the model in the outlier detection stage. If these stores are not considered, then the average deviation
35

By this point, it is important to remember that the KPI is measured in a scale of 0 to 100, which means
that 1.2 is a very small deviation.
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is -2.18, the average absolute deviation is 10.25 and the maximum deviation found is 33.25. Because
this is still a large value, it was assessed which percentage of predictions resulted in absolute deviations
lower than 10, which corresponded to 54% of the predictions. These results are commented in Chapter
6.
5.2.7. Predictive model’s results discussion and limitations

From the 6 KPIs chosen, 5 were removed from the analysis: 4 just by analysing the correlation coefficient
between the 76 capacity variables considered (82 – 6 that were always 0) used and the 6 KPIs chosen;
1 because the best linear model found had an adjusted R 2 lower than 0.5. It is important to recall that
this work only approached linear relationships between variables. It seems fair to assume that multiple
regression with these capacity variables cannot be used to predict those 4 KPIs. However, this does not
mean that alternative methods, namely non-linear methods or multiple regression with some of the
variables transformed with a quadratic or higher power functions (to account for curvilinear
relationships).
There is a problem with the variables regarding the areas of the SF and FS of the stores. Although these
have proved to be relevant variables to be included, they could probably be improved. As these
correspond to the total floor area of the warehouses, they can be misleading, because the dimensions
of the cross aisle (and hence the floor space actually occupied by the racking) may vary significantly
from store to store.
No clustering algorithms were applied. It is common in these types of problems to use some clustering
technique to group the observations and to build regression models for each cluster, which can yield
more accurate predictions as each model is specialized in observations with some common types of
characteristics. In this case, it would be possible to group the stores based on some factor (e.g. Area of
the SF, Area of the WH or the sum of the two areas) and apply linear regression to the individual clusters
of observations. However, the available number of observations was undoubtedly small: the final
number of observations used to build the model were 395, which means that the ratio of observations
to variables was 5.13:136, when according to (Hair et al., 1979), the value of this ratio should be higher
than 20:1, given that a stepwise selection procedure is used. If clustering was used, these ratios, for
ach regression, would be even lower and probably the models generated and most of the regression
coefficients would not be statistically significant.
The model generated for the KP “4+1””, although it still presents absolute deviations from the observed
values up to 33.25% and a mean deviation of 10.25%, is statistically significant and so are most of its
regression coefficients. This means that, although the predicted value of the KPI cannot be trusted, the
models provides a valuable insight: the sign of a statistically significant regression coefficient provides
information on the impact of the respective variable on the KPI. For example, if a capacity variable’s
correlation coefficient’s sign is negative, then it is reasonable to assume that capacity variable influences
negatively the KPI.

36

395 observations to 77 variables (76 capacity variables + 1 KPI)
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It is also interesting to notice that the KPI that showed the highest potential to be predicted by the use
of the stores’ capacities was a KPI that measures picking times. This is consistent with the fact that most
of the operations research literature on warehousing focuses the capacity management problems on
optimizing either the picking distances or times.
Lastly it is important do notice that the model’s R 2 is 0.723, which means that it can explain 72.3% of
the variance in the sample used in the regression. This means that there is still 27.7% of variance
unexplained which can be attributed to two different factors: randomness or some factors that were not
included in the model. It might be that the capacity variables used are not enough to accurately predict
the KPI, and that there are other causes for its variation. This means that it might be possible to achieve
even higher predictive accuracy if other factors that might have a relevant influence on the KPI are
included in the model. This applies not only to the model for the KPI “4+1”, but also to the remaining 5
KPIs that were excluded from the analysis.

5.3. Allocation models
5.3.1. Aggregate allocation model
5.3.1.1. Aggregate allocation model implementation
In order to stipulate the upper and lower bounds for the model’s the data from store 367 (Alfragide) was
used (store 001 wasn’t used as it was removed when its observations were classified as outliers). A
random day was picked, and it was considered that the values for the capacity variables were the defined
range. A dataset was built which contained the lower bound values (99% of each capacity variable,
rounded to the nearest integer) and the upper bound values (101% of each capacity variable, rounded
to the nearest integer). Only the capacity variables that are included in the predictive model were
included. After this, the respective transformations were applied to every value. By this stage one has
to be careful in defining which values to consider as lower and upper bounds for each variable. This is
because, for some variables, because of the transformations applied, higher values of the variable imply
lower values of its transformed version. This is what happens, for example, to the variables that were
transformed using the transformation 𝑌 ′ = √𝑘 − 𝑌. The upper bound for the model must be set to be the
highest value of the transformed variable and the same principle applies to the lower bound. This is only
correct, of course, if the transformations used are injective functions, which is the case.
It is important to notice that although there is only one parameter in the formulation of the model, defined
in the formulation as β0, the variables “Area_SF” and “Area_FS” were chosen as predictors, and thereby
are included in this model, but in reality these cannot vary (it is not possible to change the area of the
warehouse). In order to model this situation, these were still modelled as variables but their lower bounds
in the constraints were set to the same values as the upper bounds (that is, the 99% and 101% rule
were not applied), which means the model does not change their values.
The predicted value for the KPI “4+1” after the optimization is 76.52, which is considerably higher than
the observed value (67.79) The computer’s characteristic and the model’s statistics can be seen,
respectively in Table 6 and Table 7.
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Table 6 – Computer used to run the aggregate allocation model

Operating System

Windows 10 64-bit

Processor

AMD A6-9220 RADEON R4 2.5GHz

RAM

8,0 GB

Number of CPU cores

5

Table 7 - Statistics for the aggregate allocation model

Number of constraints

53

Number of variables

27

Optimal solution?

Yes

Iterations

0

Computation time (seconds)

0.015

5.3.1.2. Aggregate allocation model’s results discussion and limitations
The model was formulated as a single objective LP. In reality, because the objective function is just the
sum of the capacity variables multiplied by the regression coefficients, this means that the model simply
sets the capacity variables to either the allowed lower bounds (in the case of the capacity variables with
negative regression coefficients) or to the allowed upper bounds (in the case of the capacity variables
with positive regression coefficients).
This model could be of more interest if more than one KPI was used, making it a multi-objective
optimization problem.
As for the result of the optimization, although it appears better than the observed value, that apparent
improvement can be explained by the weak predictive accuracy of the predictive model. In fact, the
difference between the predicted and real values is similar to the average absolute deviation of the
predictive model, so it cannot be concluded that this approach would optimize the KPI.
Nevertheless, if the predictive model had been proven to have a very high predictive accuracy, then the
results of this model would certainly be of use.

5.3.2. Detailed allocation model
5.3.2.1. Data preparation
The definition of the sales location started with an AutoCAD plant of the SF from store 001. Then, the
warehouse was visually inspected. Every aisle was classified according to its depth (EUR, IKEA or IKEA
XL). Then, all the sections were numbered and individually analysed in order to understand which levels
each one had present and also to eliminate some sales locations that were being used only to display
products a or to store very specific products that are not included in this work 37. The result from this

37

There were some areas of the rack where there was no level 10, used to store very large sheets.
These were not included because the locations have these characteristics because of those particular
65

analysis can be seen in Annex H. An existences matrix was then created, where the rows corresponding
to the 42 aisles and the columns to the 120 possible locations per aisle 38. The matrix was composed of
ones and zeros (1 for the existing locations and zero for the inexistent ones). Then the information in
(De Jong & Smeets, 2008) was analysed in order to understand the space and weight restrictions of the
different types of sales locations. Table 6 summarizes these findings. The elements of the existences’
matrix were multiplied by the respective Areas, and a matrix with the same dimensions as the existences
matrix was created, containing the space capacity of all the existent locations, with zero values for the
inexistent locations.
Next, using AutoCAD, the distances are estimated for each section. As mentioned before, the sales
locations distance increment is considered to be the measure of the straight line, between the edge of
the green shape that can be seen in Annex H and the centre of the location’s section, measured in the
perpendicular direction to the green shape’s edge.
Table 8 – Sales locations’s capacities

Area (m2)
Level

Height (m)

Maximum
weight (kg)

EUR aisles

IKEA aisles

IKEA XL aisles

1

4,35039

6,670

7,54

1,325

No limit

2

3,480

5,365

5,8

0,825

750

3

3,480

5,365

5,8

0,625

375

4

3,480

5,365

5,8

0,625

375

5

3,480

5,365

5,8

0,375

375

6

3,480

5,365

5,8

0,375

375

After the sales locations are defined, product information needed to be prepared. First a table was
prepared with all the products that were in the SF’s aisles on a random day. The information was
collected from three different files on 2680 different products and the final table contained the following
information for each product:
-

Article number – the identifier the product;

-

Article’s demand – the demand in product units for each product40;

-

Palletization – Parameter equal to 1 if the product is palletized and 0 otherwise;

-

Pallet quantity – the number of product units per pallet;

-

Article’s dimensions – the dimensions (length, width and height) of each product;

products, which means that their locations are always fixed, thereby it would be irrelevant to include
them in an allocation algorithm.
38 The largest aisle is aisle 1 and has 20 sections. There are 6 possible levels to be present in each
section. There are 120 columns as this number corresponds to multiplying the 20 sections by the 6
possible levels.
39 Note that the areas in level 1 (floor) are larger than the remaining level. This is because on the floor
locations there is an addition space in the back of the location (that separates the aisles that are
positioned back-to-back) that can be used.
40
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-

Pallet’s dimensions – similar to the previous, but for whole pallets;

-

Article’s weight;

-

Pallet’s weight;

Next, a new parameter for each product was created, aisle type (EUR, IKEA or IKEA XL) based on the
product units’ dimensions: product with a length smaller than 1.05 meters were defined as EUR
products, products with a length larger than 2.00 meters were defined as IKEA XL products and products
with a length in between were defined as IKEA products.
The following step consisted of defining the fictitious unit loads. For palletized products this was not
done. For unpalletized products, the length of the respective aisle (EUR – 1.05, IKEA – 1.85, IKEA XL)
was used to define the number of products that would fit in length in the locations of the respective
aisles. The length of the product was divided by the length of the locations of its respective aisle and
rounded down to the nearest integer, resulting in the maximum number of products that could fit in length
in a location. After this, the same was done for height, but now six times, one for each level (because
each level has a different height capacity). By multiplying these two results, a new parameter was
created, the unit load quantity (of course that, for palletized products, this quantity was defined as the
pallet quantity). Also, it was possible to calculate the fictitious unit loads dimensions by multiplying the
number of products that fit in length by the product unit’s length, and the analogous for height. Finally,
the fictitious unit load’s weight was calculated by multiplying the fictitious unit load’s quantity by the
weight of the product unit. Lastly, the area occupied by the unit loads was obtained by multiplying the
length of the unit load by its width (both for the pallets in the case of the palletized products, as for the
fictitious unit loads for the unpalletized products).
To conclude the data treatment, every product for which there was missing data (namely on the
product’s/pallet’s dimensions and weight) was removed from the dataset. After this the final dataset
contained the information on 2395 products, which means that 285 products were left out of the analysis.
Both the information on the locations and on the products is complete. The last step was to prepare the
information that concerns the interactions between the locations and the products. A compatibility matrix
was built to express the compatibility between each of the 2680 products with the 42 aisles. The matrix
elements take the value of 1 if the product’s aisle t ype matches the aisle41 and zero whenever this
condition is not met.

5.3.2.2. Impletementation in GAMS and results
The mixed-integer formulation was implemented in GAMS and the solver used was CPLEX. The
computer used in the optimization has the characteristics displayed in Table 9. GAMS stopped even
before finishing reading the data because of memory shortage, which implied that a different approach
had to be used.
In order to shorten the amount of data used in each run, the problem was divided into four-sub problems.
The objective of this division was to divide the products into four groups, so that the software needed to

With exception of the combination “IKEA product + IKEA XL aisle”, which was also considered as
possible.
41

67

Table 9 – Computer used to run the detailed allocation model

Operating System

Windows 10 64-bit

Processor

Intel(R) Xeon(R) CPU X5680 3.33GHz

RAM

24,0 GB

Number of CPU cores

16

read less data in each run. In order to divide the products into sub-groups an ABC analysis on the
products was conducted.
The products in the original dataset were reorganized in descending order of demand (in product units).
Thresholds for the cumulative percentage of the demand were defined and the division is the one
presented in Table 8.
This posed another problem, regarding the definitions of the capacity constraints, namely the constraints
for the weight and space limit of the locations. To allocate the B products after the A products allocation
it was necessary to ensure that part of the capacities of the locations had been already consumed before
the allocation of the B products. Two equations were included in GAMS after the formulation of the
model for the A products. The first equation ensured that the space capacity of the locations after the

Table 10 - ABC Analysis of the products

Cumulative
Category

percentage of total

Number of products

demand

Percentage of
products

A

70%

666

28%

B

20%

773

32%

C1

7%

512

21%

C2

3%

444

19%

allocation of the A products is equal to the original space capacity minus the already occupied space for
the A products. The new values for the space capacities r jkt were then exported to a new excel file to
serve as input of the B allocation. For the weight capacity, it was first defined for the A products as ft,
but as every location had a specific weight capacity consumption with the allocation of A products, the
new weight capacity was defined as ft minus the occupied weight capacity after the allocation of A
products, which means the new weight capacity was transformed into a three-dimensions parameter,
fjkt. These two new considerations apply also to the transitions from the allocation of B products to the
allocation of C1 products and from the allocation of C1 products to C2 products. The model’s formulation
for the allocation of B, C1 and C2 products suffered a modification relative to the formulation for A
products. The weight constraint for the allocation of A products is defined as:
𝑛

∑ 𝑞𝑖𝑗𝑘𝑡 𝑒𝑖𝑡 ≤ 𝑓𝑡 ∀𝑡 = 1, … , 𝑣

(4.3.11)

𝑖=1
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As f suffers the referred change, the formulation of this constraint for the allocation of B, C1 and C2
products is the following:
𝑛

∑ 𝑞𝑖𝑗𝑘𝑡 𝑒𝑖𝑡 ≤ 𝑓𝑗𝑘𝑡 ∀𝑗 = 1, . . . , 𝑚, ∀𝑘 = 1, . . . , 𝑝, ∀𝑡 = 1, … , 𝑣

(5.3.1)

𝑖=1

For practicality, GAMS was first set to run for at most two hours. GAMS ran for A products and the
problem was infeasible. The restriction that caused the problem to be infeasible was the restriction that
stated that each product should be assigned to a single aisle:
𝑚

∑ 𝑏𝑖𝑗 = 1 ∀𝑖 = 1, . . . , 𝑛

(4.3.2)

𝑗=1

As it turns out, in this particular case, there is no allocation that allows for this rule to be verified. Due to
this, this constraint was removed from the model. The reward on the objective function parameter
mitigates the negative effect that removing this constraint causes, but does not work as an imposition,
which means that there might be products that are allocated to different aisles.
Next it was necessary to define the values for the parameters α and β. In order to ensure that the optimal
solution would always minimize the amount of sales locations per product (β term penalization) and
ensure that if a product is allocated to more than one location, then those are consecutive locations (α
term reward), the following rationale is used:
-

As the distance in the objective function is calculated by summing the multiplications of the
location’s distances by the respective quantity of product units. One way to ensure that the soft
constraints are respected by the model is to ensure that a penalization for a location/product is
at least as big as the largest increment to the objective function that a combination of product
and location can produce. As the location that contributed to the largest distance increment
presented a distance of 54.5 m, then the parameters should at least be set to a higher value. It
was decided that the minimum value for the parameters would be 55.

-

Next, it is more important that space is optimized than products are placed consecutively (else,
the model would tend to overspread the unit loads of each product). To ensure that this is not
the case, the data was analysed. By looking at each products’ unit load quantities on level 5 (or
6, because these are the same) it is possible to understand what is the maximum number of
unit loads of each product that can be considered, by dividing each products demand by these
unit load quantities and rounding up to the nearest integer. The product that would require the
largest number of unit loads if it was assigned to levels 5 or 6 would require 60 unit loads in
order to fulfil the demand restriction. This means that, if those unit loads were spread through
60 consecutive locations the objective function would be rewarded 59 times just for that product.
Given this result, it was decided that α should be 60 times larger than beta.

-

Multiplying the penalization and reward by the allocated quantity (as is the case of the travelled
distance portion of the objective function) is not possible as the model would not be linear, so
the alternative (which is what is in the formulation) is to multiply by the demand. As the quantity
in a location might be higher than the total demand for some products (for example, a palletized
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product with a demand of 1.2 pallets would result in the allocation of two pallets of the product),
it is necessary to ensure that these parameters are still valid for this situation. As such, each of
the parameters should be at least twice as higher than what has been stated. As such, the
parameters were defined as α=55 m and β=6600 m.
The model ran for 7200 seconds and the model’s statistics are presented in Table 9:
Table 11 – statistics for the detailed allocation model

Computation time (s)

7204.77

Optimal solution

- 3,735,925

Solution found

67,461,026

Number of iterations

1,647,204

Relative gap

100%

Number of rows from reduced LP

823,944

Number of columns from reduced LP

548,216

Number of non-zero entries from reduced LP

2,363,666

The total distance that customers would need to travel to consume all the products in the SF was also
computed and its value is 1,349,155.5 m. The file with the allocation was then inspected in order to
understand the extent to which the soft constraints worked as supposed.
As the optimal solution wasn’t reached, the results present some limitations. For the 666 A products the
model allocated 1,472 locations. The model used practically every aisle to allocate products (40 aisles
were used), but only 3 levels (t1, t2 and t5). 64 products had unit loads allocated to more than one
location. For those products, in 29 cases each products’ unit loads were assigned to a single aisle and
in 13 cases the unit loads of each product were assigned to consecutive locations.
After this, an attempt was made to allocate the B products and the problem was integer infeasible.

5.3.2.3. Detailed allocation model’s results discussion and limitations
Overall, the results of the aggregate allocation model are inconclusive.
There a set of problems related to the data used that can influence the results. The first is the definition
of the length, width and height measures for the products. Although this data was available, there was
no certainty on the position of the products on the shelves, which means that for some products the
height, length and width considered might not reflect their true placement position on the sales locations.
The demand of the products is another problem. Because there was no available data on the demand,
a parameter, defined by the retailer as the appropriate quantity of the product to store in each location,
was used as the demand. The problem with this approach is that the retailer’s parameter already
accounted for the expected demand of the products and probably surpassed it. The model is formulated
so that each product has at least enough quantity in its assigned sales locations in order to satisfy the
demand, but as mentioned, in practice the quantity assigned was such that it was at least as large as
the retailer’s parameter. This means that the real demand might have been too largely surpassed in the
quantities assigned.
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There are two plausible reasons to explain this infeasibility:
-

The way that the demand was calculated might be responsible by the allocation of excessive
quantities to the products. The parameter that was defined here as the demand was, in fact, a
quantity that the retailer calculates as the quantity that should (according to its procedures) be
on the shelves. In calculating this quantity, it is possible that the retailer already accounts for
possible variations in demand, which means that the parameter should be higher. As in the
formulation integer numbers of unit loads are allocated in such a way that the retailers’
parameter is exceeded, it is possible that the true demand is by far exceeded and that the
capacity of the warehouse is consequently being exceeded too.

-

Another explanation has to do with the fact that the model, by allocating the A products, might
allocate too many products for example to the locations of the level t1, making it impossible for
the B products that can only fit in height in those locations to find available space. Maybe some
A products that could be stored in levels with lower height capacities are taking the needed
space for the higher products from the B category.

The limitations of this model are discussed in chapter 6.
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6. Conclusions
This chapter contains the main conclusions that were achieved with this work, presenting the relevant
information that the dissertation produced. Section 7.1 briefly reviews the work developed throughout
the whole process and compares the objectives that were first set with the final outputs. Section 7.2.
contains some suggestions for future work that could enhance this study and presents a set of
recommendations for the company.

6.1. Review of the dissertation
The retailer uses proprietary capacity management tools and human expertise in order to manage the
capacity usage in its stores. There were two areas with room for improvement: i) the macro allocation
problem, which consists in defining the appropriate variety and volumes per product category and HFB
and knowing the impacts of the allocations; ii) the micro allocation problem, or detailed allocation, which
consists in assigning sales space to each individual product, in particular in the self-service warehouse,
in order to improve the customers’ experience.
In order to tackle this problem with a holistic perspective, a methodology was proposed that consisted
of three models that could allow the solution of these problems in an interconnected way, where each
models output would produce the results that would allow the retailer to manage the whole process of
capacity allocation.
A characterization of the company was made in order to better understand the company’s strategy and
processes, so that the final output could better fit its objectives. After this, relevant literature on retail
stores and on warehousing was made in order to understand the best tactics to address the problem. A
methodology was proposed supported on three models that were implemented using MS Excel, RStudio
and GAMS.
The overall objective of the thesis, which was to implement the methodology and to solve the retailer’s
problem was not fulfilled. However, the methodology and the models developed can serve as a base
for future work on the subject. The data was successfully treated and integrated in the models and a
clearer understanding on retail store and warehouse logistics was achieved, both with the case study
and the literature review. The exact solution procedure adopted for the detailed allocation model proved
to be inefficient to solve the problem due to the high computation times and memory required for the
dimension of the data used.

6.2. Future work
6.2.1. Research
As it wasn’t possible to fully apply the methodology as the store used for the first two models was
different from the store used for the last two models, it would be interesting to apply the proposed
methodology, that is, the sequence of models (regardless of the formulation of the individual models) to
a new case-study and compare the results obtained with the methodologies used by the practitioners.
The predictive model, using the same types of capacity variables, could be applied to a new case-study
with more data, in order to allow to apply clustering methodologies and to include non-linear
relationships in order to achieve higher levels of predictive accuracy. It would also be relevant to test
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the evolution of the model’s results when the amount of available data periodically increases. One of
the main potentialities of the predictive model is that it can always yield better results the more data is
fed to it.
For the aggregate allocation model, it would be relevant to have more than one KPI to optimize and to
model the problem as a multi-objective MIP. Multi-Criteria Decision Making could be used to assign
weights to each KPI, and the model could produce solutions according to the decision makers’
preferences.
Lastly, the detailed allocation model could be reformulated, namely the definition of the fictitious unit
loads. The way these are defined in this work caused an over dimensioning of the needed quantities to
store. Instead of using the sales space quantity defined by the retailer, it would be more interesting to
calculate the necessary quantities. For that, a product activity profile should be carefully developed to
study the demand variability. In this way, data based statistics could be developed to compute average
demand and standard deviation of demand. With this information, one could define a stock quantity in
sales location that ensures that during the opening hours of the store no replenishment is required. For
example, allocate stock quantities equal to the average daily demand plus one standard deviation or
more, if one wishes to ensure that more products are not replenished during the day. Also, the objective
function has significant room for improvement. In this work, the distance was calculated by multiplying
the quantity allocated to each location by the location’s distance. Although in most cases this quantity is
proportional to the products’ demands, the most correct procedure would be to multiply the demand
(which corresponds to the real number of picks) by the locations’ distances. However, a problem arises
for the products that, for the products that need more than one location, to accurately model the travelled
distance it would be needed to know the fraction of the demand that would be met by each location
where a product is located, which is practically impossible. A good approximation should be to consider
that each location satisfies the total demand for the product divided by the number of locations to which
it is allocated to. There is a consequence of this approach: the model would be non-linear, as a
parameter would be divided by a decision variable. This means that, to accurately model the problem,
it should be formulated as a Mixed Integer Non-Linear Programming problem. Finally, there is the
problem with the computational capacity required to handle the large amount of data required and to
solve the system of equations that is generated when the number of products is high as in this case.
Maybe a heuristic procedure would produce more practical results than the exact method that was used.

6.2.2. Insights for the retailer
In order to develop the predictive model, the retailer shared data from the stores of four countries, after
receiving authorization from the global responsible (IKEA of Sweden). This was a special case where
this data was made available, as typically each country can only access the data from the stores within
its borders. This causes major limitations for countries that want to make analysis or produce tools based
on benchmarking with high performing stores from throughout the world. If this data was made available,
these limitations could be suppressed and innovation within the countries’ logistics departments would
be incentivize, which could result in methodologies, tools and analysis that could later be shared with
the other countries in order to increase the overall global performance.
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Still regarding the data, there are some data quality problems: the data is spread through different ERPs,
where sometimes the same variables have different values or nomenclature, which makes the data
treatment for the analysis very time consuming. Another problem identified is that some of the ERPs are
not flexible regarding the downloads, which means that a lot of unnecessary data needs to be
downloaded every time one needs to make an analysis, the file formats sometimes cannot be adaptad
and there is even data that is not available in straightforward tabular form (sometimes it is only available
in dashboards). In order to take advantage of the data driven approaches that are becoming more
popular in logistics, an effort by the retailer’s side should be made into structuring their ERPs so that the
data flows could be made smoother and maybe centralize all the data in a single platform. There is also
a lot of incorrect or missing data in the system (more than 10% of the products were removed from the
SLAP analysis because of this fact). The fact that the data on the sales locations’ usage can only be
consulted or downloaded at present moments made the data collection for the predictive model very
time consuming. Because the sales locations usage is dynamic, it is impossible to store the information
on their utilization in every moment, but an effort should be made in order to store at least a
representative part of the usage information, for example, store the data the sales locations usage in a
moment in the beginning of each week or day. As a title of example, if this work used the data of 40
stores and the information of the sales locations’ capacity usage were available for every week in the
time of two years, then there would be 4,160 observations to include in the model. Not only this, but it
wouldn’t be necessary to make timely data extractions every week.
Regarding the detailed allocation model, one major limitation is that it wasn’t possible to ensure that
products that are typically bought together are stored in locations close to each other. This wasn’t
possible to include because the retailer doesn’t store (or at least it wasn’t available to the logistics
department) the invoices data that could give an understanding on these facts. Not only this wasn’t
available, but the data on products that are almost exclusively bought together (e.g. a cabinet and its
compatible shelves) is also not available. In order to optimize the customer experience by minimizing
their time looking for the products, this data should either start to be stored or to become available to
the logistics managers. Actually, this is already done by the retailer, but it is based on the employees
‘experience and perception on the demand patterns. Still, a more data driven approach should bring
new insights that can’t be detected only by human judgement.
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Annexes
Annex A

Figure 22 - Storage in shelves

Figure 23 - Bulk storage in containers

Figure 24 - Pallet storage on the store's floor

Figure 25 - Rack storage
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Annex B

Table 12 - IKEA's Home Furnishing Businesses

HFB

Description

01

Living room seating

02

Store and organise furniture

03

Workspaces

04

Bedroom furniture

05

Beds and mattresses

06

Bathroom

07

Kitchen

08

Dining

09

Children's IKEA

10

Lighting

11

Bad and bath textiles

12

Home textiles

13

Rugs

14

Cooking

15

Eating

16

Decoration

17

Outdoor

18

Home organization

19

Secondary storage

20

Other Business opportunities

21

IKEA Family
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Annex C

Table 13 - IKEA's commercial areas

Store Area

Commercial Area

Market Hall

Entrance

Market Hall

Bath

Market Hall

Bed Textile

Market Hall

Cooking & Eating

Market Hall

Decoration

Market Hall

Home Organisation

Market Hall

Home Textile

Market Hall

Lighting

Market Hall

Rugs

Market Hall

Glass House

Self-Service

Furniture Area

Self-Service

Activity Areas

Full-Service

Warehouse

Showroom

Children’s IKEA

Showroom

Kitchen Accessories

Showroom

IKEA Family
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Annex D

Figure 26 - Dashboards with the weekly logistics KPIs of two portuguese IKEA stores
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Annex E

Figure 27 - SLAP restrictions and considerations by paper (retrieved from Reyes et al., 2019))
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Annex F

Table 14 - Classification of relevant SLAP papers

Paper

Restrictions and
considerations

Performance
measures

Resolution methods

(Chiang et
al., 2014)

Capacity; association

Travel distance

Data mining

(Boysen &
Stephan,
2013)

Capacity; association

Travel distance

Dynamic programming

(Guerriero et
al., 2013)

Capacity; association;
demand, sales and
rotation

Storage costs;
cost of recovery

Meta-heuristics; Mixed Integer Linear
Programming (MILP); Non-Linear
Programming

(Chang et
al., 2010)

Capacity; association;
demand, sales and
rotation

(Kim &
Smith, 2012)

Capacity; correlation;
demand, sales and
rotation

Travel time

MILP; Simulated Annealing (SA)

(Kovács,
2011)

Capacity; correlation

Order cycle time

MILP; class-based policy

(Bindi et al.,
2009)

Capacity; correlation

Travel distance

Correlation-based assignment policy

(Manzini,
2006)

Capacity; correlation

Storage costs;
cost of recovery

(unknown)

(Fumi et al.,
2013)

Capacity; compatibility

Number of
spaces

Random-based policy; Duration-ofstay based policy; Discrete events
simulation; Multi-product optimization
heuristics; Binary programming

(Ene &
Öztürk,
2012)

Capacity; compatibility

Travel time

Class-based policy; MILP; Pareto
borders; Genetic algorithms

(Chen et al.,
2010)

Capacity; compatibility

Travel time;
equipment and
workers

Duration-of-stay based policy; sharedbased storage; MILP; Multi-stages
procedures; Taboo search;

Travel distance
MILP
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Annex G

Figure 28 - Data transformations for homoscedasticity (retrieved from (Department of Biology of Bates College, 2008)
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Annex H

Location’s
characteristics

Figure 29 - Warehouse layout and characterization of Self-Service sales locations of store 001
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Annex I

Table 15 - Minimum and maximum deviations in standardized variables

Variable

Min

Max

Nref_SF_1

-1.50

4.77

Nref_SF_13

-0.58

4.97

Nref_SF_14

-0.99

4.16

Nref_SF_15

-0.90

4.49

Nref_SF_20

-0.30

5.1

Vol_SF_10

-1.17

4.75

Vol_SF_14

-0.77

4.81

Vol_SF_15

-0.78

4.65

Vol_SF_20

-0.32

5.74

Nref_FS_1

-4.68

2.22

Nref_FS_7

-4.04

2.05

Nref_FS_13

-0.84

4.13

Nref_FS_16

-0.81

9.15

Nref_FS_19

-0.97

4.62

Vol_FS_1

-2.16

5.70

Vol_FS_4

-1.29

4.14

Vol_FS_5

-1.89

4.98

Vol_FS_7

-2.40

6.29

Vol_FS_9

-1.49

4.75

Vol_FS_10

-0.94

5.55

Vol_FS_16

-0.68

6.22

Vol_FS_19

-1.04

6.38

Internal handlings

-5.40

3.35

In-store damages

-0.47

7.75

On-shelf availability

-4.40

2.24

Oversell

-0.64

9.39
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Annex J

Figure 30 - Density plots for the KPIs before (left) and after (right) the data transformations
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Annex K
Table 16 - Transformed capacity variables and respective transformations

Capacity
variable (X)
AreaWH
Nref_SF_4
Nref_SF_7
Nref_SF_8
Nref_SF_9
Nref_SF_13
Nref_SF_14
Nref_SF_15
Nref_SF_16
Nref_SF_18
Nref_SF_19
Nref_SF_20
Nref_FS_1
Nref_FS_2
Nref_FS_5
Nref_FS_6
Nref_FS_9
Nref_FS_10
Nref_FS_13
Nref_FS_16
Nref_FS_18
Nref_FS_19
Nref_FS_20
Vol_SF_1
Vol_SF_2
Vol_SF_3
Vol_SF_4

Transformed
variable (X')
sqrt(X)
sqrt(x)
log10(x)
sqrt(X)
sqrt(260-x)
log10(x+1)
sqrt(x)
sqrt(x)
sqrt(x)
sqrt(x)
sqrt(139-x)
1/(x+1)
sqrt(x)
sqrt(x)
sqrt(x)
sqrt(236-x)
sqrt(x)
log10(x+1)
sqrt(x)
log10(x+1)
log10(x+1)
log10(x+1)
sqrt(x)
log10(x)
sqrt(X)
sqrt(X)
sqrt(X)

Capacity
variable (X)
Vol_SF_5
Vol_SF_6
Vol_SF_7
Vol_SF_8
Vol_SF_10
Vol_SF_11
Vol_SF_12
Vol_SF_13
Vol_SF_14
Vol_SF_15
Vol_SF_16
Vol_SF_18
Vol_SF_20
Vol_FS_1
Vol_FS_3
Vol_FS_4
Vol_FS_5
Vol_FS_7
Vol_FS_8
Vol_FS_9
Vol_FS_10
Vol_FS_13
Vol_FS_16
Vol_FS_17
Vol_FS_18
Vol_FS_19
Vol_FS_20

Transformed
variable (X')
sqrt(X)
sqrt(X)
log10(x)
log10(x)
sqrt(x)
log10(x)
sqrt(x)
log10(x+1)
log10(x+1)
log10(x+1)
sqrt(x)
sqrt(x)
log10(x+1)
sqrt(x)
sqrt(x)
sqrt(x)
sqrt(x)
log10(x)
sqrt(x)
sqrt(x)
sqrt(x)
sqrt(x)
sqrt(x)
sqrt(x)
sqrt(x)
sqrt(x)
sqrt(x)
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Annex L

Table 17 - Linear models returned by the algorithm for KPI "4+1"

Model

Tolerated R2
between X
variables

Models
overall R2

Models
Adjusted R2

Variance
Inflation
FactorF

Number of
cpacity
variables
included

1

0.800

0.723

0.703

8.419

26

2

0.785

0.720

0.701

7.057

24

3

0.760

0.712

0.690

8.742

27

4

0.750

0.687

0.667

8.623

23

5

0.735

0.686

0.666

8.672

23

6

0.730

0.670

0.654

6.890

17

7

0.720

0.649

0.633

6.376

16

8

0.700

0.640

0.626

9.062

15

9

0.690

0.627

0.615

3.651

12

10

0.675

0.623

0.611

3.801

11

11

0.670

0.608

0.597

4.951

11

12

0.650

0.589

0.577

5.013

11

13

0.645

0.586

0.575

4.930

10

14

0.630

0.584

0.573

2.971

10

15

0.620

0.583

0.572

3.081

10

16

0.600

0.576

0.566

2.789

9

17

0.580

0.573

0.564

2.394

8

18

0.525

0.530

0.520

2.531

8
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Annex M
Table 18 - Regression model for the KPI "4+1"

Variable

Regression
coefficient

T-value

Significace
level α

(Intercept)

2.934000

0.299662

>0.05

AreaWH

-0.000374

0.000005

0

AreaSF

-0.034960

0.003164

0.001

Nref_SF_7

3.114000

0.000000

0

Nref_SF_9

0.130000

0.044162

0.01

Nref_SF_11

-0.054890

0.000685

0

Nref_SF_12

0.174400

0.000000

0

Nref_SF_14

-0.312300

0.000744

0

Nref_SF_19

0.119200

0.068871

0.05

Vol_SF_1

-1.927000

0.000488

0

Vol_SF_4

-0.261200

0.000000

0

Vol_SF_12

-0.284800

0.008051

0.01

Vol_SF_13

-0.333300

0.141571

>0.05

Vol_SF_14

0.590900

0.107250

>0.05

Vol_SF_16

0.164100

0.063610

0.05

Vol_SF_17

-0.006741

0.047545

0.01

Vol_SF_18

0.446500

0.000002

0

Vol_SF_20

6.149000

0.000000

0

Nref_WH_1

-0.166500

0.035093

0.01

Nref_WH_3

0.004684

0.131225

>0.05

Nref_WH_17

-0.313600

0.000000

0

Nref_WH_18

-1.022000

0.001485

0.001

Vol_WH_1

0.338200

0.000000

0

Vol_WH_6

0.056150

0.000000

0

Vol_WH_10

0.410800

0.014196

0.01

Vol_WH_13

-0.136400

0.025970

0.01

Vol_WH_16

0.489700

0.000247

0
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