
	

	

	 i	

 

Increase resource utilization of Alfa Laval’s Vertical 
Lift Modules by maximizing their order picking share  
 

Date 
2017-05-24 

Students 
Gullberg, Sofia 
Lundberg, Elina 

 

 

 

 

 

 

 

VT17 
Master Thesis, 30 credits 
Master of Science in Industrial Engineering and Management 
Specialization in Optimization and Logistic 
Mentor: Leif Persson	  



	

	
	

ii	

ABSTRACT	
Alfa Laval is currently world leaders within heat transfer, separation and fluid handling. 
One of their distribution centers is situated in Tumba, Stockholm, where they maintain a 
storage warehouse used for spare parts to their products. In the warehouse, there are 
currently 4 216 items located in so called Vertical Lift Modules, VLMs. The goal for 
DC Tumba is to reach an order line picking share of 40% provided by these VLMs, to 
decrease time spent on picking activities. The purpose of this project was to evaluate 
and improve current method for item location management of these VLMs by 
optimizing its resource utilization to reach a picking share of 40% of total order lines 
and thereby increase efficiency. 

Data were provided by Alfa Laval containing item information and historical order lines. 
Additional data were also collected by measurement tests and observations in the 
warehouse. A mathematical optimization model was then developed and formulated as a 
binary Knapsack problem, using the collected data as input. The model was thereafter 
implemented via AMPL and solved with the Gurobi Optimizer solver and, upon request, 
by a modified Greedy Heuristic algorithm implemented via VBA in Excel. The Gurobi 
Optimizer solver generated an order line picking share from the VLMs of 41,93% and 
the solution was used to verify the strength and credibility of the solution generated by 
the Greedy Heuristic solver. The Greedy Heuristic solution resulted in a picking share of 
41,25%. 

Improvement was achieved as the new solutions increased the order picking share from 
the VLMs with at least seven percentage points, which implies picking time savings of 
nearly 20% per year. The Greedy Heuristic solver also proved to be almost as good as 
the exact Gurobi Optimizer solver since the two solutions have 94,44 % of selected 
items in common. Therefore, the Greedy Heuristic solver is considered good and useful 
in the future for Alfa Laval. 
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SAMMANFATTNING	
Företaget Alfa Laval är världsledande inom produkter för värmeöverföring, separering 
och flödeshantering. Ett av deras distributionscenter ligger i Tumba, Stockholm, där de 
upprätthåller ett stort lager för reservdelar. I distributionscentret finns så kallade Vertical 
Lift Modules, VLM:s, som i dagsläget lagrar 4 216 olika artiklar. Målet är att andelen 
orderrader som plockas från dessa VLM:s ska uppgå till 40 % av totala antalet 
orderrader för att minska tid nedlagd på orderplockning. Syftet med detta projekt var 
således att utvärdera och förbättra nuvarande metod för placering av artiklar genom att 
optimera resursutnyttjandet av dessa VLM:s och nå en plockandel på 40 % och således 
öka effektiviteten. 

Data bestående av artikelinformation och historiska orderrader tillhandahölls från Alfa 
Laval. Dessutom samlades data in genom observationer och tidtagning i lagret. Därefter 
togs en matematisk modell fram, formulerat som ett binärt Kappsäcksproblem. 
Modellen implementerades via AMPL och Gurobi Optimizer lösaren användes för att 
hitta en optimal lösning. En approximativ lösning togs även fram på förfrågan från Alfa 
Laval, baserat på en Greedy Heuristic algoritm, implementerad via VBA i Excel. 
Lösningen genererad av Gurobi Optimizer-lösaren resulterade i en uppnådd plockandel 
på 41,93 % och denna lösning användes för att verifiera stabiliteten och trovärdigheten 
av lösningen genererad av Greedy Heuristic-lösaren. Lösningen som framtogs genom 
Greedy Heuristic-lösaren resulterade i en plockandel på 41,25 %. 

Bevisligen finns det förbättringsmöjligheter för Tumbas VLM:s. De två använda 
metoderna ökar plockandelen med mer än sju procentenheter vilket hade kunnat spara 
Alfa Laval närmare 20 % av tiden spenderad på plockning år 2016. Lösningen 
genererad av Greedy Heuristic-lösaren visade sig även resultera i nästintill samma 
lösning som lösningen genererad av Gurobi Optimizer-lösaren då dessa två lösningar 
har 94,44 % av valda artiklar gemensamt. Därav anses Greedy Heuristic-lösaren bra och 
användbar i framtiden för Alfa Laval. 

Svensk titel: Öka resursutnyttjandet av Alfa Lavals Vertical Lift Modules genom 
optimering av de ingående artiklarna. 
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TERMINOLOGY	
Availability    If an item can be sent immediately when ordered 

ABC-classification method Ranking method of determine most valuable items 
for achieving business goals 

BI Business item –an item considered critical for a 
customer or a market 

Business area Item category according to market to which they 
belong 

EOQ Economic Order Quantity – incoming batch size 

ERP      Enterprise Resource Planning software 

KP     Knapsack Problem 

Lot number Identification number for a specific batch of an 
item 

NI  Non-Stocked Standard item – item with known 
standard costs and lead time 

OP     Order picking 

OPO     Order Picking Optimization 

Order line    An order of any quantity of a specific item 

Order quantity    The quantity of the order line 

Picking frequency   Number of pieces picked of an item  

Picking share Share of order lines picked within a certain time 
frame 

Regression analysis Statistical process with the goal to create a 
function describing a relation in observed data 

RI Requested item – not stocked in any warehouse 
and unknown standard cost and/or lead time 

SI  Stocked Item – stocked in one or more warehouses 
and having availability target of 96%  

VBA     Visual Basics for Application  

VLM     Vertical Lift Module 

Volume value parameter  Standard cost ×	annual usage 
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1	INTRODUCTION	
In the year 1883, Gustaf de Laval and his partner Oscar Lamm Jr founded AB Separator, 
which is a forerunner to Alfa Laval. The name change occurred in 1963. Alfa Laval is 
currently world leaders within three key technology areas; heat transfer, separation and 
fluid handling. They hold approximate 2500 patents and launches on average 30 new 
products each year. To this day, Alfa Laval has managed to gain customers in 100 
countries, has around 18 000 employees and has created ten different customer segments. 
(Alfa Laval, n.d.)  

One of Alfa Laval’s Distribution Centers (DC) is situated in Tumba, Stockholm, where 
they maintain a storage warehouse used for spare parts to their products. The items are 
categorized by an ABC-classification method to differentiate the service level required 
for high, medium and low frequency items. Items are used for both customer orders and 
assembling, and some items belongs to standardized kits (KIT item). The warehouse in 
Tumba can store up to 36 108 items, but there are 30 148 items in the warehouse that are 
of interest for this project. These items consist of Stocked Item (SI), Non-stocked Item 
(NI), Requested Item (RI) and Business Item (BI) that were ordered last year.  

Currently, there is no specific model or tool used for placing the items in the warehouse. 
The items are given a location in the warehouse according to three parameters; their 
individual order frequency, class belonging and by its physical limitations. (Berglund, 
2017). But, the perceived issue of the prevailing item location system in the warehouse 
is that no survey or thorough evaluation has been made and therefore, no conclusion 
about the current method or structure can be drawn, hence this master thesis. 

1.1	PROBLEM	DEFINITION	
In Alfa Laval's warehouse, there exists six Vertical Lift Modules, VLMs. These VLMs 
are constructed as a shuttle storage system. The goal for DC Tumba is to reach an order 
line picking share of at least 40% provided by these VLMs, to decrease time spent on 
picking by gathering high frequency items close together. Last year, they only managed 
to reach a picking share of around 32%. Therefore, Alfa Laval wish to get help with 
finding a method that increases the order line picking share from the VLMs (Langton, 
2017). The method should preferably be applicable to other sites with minor 
modifications as well.  

1.2	PURPOSE	AND	GOAL	
The purpose of this project was to evaluate and improve current method for item 
location management by optimizing the resource utilization of the VLMs in hope to 
reach Alfa Laval’s goal of 40% of total order line picking share and thereby increase 
efficiency.  

Project goal: Reach a 40% order picking share from the VLMs. 

Effect goal: Improve resource utilization of the VLMs. 
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1.3	DELIMITATIONS	
The project was limited and adjusted to the framework of this master thesis in terms of 
both time and knowledge limitations. Hence, below delimitations have been made 
because of absence of data, level of complexity or time limit reasons. 

1.3.1	PHYSICAL	VOLUME	
The absence of data of physical volume of items requires a delimitation in the developed 
model. This limitation makes the model and the results less reliable since the volume 
has a big impact on the organization of items in the warehouse, not least in VLMs. Alfa 
Laval is aware of this problem and will adjust the result manually according to this 
limitation.  

1.3.2	REPLENISHMENT	
Replenishment strategies in the VLMs have not been considered in the model. 
Replenishment activities are crucial in warehouse management but would, in this case, 
make the model too extensive and complex. Moreover, no request or further research 
regarding replenishment has been discussed by Alfa Laval and is therefore considered 
non-priority. 

1.3.3	CORRELATIONS	
KIT-items, items that belongs to a customized kit and therefore are known to be picked 
and packed together should preferably be placed near each other. However, taking each 
item's correlation to each other item into account would imply unreasonably many 
dimensions of the model and therefore, it has not been considered an affecting factor. 

1.3.4	ABC-CLASSIFICATION	
The prevailing location assignments of items in the warehouse in DC Tumba is partly 
based on the ABC-classification. This ABC-classification has not been considered in the 
developed model, since the classification reveals information about the targeting service 
level of the individual item and is based upon category relevance, not order line 
frequency or order quantity. 

1.3.5	PRACTICAL	IMPLEMENTATION		
The time and cost entailed to rearrange the items in the VLMs or to exchange some of 
the items in the VLMs according to the result, is excluded from this model since it is a 
one-time cost and considered negligible. 

1.3.6	FIXED	LOCATION	BINS	
Items can change location within the warehouse several times due to reclassification and 
new incoming items, but this is impossible to foresee and can therefore not be taken into 
consideration. Thus, all items are assumed to have fixed locations. Items currently 
placed in the VLMs will also be assumed to have been located there the entire time of 
year 2016. 
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2.	THEORY	
The following theoretical facts are involved and relevant for this project and are 
therefore used as a basis in the development of a realistic and applicable model to reach 
a productive result. The theory is the result of literature review related to mainly 
warehouse management and optimization. 

2.1	WAREHOUSE	MANAGEMENT	
Warehouses can occur in several parts of the supply chain and often entails advantages 
and disadvantages for different parts of the company. Warehouses are in the short run 
negatively associated with financial performance since cost of capital, warehousing 
costs, cost of interest and obsolescence costs occurs. But, the ability to store products in 
a warehouse increases the availability and the level of service towards customers. 
Another advantage is that in production, the efficiency increases if machines could be 
provided material and run continuously. The challenge is to find the optimal balance of 
utility versus costs, although, in general it is preferable to avoid the establishment of 
warehouses. As mentioned before, the planning and structure of the operations in the 
warehouse is crucial for the level of efficiency of the company and will be reflected in 
practical activities in the warehouse, level of service as well as overall business 
performance. (Aronsson, Ekdahl and Oskarsson 2013, 103) 

2.1.1	MATERIAL	FLOW	
Warehouse management largely consists of handling material flows. The material flow 
usually contains the processes of handling incoming goods, store the goods, restore the 
goods, pick the goods and then send out the goods for delivery (see Figure 1): 

 
Figure	1.	Classic	material	flow	processes	in	a	warehouse. 
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A package arrives to inbound, is opened and checked for errors or damages and is 
thereafter unpacked. The item/items are placed in the storage for some time and is either 
picked for packaging or assembly/production and then restored to be picked later as a 
finished product. After final pick, the items are packaged and sent out via outbound and 
put on a transportation truck. (Aronsson, Ekdahl and Oskarsson 2013, 130) 

2.1.2	ORDER	PICKING	
Order picking (OP) is defined as “the process of retrieving products from a warehouse to 
fulfil customers’ orders” and studies have showed that 55 % of total warehouse 
operating costs consists of OP activities (Accorsi R. et al. 2012, 351). The costs that OP 
activities constitutes are due to the involvement of human order pickers and the role of 
automating OP Systems (OPS), which requires large investments. Therefore, OP is a 
critical activity in the warehouse management and overall supply chain and could 
determine the level of competitiveness. OPSs are distinguished to two categories 
depending on whether humans or machines are involved in the process. The most 
common choice is to employ humans to realize the OP. Multiple OPSs are often used 
within the same warehouse but the most frequently used one is the picker-to-parts 
system. This system involves an order picker walking or driving along the aisles to pick 
items. A parts-to-picker system is, in contrast, a strategy where automated storage and 
retrieval systems are used. Several items are moved from the storage to a specific picker 
station where a picker collects the items to fulfill the order lists (De Koster et. al. 2007, 
483). 

2.1.3	PICKING	STRATEGIES	
There exist several different picking strategies that are used for different purposes within 
warehouses. The commonly used strategies are called discrete, batch, zone, bucket 
brigade and wave picking. Discrete picking is the activity of picking all items from a 
single order during one tour. In batch picking, orders are grouped (batched) together. 
With this strategy, all items in each batch are picked. Zone picking involves a picker 
that is assigned to a specific area in the warehouse and will only pick items from this 
region, or zone. Bucket brigade picking strategy involves transferring orders between 
the pickers. When the most downstream picker has picked its order, he/she take over the 
order from the picker upstream of him/her and continues to pick that order. The latter 
one takes over the order from the predecessor to him/her. This process continues until 
the most upstream picker, which in turn starts a new order. The last strategy, wave 
picking, is batch or zone picking but with a defined time-window. (Meller, Parikh 2008, 
697). 

All strategies have advantageous and disadvantageous features. Picking share, sorting 
system, blocking and workload imbalances are factors that have a significant effect on 
the decision of what strategy to apply. The picking share will depend on the prevailing 
sorting system. Pick-and-sort is a system where items are picked and then consolidated 
and sent downstream where the sorting is made. This sorting system would increase the 
picking share but does on the other hand require a specific sorting department. The 
opposite, sort-while-pick means that picking and sorting is done simultaneously. A sort-
while-pick strategy would instead eliminate the need of a sorting department but would 
decrease the picking share. Blocking and workload imbalances must be considered when 
choosing picking strategy. Blocking may occur in batch picking where pickers moves 
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irregularly in the warehouse. It may result in longer waiting times, queues and reduce 
the productivity of the picker. Workload imbalance can arise when orders are batched in 
a way where the workload become uneven between pickers. This could lead to 
difficulties in fulfilling orders during scheduled hours and may require additional labour. 
(Meller, Parikh 2008, 699).  

2.1.4	SLOTTING	STRATEGIES	
The problem of how to allocate demanded items is discussed in the literature and 
referred to as slotting strategies. It distinguishes between so called random storage 
strategy and dedicated storage strategy. Random storage strategy involves replenishing 
items randomly in available locations. The dedicated storage strategy is more effective 
in the sense that each individual item has its own assigned permanent location (Fujimoto, 
Vickson 1996, 237). The objective with slotting strategies is to minimize the travelling 
time of order pickers or automated pickers in the process of the OP activity (Heragu, 
Mantel and Schuur 2007, 302).  

2.1.5	VERTICAL	LIFT	MODULES,	VLMS	
Vertical Lift Modules, VLMs, also called Carousel Storage Systems are sometimes 
found in warehouses with the purpose to store items and facilitate order picking of items 
of smaller size and volume and/or with relatively high demand. A VLM consists of 
several trays where each tray has several location bins. The trays are operating under 
computer control by rotating or horizontally and vertically retrieve the trays to bring the 
requested item on the specific tray to a fixed location, the picking station. An automated 
or human employed picker will thereafter pick the item from the VLM. (Fujimoto, 
Vickson 1996, 237). 

2.2	OPTIMIZATION	THEORY	
Optimization theory is the science of finding values for a set of variables that together 
can be defined as optimal in a given situation. It either means minimizing or maximizing 
an objective function that depends on one or more variables subject to certain 
constraints. An optimization problem with a linear objective function and linear 
constraints are known as a Linear Programming Problem (LP problem). A Quadratic 
Programming Problem (QP problem) is a problem with a quadratic objective function 
and with linear constraints. For both LP and QP problems there exist available solution 
procedures. A Nonlinear Programming Problem (NP problem) has nonlinear objective 
functions and nonlinear constraints and is difficult to solve. (MathWorks, 2017) Below, 
the general LP problem is defined. 

Let: 

Ø 𝑥	 = 	 𝑥%, 𝑥', … , 𝑥) ∈ 𝑅)	

Ø 𝑐	 = 	 𝑐%, 𝑐', …	, 𝑐) - 	∈ 𝑅)	

Ø 𝐴	 = 	 (𝑎12) ∈ 𝑅4×)	

Ø 𝑏	 = 	 𝑏%, 𝑏', …	, 𝑏) ∈ 𝑅)	
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then, the LP problem can be formulated as: 

 𝑚𝑎𝑥 𝑐- 𝑥        (1) 

 𝐴𝑥 ≤ 𝑏        (2) 

 𝑥 ≥ 0         (3) 
 
where (1) represent the objective function, maximizing a quantity (may appear as profit, 
customer satisfaction, number of employees etc.). The second equation, (2), is a 
constraint representing limitations in the model. Available capacity, daily working hours 
or material availability are typical examples of limitations in a model. Equation (3) 
symbolize the non-negativity constraint of the model, where the decision variables x 
must be positive. (Wolsey 1998, 3)  

2.2.1	THE	0-1	KNAPSACK	PROBLEM	
The Knapsack Problem (KP) is a version of a 0-1 integer LP and is one of the simplest 
formulations of such a program (Lundgren, Rönnqvist and Värbrand 2011, 330). The 
Knapsack problem derives its name from the real problem of filling a fixed-size 
knapsack with the most valuable items.  

Given 𝑛 items (𝑖 = 1,… , 𝑛)	that have 𝑚 characteristics 𝑎12	(𝑗 = 1,… ,𝑚), some items 
𝑥1 will be selected to maximize the objective function without exceeding the 𝑚 
knapsack capacities 𝑏2 with regard to the characteristics (Lust, Teghem 2012, 498). A 
general formulation of the KP is presented below. 

Objective function:  

 𝑚𝑎𝑥 𝑐1)
1>% 𝑥1         (4) 

Subject to constraints: 

𝑎12)
1>% 𝑥1 ≤ 𝑏2   𝑗 = 1,… ,𝑚    (5) 

𝑥1 ∈ 0,1     𝑖 = 1,… , 𝑛    (6) 

The coefficients 𝑎12, 𝑏2	and 𝑐1 are positive real numbers and 𝑥1 = 1 if item 𝑖 is selected 
for the knapsack or 0	otherwise (Wolsey 1998, 73-74). The classical KP problem is 
usually formulated with a size of 𝑚	that equals 1, i.e only having one constraint. A 
special case of the KP is the Bi-dimensional KP. This problem is restricted to exactly 
two characteristics, 𝑚 = 2	(Fréville, Plateau 1996, 147-148).    
 
The problem belongs to the class of NP-complete problems and is generally solved 
using “search based” algorithms, which at worst case has exponential complexity. 
(Rajopadhye, 2015, 1) 

2.2.2	ORDER	PICKING	OPTIMIZATION	
Order Picking Optimization (OPO) has been proven to result in great savings regarding 
labour costs. Amount of overtime working hours and temporary workers may, in the 
short run, be reduced and it might give opportunities to decrease the number of 
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permanent staff. OPO may also improve customer service and satisfaction by reducing 
lead times (Henn et.al., 2012, 105-137). 

There exist several policies regarding OPO, where storage policy, order consolidation 
policy and routing policy are the primarily ones. Storage policy involves assigning items 
to storage locations when new items are introduced in the warehouse. Order 
consolidation policy is concerning the transformation from customer order to warehouse 
picking lists. Lastly, the routing policy concerns arrangement of picking lists in a 
specific way to minimize the travel distance in the order picking process. (Wäscher 2004, 
324-370)  

3.	CURRENT	SITUATION 
In this section, a description of DC Tumba’s current warehouse situation will be given. 
A survey was conducted and mapping of the current situation in the warehouse has been 
developed. Below is a picture of the complete warehouse at DC Tumba zoomed in on 
the area where the VLMs are located (see Figure 2).  

 
Figure	2.	Map	of	Alfa	Laval's	warehouse	in	DC	Tumba,	zoomed	in	on	VLM	zones. 

As Figure 2 shows, there are six VLMs in the warehouse, E1-E6. In this project, VLM 
E6 was excluded because it is of older version and significantly slower than the other 
five VLMs. VLM E1-E3 have multiple openings, hence the double phonetics. VLM E2 
and E3 extends under ground as well and therefore have greater capacity of storing 
items than the other VLMs. In total, these five VLMs currently store 4 216 items that 
together allocates 4 784 location bins. Table 1 below shows the capacity of each VLM. 
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Table		1.	Capacity	of	each	VLM	and	in	total.	

VLM	 Trays	(#)	 Location	bins	(#)	 Occupied	locations	(#)	 Fill	ratio	(%)	
E1	(C,	D)	 102	 744	 596	 80,11	
E2	(J,	K)	 126	 2	340	 1070	 45,73	
E3	(U,	V)	 128	 2	369	 1	270	 53,61	
E4	(M)	 65	 1	431	 852	 59,54	
E5	(L)	 30	 1	075	 996	 92,65	
All	VLMs	 451	 7959	 4784	 60,11	
 
Number of occupied locations are not the same as number of items, since some items 
require so called lot numbers. A lot number is for traceability and therefore, when a new 
batch of an item enters the warehouse it cannot be added in the same location bin as the 
already existing stock of that item because they have different lot numbers. This implies 
that the item must be located in a new, empty location bin and therefore the number of 
occupied locations are greater than unique items. Hence, an item can sometimes be 
collected from several different location bins or from different zones, even for the same 
order line. Because of those items that have lot numbers and therefore require more than 
one location bin, some location bins need to be empty and available at any time in the 
VLMs. As shown in Table 1, the fill ratio of all the VLMs is 60,11% but the goal for 
DC Tumba is to reach a fill ratio of 80%. (Viklander, 2017) This means that 0,80	×
	7959 = 6	367	location bins should be occupied. At the moment, there are more 
location bins available than necessary, which clearly shows that improvement can be 
achieved. 

3.1	ITEMS	
In total, there are 30 148 unique SI, NI, RI and BI items in DC Tumba’s warehouse that 
are of interest for this project. These items are the basis of the data provided and are 
competing to get a spot in the VLMs. As mentioned previously, the items are placed in 
the warehouse according to its ABC-class, order line frequency and order quantity but 
also its business area. A business area can be Tank Equipment (TEQ), Plate Heat 
Exchangers (PHE), High Speed Separators (HSS) or similar. Each item is sorted and 
classified within its own business area in relation to the other items in the same business 
area, no matter the size of the business area or number of customers. This is to keep the 
same high level of service and availability for all customers and markets, which means 
that despite a low level of order line frequency, the item importance can be very high 
for a specific customer and will therefore push up the classification level for an item. 
(Berglund, 2016) Therefore, an individual target service level of some percentage is set 
for each business area as illustrated in Figure 3. 
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Figure	3.	Total	order	lines	in	different	business	areas.	Source:	Berglund,	2016. 

The abbreviations in the figure symbolize different business areas within Alfa Laval’s 
total assortment. Today, 14% of the SI items represents 80% of volume value and the 
overall availability goal for SI items is 96% in DC Tumba. (Alfa Laval, 2016)  

3.2	STRATEGIES	
Regarding OPO strategies, only the storage policy will be evaluated. Hence, 
consolidation policy and routing policy are not analyzed or optimized in any manner. 
The current slotting strategy in DC Tumba is a random storage strategy. It means that 
when a new batch of a certain item arrives, the new batch is added in the already 
occupied location bin for the specific item or placed in an empty available location bin 
if having a lot number. (Viklander, 2017) At the moment, there is no specific tool or 
method used to give a new item a specific location bin, this is done by inspection and 
from experience. 

When picking items from the VLMs, DC Tumba’s warehouse applies a batching 
picking strategy based on so called waves. This means that orders are merged together 
and the pickers are picking according to order lines and the order to which the order line 
belong, one order line at the time. The amount of order lines and orders that can be 
satisfied in one wave are limited by the capacity of the cart that is used for picking from 
the VLMs. The carts are formed as shelves on a trolley, which can carry up to 39 boxes 
which represents one delivery each. A delivery can be a complete order or a part of an 
order that is delivered to a specific customer, which means that one delivery can (and 
often does) contain several order lines. The number of deliveries that are satisfied in one 
wave depends on both order sizes and possible respective deadlines. All the deliveries in 
one cart are then picked together, i.e. in a wave. 

3.3	PICKING	OPERATIONS	
The picking process starts with incoming orders that are registered in the system. A 
picker creates a wave containing an arbitrary number of order lines to be picked from 
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one specific VLM and prepares the cart with boxes and tags. When a cart is ready, the 
picker moves the cart to the VLM and starts picking according to a digital picking list 
automatically communicating with the VLM. One order line is fulfilled at a time, where 
the VLM retrieves the desired tray automatically with the item which will be picked first 
according to the picking list. Thereafter the picker scans a barcode on the location bin 
where the item is located. This sends a signal to the computer on the cart to print out a 
tag for the order line. The picker then picks and counts the demanded quantity of the 
item one by one, puts it in a plastic sealable bag (found on the cart), puts a tag on the 
bag and then places the bag in the respective box on the cart. Hence, a first sorting, i.e. a 
sort-while-pick strategy, is used when picking from the VLMs.  

Some items located in the VLMs are pre-packaged in sets of 50 each. If an item is 
packaged in sets of 50, this would mean fewer actual picks than the order quantity states. 
For example, if the order quantity of one order line is 52 pieces (pcs), the actual picks 
and pieces the picker has to count would be 3 (1 package of 50 + 2 pcs). Regardless of 
how the item is packaged, this picking process is repeated until all the items from the 
picking list in the same wave are picked and placed in their respective box on the cart. 
After all the deliveries have been satisfied, the picker pushes the cart to a consolidation 
station or to the so called “make”-station for assembly and relinquishes the boxes. 
Thereafter, the picker fills the cart with new, empty boxes to prepare the next wave. 
These picking operations are illustrated in Figure 4 as a flowchart. 

 
Figure	4.	Flowchart	of	the	picking	operations	at	DC	Tumba,	Alfa	Laval. 
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3.3.1	DISRUPTIONS		
It is inevitable to encounter problems in the picking process from the VLMs. The 
following issues have been identified as fairly common disruptions that affects the VLM 
operations and the time to execute them negatively.  

➢ Variation in order deadlines and order quantities may cause queues to the 
VLMs. 
 

➢ Urgent orders need to be prioritized and pickers may need to interrupt each 
other. 
 

➢ Order lines with quantities above 100 pcs will be weighed instead of counted 
(might affect record accuracy and service level). 
 

➢ Variations in geometric shapes of the items results in differences in handling 
and management time. 
 

➢ Packages or plastic bags that items have arrived in must be opened when the 
item stock has depleted. 

 

➢ Trash needs to be removed and thrown away. 
 

➢ Garbage bags needs to be collected and exchanged. 
 

➢ Some items are located in more than one location bin and sometimes forces the 
picker to switch tray or VLM. 

4.	METHODOLOGY	
The methods used for this project was considered both suitable and necessary to 
increase the opportunities of finding the best result possible under prevailing conditions. 
In this section, the methods used are described in detail and includes literature review, 
data collection and observations, regression analysis, modeling and integer optimization. 

4.1	LITERATURE	REVIEW	
To find theories that support our approach, literature research was crucial. All the 
literature used were scientifically written and/or critically examined. The literature used 
was in the form of books, articles, case studies and previous theses.    

4.2	DATA	COLLECTION	AND	OBSERVATIONS	
Important data was provided by both Alfa Laval (historical data) and collected by 
measurement tests, timing tests and observations. Data regarding item numbers, order 
frequency and order quantity were in the form of an Excel file containing all historical 
order lines of all item types from 3rd of January 2016 to 30th of December 2016. 
Information about current location, weight, item type, package format and EOQ 
(Economic Order Quantity) of each item was also provided. 

To find a relationship between the quantity and the required picking time to pick one 
piece of an item, additional data was collected by observations in the warehouse at DC 
Tumba. These observations have been taken place at several occasions between 6th of 
February 2017 and 24th of February 2017. The observations included measurement and 
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timing tests of the whole chain of processes from “scan” to “put bag/bags in box/boxes” 
marked in the flowchart below (see Figure 5). 

 
Figure	5.	Activities	included	in	the	observations	and	measurement	of	the	picking,	marked	with	black. 

The total time it takes from the moment that the picker scans the location bin of an item, 
to that the picker puts the plastic bag in its respective blue box on the cart, was 
considered the relevant part of the entire flow in this case. Hence, most of the above-
mentioned disruptions are not included in these tests and the result only reflects active 
picking time. The time to pick one piece of any item was described as a function 
depending on the quantity of the order line. This function was used to calculate the time 
already spent on picking items from the VLMs during year 2016 and later used in the 
final model. To obtain this function, 281 tests of randomly selected order lines was 
conducted where the time and quantity were registered for each order line that was 
satisfied. The reason of computing exactly 281 tests was because of time limitations and 
elimination of some of the tests because of different disruptions. The tests were 
conducted in different VLMs and with different pickers, under the assumptions that all 
five VLMs and the pickers have an equal working pace. The test results were then 
inserted in an Excel document and a scatter plot in log-log-scale was created. 

4.3	REGRESSION	ANALYSIS	
To find the target function, a regression analysis was conducted by inserting a power 
trend line in the scatter plot, which also computed the function of the trend line, via an 
existing Excel function. The power trend line, in comparison to, for example, a linear or 
logarithmic trend line, was chosen because of the non-linear appearance and pattern of 
the scatterplot. 
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4.4	INTERVIEWS	AND	PERSONAL	COMMUNICATIONS	
Interviews, both formal and informal, were conducted to obtain necessary information 
for the development of the model and implementation. This was used as a complement 
to the literature research and also an advantageous method to gain information relatable 
to this local problem. The interviews took place at DC Tumba and interviewees are 
considered reliable sources with information relevant for this case. See interview 
outcome in Appendix Section A.	

4.5	MODELING	AND	IMPLEMENTATION	
A mathematical optimization model can often become extensive and does not always 
guarantee feasible solutions. To formulate a model for this problem, the above-
mentioned theories regarding order picking optimization and the Knapsack problem has 
been used. Before the final model is presented, assumptions and parameters are defined.  

When the model was formulated, the problem was implemented in AMPL and Excel 
and solved by Gurobi Optimizer and VBA, Excel.  

4.5.1	ASSUMPTIONS	
To be able to reach a result within the given time frame of the project, assumptions had 
to be made. Below is a list of assumptions made for this project to formulate a 
reasonable model. 

➢ All five VLMs are viewed as one large VLM. 
 

➢ One year has 229 working days. 
 

➢ Labour cost equals €35 per hour per worker. 
 

➢ The VLMs are managed by four workers. 
 

➢ All items currently located in the VLMs was located there from 3rd of January 
to 30th of December. 

 

➢ The location bins in the VLMs are assumed to be fixed in terms of size and 
number. 

 

➢ All five VLMs are equally fast and generates no waiting time. 
 

➢ All four workers picks equally fast. 
 

➢ Order lines with a picking frequency above 50 are considered too time 
consuming to pick from the VLMs and therefore, a maximum of 10% of total 
amount of order lines of each item can have a picking frequency exceeding 50. 

 

➢ Each item allocates only one location bin, despite having a lot number. 
 

➢ Historical orders from 2016 represents continuous annual demand. 

4.5.2	PARAMETERS 
Since most of the information included in this problem was already known, some 
parameters could be defined ahead to sort the data before beginning with the 
optimization process. Number of items, location bins, order lines, weight of each item, 
quantity of each order line and incoming batch size (EOQ) was known. The volume of 
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each item was set to a dummy value of 1 𝑐𝑚F. Picking time required annually for each 
item was be calculated via the developed time function and a time limit (i.e. the capacity 
of the knapsack) could thereafter be assumed as constant according to time spent on 
picking items from the VMLs during the year 2016.  

Let:  
 

Ø 𝑁 = 𝑠𝑒𝑡	𝑜𝑓	𝑢𝑛𝑖𝑞𝑢𝑒	𝑖𝑡𝑒𝑚𝑠	𝑜𝑟𝑑𝑒𝑟𝑒𝑑	𝑦𝑒𝑎𝑟	2016 
 

Ø 𝑄 = 𝑠𝑒𝑡	𝑜𝑓	𝑞𝑢𝑎𝑙𝑖𝑓𝑖𝑒𝑑	𝑖𝑡𝑒𝑚𝑠 
 

Ø 𝑅 = 𝑠𝑒𝑡	𝑜𝑓	𝑖𝑡𝑒𝑚𝑠	𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑙𝑦	𝑙𝑜𝑐𝑎𝑡𝑒𝑑	𝑖𝑛	𝑡ℎ𝑒	𝑉𝐿𝑀𝑠 
 

Ø 𝑆	 = 𝑠𝑒𝑡	𝑜𝑓	𝑜𝑟𝑑𝑒𝑟	𝑙𝑖𝑛𝑒𝑠	𝑦𝑒𝑎𝑟	2016  
 

Ø 𝑛 = 𝑁 = 𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑢𝑛𝑖𝑞𝑢𝑒	𝑖𝑡𝑒𝑚𝑠	𝑜𝑟𝑑𝑒𝑟𝑒𝑑	𝑦𝑒𝑎𝑟	2016 
 

Ø 𝑞 = 𝑄 = 𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑞𝑢𝑎𝑙𝑖𝑓𝑖𝑒𝑑	𝑖𝑡𝑒𝑚𝑠 
 

Ø 𝑟 = 𝑅 = 𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑖𝑡𝑒𝑚𝑠	𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑙𝑦	𝑙𝑜𝑐𝑎𝑡𝑒𝑑	𝑖𝑛	𝑡ℎ𝑒	𝑉𝐿𝑀𝑠 
 

Ø 𝑠 = 𝑆 = 𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑜𝑟𝑑𝑒𝑟	𝑙𝑖𝑛𝑒𝑠	𝑦𝑒𝑎𝑟	2016 
 

Ø 𝑏 = 𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛	𝑏𝑖𝑛𝑠	𝑖𝑛	𝑡ℎ𝑒	𝑉𝐿𝑀𝑠 
 

Ø 𝑜1 = 𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑜𝑟𝑑𝑒𝑟	𝑙𝑖𝑛𝑒𝑠	𝑓𝑜𝑟	𝑖𝑡𝑒𝑚	𝑖 ∈ 𝑁 
 

Ø 𝑂1 = 𝑠𝑒𝑡	𝑜𝑓	𝑜𝑟𝑑𝑒𝑟	𝑙𝑖𝑛𝑒𝑠	𝑓𝑜𝑟	𝑖𝑡𝑒𝑚	𝑖 ∈ 𝑁 
 

Ø 𝛼 = 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦	𝑙𝑖𝑚𝑖𝑡	𝑓𝑜𝑟	𝑤ℎ𝑒𝑛	𝑎𝑛	𝑜𝑟𝑑𝑒𝑟	𝑖𝑠	𝑐𝑜𝑛𝑠𝑖𝑑𝑒𝑟𝑒𝑑	𝑡𝑜𝑜	𝑡𝑖𝑚𝑒	𝑐𝑜𝑛𝑠𝑢𝑚𝑖𝑛𝑔 
 

Ø 𝑙1 = 𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑜𝑟𝑑𝑒𝑟	𝑙𝑖𝑛𝑒𝑠	𝑓𝑜𝑟	𝑖𝑡𝑒𝑚	𝑖 ∈ 𝑁	𝑤ℎ𝑒𝑟𝑒	𝑝	𝑒𝑥𝑐𝑒𝑒𝑑𝑠	𝛼 
 

Ø 𝐿 = 𝑚𝑎𝑥𝑖𝑚𝑢𝑚	𝑠ℎ𝑎𝑟𝑒	𝑜𝑓	𝑜𝑟𝑑𝑒𝑟	𝑙𝑖𝑛𝑒𝑠	𝑤ℎ𝑒𝑟𝑒	𝑝	𝑖𝑠	𝑎𝑙𝑙𝑜𝑤𝑒𝑑	𝑡𝑜	𝑒𝑥𝑐𝑒𝑒𝑑	𝛼 
 

Ø 𝑤1 = 𝑤𝑒𝑖𝑔ℎ𝑡	 𝑘𝑔 𝑜𝑓	𝑜𝑛𝑒	𝑝𝑖𝑒𝑐𝑒	𝑜𝑓	𝑖𝑡𝑒𝑚	𝑖 ∈ 𝑁 
 

Ø 𝑊 = 𝑚𝑎𝑥𝑖𝑚𝑢𝑚	𝑎𝑙𝑙𝑜𝑤𝑒𝑑	𝑤𝑒𝑖𝑔ℎ𝑡	 𝑘𝑔 	𝑜𝑓	𝑎	𝑏𝑎𝑡𝑐ℎ	𝑡𝑜	𝑏𝑒	𝑙𝑜𝑐𝑎𝑡𝑒𝑑	𝑖𝑛	𝑡ℎ𝑒		
𝑉𝐿𝑀𝑠 
 

Ø 𝑣1 = 𝑣𝑜𝑙𝑢𝑚𝑒	 𝑐𝑚F 	𝑜𝑓	𝑜𝑛𝑒	𝑝𝑖𝑒𝑐𝑒	𝑜𝑓	𝑖𝑡𝑒𝑚	𝑖 ∈ 𝑁 
 

Ø 𝑉 = 𝑚𝑎𝑥𝑖𝑚𝑢𝑚	𝑎𝑙𝑙𝑜𝑤𝑒𝑑	𝑣𝑜𝑙𝑢𝑚𝑒	 𝑐𝑚F 	𝑜𝑓	𝑎	𝑏𝑎𝑡𝑐ℎ	𝑡𝑜	𝑓𝑖𝑡	𝑖𝑛	𝑡ℎ𝑒	𝑉𝐿𝑀𝑠 
 

Ø 𝐸1 = 𝐸𝑐𝑜𝑛𝑜𝑚𝑖𝑐	𝑂𝑟𝑑𝑒𝑟	𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦	 𝐸𝑂𝑄 	𝑜𝑓	𝑖𝑡𝑒𝑚	𝑖 ∈ 𝑁 
 

Ø 𝑡(𝑝b) = 18,401𝑝bde,f'g = 𝑡𝑖𝑚𝑒	 sec 	𝑡𝑜	𝑝𝑖𝑐𝑘	𝑜𝑛𝑒	𝑝𝑖𝑒𝑐𝑒	𝑜𝑓	𝑎𝑛	𝑖𝑡𝑒𝑚	𝑓𝑜𝑟	𝑎𝑛		
𝑜𝑟𝑑𝑒𝑟	𝑙𝑖𝑛𝑒	𝑤𝑖𝑡ℎ	𝑝	𝑝𝑖𝑒𝑐𝑒𝑠	𝑤ℎ𝑒𝑟𝑒	𝑝b = 𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦	𝑜𝑓	𝑒𝑎𝑐ℎ	𝑜𝑟𝑑𝑒𝑟	𝑙𝑖𝑛𝑒	𝑠 ∈ 𝑆 

 

Ø 𝑡1 = 𝑡 𝑝klm ×	2∈nl 𝑝klm = 𝑡𝑜𝑡𝑎𝑙	𝑡𝑖𝑚𝑒	𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑	𝑡𝑜	𝑝𝑖𝑐𝑘	𝑖𝑡𝑒𝑚	𝑖	 ∈ 𝑁	𝑖𝑛	𝑜𝑛𝑒		
𝑦𝑒𝑎𝑟	𝑤ℎ𝑒𝑟𝑒	𝑢12 = 𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑡ℎ𝑒	𝑗: 𝑡ℎ	𝑜𝑟𝑑𝑒𝑟	𝑙𝑖𝑛𝑒	𝑖𝑛	𝑂1, 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔	𝑖𝑡𝑒𝑚		
𝑖 ∈ 𝑁 
 

Ø 𝑇 = 𝑡11∈q = 𝑡𝑜𝑡𝑎𝑙	𝑡𝑖𝑚𝑒	𝑠𝑝𝑒𝑛𝑡	𝑜𝑛	𝑝𝑖𝑐𝑘𝑖𝑛𝑔	𝑖𝑡𝑒𝑚𝑠	𝑓𝑟𝑜𝑚	𝑡ℎ𝑒	𝑉𝐿𝑀𝑠		
𝑦𝑒𝑎𝑟	2016 
 

Ø 𝐾 = 𝑜11∈q = 𝑡𝑜𝑡𝑎𝑙	𝑎𝑚𝑜𝑢𝑡	𝑜𝑓	𝑜𝑟𝑑𝑒𝑟	𝑙𝑖𝑛𝑒𝑠	𝑝𝑖𝑐𝑘𝑒𝑑	𝑓𝑟𝑜𝑚	𝑡ℎ𝑒	𝑉𝐿𝑀𝑠	𝑦𝑒𝑎𝑟		
2016. 
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The following constraints must be fulfilled for an item to be qualified to be in the VLMs: 

li
vl
		≤ 			𝐿	,    ∀𝑖 ∈ 𝑁     (7) 

vy	×	𝐸1 		≤ 			𝑉,   ∀𝑖 ∈ 𝑁     (8) 

wy	×	𝐸1 		≤ 			𝑊,   ∀𝑖 ∈ 𝑁     (9) 

Above, constraint (7) represents that number of order lines which have a quantity above 
50, cannot exceed 100𝐿% of total order lines for each item, (8) batch volume cannot 
exceed 𝑉	𝑐𝑚F and (9) batch weight cannot exceed 𝑊	𝑔. These limitations are adjustable 
and varies in reality and all values were estimated by Alfa Laval for this project. Since 
information regarding volume was not available, it had to be set by default to a small 
digit to not disqualify too many items. Also, according to Alfa Laval, only SI items 
should be in the VLMs. Therefore, only SI items can qualify. 

4.5.3	FILTERING	OF	DATA	
To manage the provided and collected data, the first step was to sort and make certain 
calculations with the historical data. This was done in Excel and with its programming 
language Visual Basics in Applications (VBA). The sorting and calculations were made 
by created macros and already existing functions in Excel. The goal was to obtain the 
set of all the items, 𝑄, that qualifies to be in the VLM, i.e. a list of all the items that 
passed constraints (7), (8) and (9). To obtain a list of qualified items, the below 
parameter values were used and applies to ∀𝑖 ∈ 𝑁, 𝑠 ∈ 𝑆 (see Table 2). 

Table	2.	Parameter	values	and	unit	measurements	respectively.	

Parameter	 Interval		 Unit	
𝑛	 30	148	 amt.	
𝑟	 4	216	 amt.	
𝑠	 753	493	 amt.	
𝑜1 	 0	–	19	681	 amt.	
𝛼	 50	 amt.	
𝑙1 	 0	-	380	 amt.	
𝐿	 10	 %	
𝑤1 	 0,001	–	1	320	 kg	
𝑊	 17	 kg	
𝑣1 	 1	 cm3	
𝑉	 5	000	 cm3	
𝐸1 	 0	–	200	000	 pcs.	
𝑡(𝑝)	 0,021	–	18,401	 sec.	
𝑝b	 1	–	50	000	 pcs.	
𝑡1 	 18,401	–	597	254,393	 sec.	

4.5.4	VERIFYING	CURRENT	PERFORMANCE 
To be able to analyze the result, a current performance level was calculated based on the 
same input data as presented in Table 2. As mentioned, the average performance of 
about 32% is based on weekly and monthly updates where items have been moved in 
and out of the VLMs. This is not taken into consideration as it is a delimitation of this 
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project. Therefore, the current performance level has been recalculated based on the 
assumption that the items currently in the VLMs have been in the VLMs the whole year 
2016. The current performance level is a percentage share representing the amount of 
order lines picked from the VLMs year 2016 in relation to total amount of order lines 
year 2016. 

𝐶𝑢𝑟𝑟𝑒𝑛𝑡	𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒	𝐿𝑒𝑣𝑒𝑙 = ~
b
	×	100     (10) 

To obtain current performance level of formula (10), the below parameter values were 
used and applies to ∀𝑖 ∈ 𝑅 (see Table 3). 

Table	3.	Parameter	values	and	measurements	respectively.	

Parameter	 Interval	 Unit	
𝑜1 	 1	–	3	483	 			amt.	
𝑠	 753	493	 amt.	

 

To verify how well Alfa Laval performs today on selecting items manually for the 
VLMs, a screening was also done on current VLM items. This was done only for the 
VLM items that was ordered at least once during 2016, since these were the items found 
among the historical order lines. The obtained result shows how many of the items, 
currently in the VLMs, that qualify to be in the VLMs according to the target constraints 
(7), (8) and (9).	

4.5.5	OPTIMIZATION	MODEL	
When the sorting and filtering process was done and the set Q was obtained, the 
optimization program was applied. The program is based on the below optimization 
model, which was developed and formulated as a Bi-dimensional KP according to 
equations (4), (5) and (6), since it entailed two constraints, 𝑚	 = 	2. 

Objective function: 

𝑧 = max 	 𝑜1	𝑥1	1∈�         (11) 

Subject to: 

𝑥1 	≤ 𝑏	1∈�          (12) 

𝑡1𝑥1 	≤ 𝑇	1∈�          (13) 

 𝑥1 ∈ 0,1 ,    ∀𝑖 ∈ 𝑄.    (14) 

Constraint (12) represents that the VLM can fit maximum 𝑏 items, (13) equals the time 
it takes to pick all items from the VLMs cannot exceed the total amount of annual time 
available for picking and (14) 𝑥1	is a decision variable equal to 1 if item 𝑖 gets chosen to 
be in the VLM or equal to 0 otherwise. To find a solution, the following input was used 
in the optimization model and the values applies to ∀𝑖 ∈ 𝑄 (see Table 4).  
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Table	4.	Parameter	values	and	measuerments	respectively.	

Parameter	 Interval	 Unit	
𝑞	 9	074	 amt.	
𝑏	 6	367	 amt.	
𝑜1 	 1	–	3	483	 amt.	
𝑙1 	 18,401	–	115	669,590	 sec.	
𝑇	 8	345	981	 sec.	

 

The new performance level was then calculated according to formula (15) below. 

 𝑁𝑒𝑤	𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒	𝐿𝑒𝑣𝑒𝑙 = �
b
	×	100     (15) 

4.6	GUROBI	OPTIMIZER	SOLVER	IMPLEMENTATION	WITH	AMPL	
Gurobi Optimizer solver is a math programming solver for different problems including 
linear programming, quadratic programming and mixed-integer programming. Gurobi 
Optimizer solver supports a variety of modeling and programming languages, where 
AMPL is one of them (Gurobi, n.d). AMPL (A Mathematical Programming Language), 
is a modeling tool supporting the processes and procedures in optimization modeling, 
including development, testing, deployment and maintenance (AMPL, n.d).  

The sorted data was used for the formulated model, which was implemented in AMPL 
and thereafter solved by the Gurobi Optimizer solver. The output in AMPL contained 
the objective value, absmipgap and relmipgap. Absmipgap and relmipgap is tolerance 
parameters, which controls the allowable optimality violations for the Gurobi Optimizer 
solver (Gurobi, n.d). These parameters may cause minor violations of the constraints for 
the obtained solution. The output data were then imported into Excel for validation and 
testing according to the formulated constraints.  

4.7	GREEDY	HEURISTIC	ALGORITHM	IMPLEMENTATION	
Since Alfa Laval is not licensed to use the Gurobi Optimizer solver, an approximate 
solution was found upon request. A heuristic algorithm was implemented via VBA in 
Excel, also upon request, to add value for the company in the way that they can use it on 
site. To find an approximate solution, a so called Greedy Heuristic algorithm was used. 
The Greedy Heuristic algorithm is a relatively simple algorithm used to solve KP’s and 
was considered the best option in this case because of the capacity and structure of the 
chosen programming language and software. Therefore, for Alfa Laval, the Gurobi 
Optimizer solver was mainly used to verify the performance of the so called Greedy 
Heuristic solver.  

Given that the items are sorted as v�
��
> v�

��
> ⋯ > v�

��
 , the number of selected items can 

be at most 𝑏 and the capacity of the knapsack is 𝑇, the algorithm always chooses the 
best item available at each step (Moore, Ross, 2017). It is a simple algorithm, but does 
not guarantee the optimal solution. Thus, an approximate solution is generated. (Dekai, 
2005) Since the optimization model is a bi-dimensional KP and not a standard KP, the 
model had to be modified to contain only one constraint (10) for the Greedy Heuristic 
solver to work properly. Although, this way, the algorithm selects more items than 
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allowed in the knapsack. Therefore, to make the solution feasible for both constraints, 
the order of the chosen items was rearranged in descending order according to order 
frequency and the top 6 367 items was then chosen manually. The description of the 
algorithm is available in pseudo code in Appendix, section B. 

4.8	DETERMINE	THE	DIFFERENCE	
To determine the actual difference between the current performance level and result, the 
change rate of the current performance level over the new performance level was 
calculated according to formula (16) below. 

 𝐶ℎ𝑎𝑛𝑔𝑒	𝑅𝑎𝑡𝑒 = 	 �k���)�	����v�4�)��	�����
���	����v�4�)��	�����

     (16)	

Improvement is achieved if Change Rate < 1 and the rate was used to measure the 
difference in terms of cost and time for Alfa Laval.	

5.	RESULT	
The result of the project is presented in this chapter. It includes the regression of the 
observations of picking time from the VLMs, the calculated total time spent on picking 
from the VLMs during 2016, the results with both solvers compared to the current 
situation and lastly, a screening of the items currently located in the VLMs. 	

5.1	TIME	FUNCTION		
Below is a scatter plot in log-log-scale showing the picking time per piece of an item for 
an order line, depending on the ordered quantity. The power trend line shows the result 
of the regression and the corresponding function (see Figure 6). 

 
Figure	6.	Result	of	timing	tests	from	observations	at	DC	Tumbas's	warehouse. 
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As the plot above shows, the time 𝑡 (y-axis) it takes to pick one piece of an item for an 
order line with a specific quantity 𝑝 (x-axis) can be described with the function 𝑡 =
18,401𝑝de.f'g. The standard deviation for the regression was calculated by an already 
existing function in Excel to 0,37.  

5.2	TIME	SPENT	
The resulted time spent on picking the 4 216 items currently located in the VLMs 
during year 2016 was 8,34 ∙ 10f seconds, which corresponds to 2 318 hours. This result 
was based on the developed time function and viewed as the time available per year for 
the workers to solely pick items from the VLMs. Assuming the year 2016 had 229 
working days and there are four workers picking items from the VLMs, it means that 
each worker spends on average 2,53 hours per day.  

5.3	CURRENT	PERFORMANCE	
Based on items currently located in the VLMs, Alfa Laval managed to pick 257 605 
order lines from the VLMs during year 2016. Given that a total of 753 493 order lines 
were placed that year, this corresponds to a current performance level of 34,19 % out of 
all order lines. 

5.4	QUALIFIED	ITEMS	AND	SOLUTIONS 
A total of 9 074 items out of 30 148 items proved to be qualified to be located in the 
VLMs based on conditions (7), (8) and (9) and the formulated assumptions. 
 
Table 5 below shows the results of both the Gurobi Optimizer and the Greedy Heuristic 
implementations compared to the current combination of items in the VLMs. The 
parameter 𝑜1 applies to ∀𝑖 ∈ 𝑁. 

Table	5.	Result	with	both	Gurobi	and	Greedy	implementation	compared	to	current	situation.	

Result	(for	VLMs)	 Before	 After	(Gurobi)	 After	(Greedy)	
Unique	items		 4	216	 6	367	 6	367	
Items	ordered	during	206	 3	344	 6	367	 6	367	
- 1 ≤ 𝑜1 ≤ 100	 2	828	 5	717	 5	739	
- 100 < 𝑜1 ≤ 500	 405	 581	 564	
- 500 < 𝑜1 ≤ 1000	 83	 53	 49	
- 1000 < 𝑜1 	 28	 16	 15	
Items	with	0	order	frequency	 872	 0	 0	
Occupied	location	bins	 4	784	 6	367	 6	367	
- Corresponding	fill	ratio	(%)	 60,11	 80,00	 80,00	
Corresponding	amount	of	order	lines	 257	105	 315	906	 310	834	
- In	percentage	(%)	 34,19	 41,93	 41,25	
Corresponding	total	picking	frequency	 2	288	213	 1	273	743	 1	213	692	
Avg.	picking	frequency	per	order	line	 8,00	 4,03	 3,90	
Time	spent	(seconds)	 8	344	701	 8	244	715	 8	166	298	
- Corresponding	hours	 2	317,97	 2	317,98	 2	268,42	
- In	percentage	 100,00	 100,00	 97,86	
Items	that	got	to	stay	in	the	VLMs	 -	 1	879	 1	937	
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The two solutions had 6 013 items in common, which corresponds to 94,44% of all the 
items selected. 

5.6	SCREENING	OF	CURRENT	VLM	ITEMS	
Total items screened was 3 344 out of 4 216 since they were the ones ordered during 
2016, and therefore the ones included in the data. The result of the screening is shown 
below (see Table 6). 

Table	6.	Result	from	screening	of	current	VLM	items.	

Constraint	 Qualified	 Disqualified	 Total	
𝑙1 ≤ 0,10 ∙ 𝑜1,			𝑖 ∈ 𝑅	 3	198	 146	 3	344	
Is	SI	item	 2	984	 360	 3	344	
Is	not	packing	material	item	 3	344	 0	 3	344	
𝐸1×	𝑤1 ≤ 17,			𝑖 ∈ 𝑅	 	 3	315	 129	 3	344	
𝐸1×𝑣1 ≤ 5	000,			𝑖 ∈ 𝑅	 3	318	 26	 3	344	
All	of	the	above	 2	728	 616	 3	344	

5.7	CHANGE	RATE	
Based on the Gurobi Optimizer solution, which gave the best result, the change rate 
going from 34,19% to 41,93% resulted in 0,82. Based on the Greedy Heuristic solution, 
which gave the second-best result, the change rate going from 34,19% to 41,25% 
resulted in 0,83.  

6.	DISCUSSION 
This discussion section is divided into three parts, which were considered most worth 
highlighting: the final solutions and what they imply, pros and cons with the two solvers 
and lastly, the input data that was used. 

6.1	SOLUTIONS	
As shown in Table 5, the Gurobi Optimizer implementation of the optimization model 
of item locations in the VLMs at DC Tumba increased the VLM order picking share 
with 7,74 percentage points (from 34,19% to 41,93%) of annual orders. This fulfills the 
goal of 40% with an above margin of 1,93 percentage points. Consequently, 58 301 
additional order lines could be picked from the VLMs if the new obtained combination 
of 6 367 items were to be in the VLMs instead. The new combination had 1 879 items 
in common with the current combination of items, which means that 2 337 items was 
replaced by 4 488 other items. The picking time required for these items exceeded the 
time limit T with 14 seconds but is in this case considered negligible since it is on an 
annual basis and has no significant impact.  
 
The second solution, generated by the Greedy Heuristic solver, reached a corresponding 
picking share of 41,25%, i.e. a 7,06 percentage point increase. A few less order lines 
would have been picked from the VLMs with this combination of items (310 834) 
compared to the Gurobi Optimizer solution (315 906). This combination had 1 937 
items in common with the current combination, which implies an exchange of 2 282 
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items in the VLMs. The Greedy Heuristic solution did not utilize the entire time 
available, 97,86%, because the modified solver removes some items from the initial 
solution to not violate the location bin constraint. Thus, the project goal was reached 
with both solvers, and the result was almost the same. Therefore, they are both 
considered relevant and reliable. The Gurobi Optimizer solution and Greedy Heuristic 
solution had 6 013 out of 6 367 items in common, i.e. only 354 items differed between 
the two resulted combinations. This proves the stability and strength of the Greedy 
Heuristic solver, which almost selected the same items as the exact solver.  
 
Until now, Alfa Laval has been selecting items for the VLMs according to order 
frequency, item classification, by inspection and by experience. This resulted in a 
current performance level of 34,19% in comparison to the performance level of at least 
41,25% that could be achieved by storing items in the VLMs by either one of the new 
obtained solutions. As shown in Table 6, some items currently located in the VLMs did 
not pass all constraints. In fact, only 2 728 items out of 3 344 currently located in the 
VLMs qualified. 146 items are considered too time consuming to pick because of their 
respective transaction quantity, and should therefore be located outside of the VLMs. 
Both new solutions contains only SI items and compared to the current combination, 
360 non-SI items are disqualified. Only allowing SI items in the VLMs increases the 
number of order lines picked since these items are ordered most frequently comparing 
to other types of items. VLM items not fulfilling the weight and volume constraints 
amounted to 129 and 26 respectively. The reason why so many items violates one or 
several constraints and/or limitations is because of the lack of a systematic tool for 
selecting items for the VLMs. These items could also have been distributed over more 
than one location bin and therefore been allowed exceeding the weight or volume 
constraint. Also, since no data regarding item volumes were provided, all items were 
assigned the same volume. This probably does entail a large margin of error and must 
be carefully considered when analyzing the results. More items would probably be 
disqualified if the correct volume for each item were provided. 
 
The most significant difference from the current combination of items and the two new 
obtained combinations of items, is the increase in number of order lines. This increase is 
based on the fact that about 3 000 additional items were selected for the VLMs, 
increasing the fill ratio by 19,89 percentage points, which were not located there before 
and actually have an annual demand. A few, evidently by the decrease in the average 
picking frequency per order line in both cases, time consuming items with order 
frequencies above 1 000 per year were removed and many items with lower order 
frequencies was selected instead (see Table 5). This way, the total amount of order lines 
increased while still managing to stay within the time limit. Also, 872 items that were 
stored in the VLMs last year and never ordered were removed. Hence, there are no 
items in the VLMs with either new combination that occupies location bins 
unnecessarily. All items in the new combinations have an annual demand.  
 
Regarding the change rates for the Gurobi Optimizer solution and the Greedy Heuristic 
solution of 0,82 and 0,83 respectively, they basically have the same impact on potential 
savings. As shown by the Greedy Heuristic solution giving a change rate of 0,83, an 
improvement was achieved. This entails both time and cost savings for Alfa Laval, 
provided that the new combination of items selected for the VLMs would have been 



	

	
	

22	

located in the VLMs during year 2016 instead. A change rate of 0,83 means that Alfa 
Laval would have achieved the same performance level as today (34,19 %) by only 
doing 83 % of the work. In terms of time, this corresponds to 1 921,25 hours instead of 
2 317,97 hours spent on picking items from the VLMs. Thus, they would have achieved 
the same performance level as today by the end of October instead of the end of 
December. Assuming that labour cost was €35 per hour per worker, this also entails cost 
savings of €13 885.  

6.2	SOLVERS	
Gurobi Optimizer solver is advantageous in the sense that it is user friendly and have 
high operational speed, but most important, it generates an optimal solution to the 
formulated model. Gurobi Optimizer solver can also take more than one constraint into 
consideration and basically an unlimited amount of decision variables, which in this 
case is necessary to be able to find an optimal solution. The negative aspect of using 
Gurobi Optimizer solver is the cost of the user license. Before considering investing in a 
license, the profit of rearranging the items in the VLMs should be evaluated more 
closely. Another downside of using Gurobi is that constraints may be slightly violated, 
due to the tolerance parameter values, even though it had no considerable impact in this 
specific case. 
 
The Greedy Heuristic algorithm was required to be implemented in VBA in Excel by 
Alfa Laval and had to be modified manually because of its limitations regarding number 
of constraints as well as Excel’s limited capacity of only managing up to 200 decision 
variables. Since the problem is a bi-dimensional KP of such large size, a heuristic 
greedy algorithm was considered the best option and an optimal solution could therefore 
not be found. Since the basic version of Excel is not developed for solving extensive 
optimization problems, running an algorithm for solving this kind of problem is 
relatively time consuming.  

6.3	INPUT	DATA	
A crucial factor in the optimization of items in the VLMs is the assumption that all 
items currently located in the VLMs have been located there during the whole period of 
2016. Since this is not the case, the current situation cannot be perfectly reflected with 
the provided data. The fact that a large amount of the items had been changing locations 
during 2016 could not be taken into consideration because of the complexity it entailed. 
Although, moving forward, Alfa Laval will strive towards keeping items in the VLMs 
for longer periods to avoid redeployment as much as possible. Another factor that 
affects the reliability of the results is that the received data from Alfa Laval, which the 
result is based upon, consisted of order history from year 2016. To demonstrate the 
current situation in the warehouse in Tumba and obtain a result to compare with, this 
data were assumed to represent recurring annual demand for the future as well. This is 
not completely true, since demand is moving and many items were in fact added to the 
warehouse during year 2016 due to certain circumstances. Although, predicted orders 
obtained from more advanced forecasting tools can be used as input in the model. 
However, that was not within the scope of this project and therefore the result reflects 
an outcome according to the exact order statistics of 2016. 
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In the modeling phase, the absence of data as well as time limitations, required the 
sorting constraints (7), (8) and (9) to be based on judgements and estimations from the 
workers at DC Tumba. Firstly, data concerning volume for each item could not be 
provided and were therefore approximate and did not necessarily reflect the reality. 
Another estimated parameter, based on judgement, was the quantity constraint, telling 
which quantities are considered too large to handle without interrupting a smooth and 
efficient picking flow. This parameter was estimated to 50 pcs by the workers in the 
VLMs in the warehouse. The maximum allowed percentage of order lines exceeding 50 
were also set to an approximate figure, 10%. These parameters obviously have an 
important impact on the result and must be carefully considered. A more thorough 
investigation could have been done by determining a sort of “punishment” in terms of 
time cost for an item to be located outside the VLMs versus in the VLMs and by that 
decide where an item should be located depending on its demand and estimated time 
consumption. This would also make it possible to more precisely determine the 
potential savings. The fill ratio is also a parameter that have, maybe the greatest, impact 
on the result and this may be adjusted according to the prevailing circumstances and 
requirements, which is totally up to Alfa Laval to decide. In the obtained solutions, the 
fill ratios have increased significantly. The increase does not only imply more order 
lines picked from the VLMs, it also means more time required for replenishment by the 
pickers. The time limitation, T, could therefore be adjusted to consider replenishment 
time depending on how time consuming replenishment is in relation to picking and 
other activities during a working day. On the other hand, a positive side effect of an 
increase of the fill ratio is that more space in the warehouse, outside the VLMs, become 
available. The increase in fill ratio in the VLMs, from 60,11 % to 80,00 %, implies that 
1 583 location bins outside the VLMs becomes available for other additional items to be 
stored in the warehouse.  
 
Constraint (13) and the limit T in the model is based on the observations done 
specifically for the project and could have been done more thoroughly. A larger sample 
of observations would probably have an effect on the time function (Figure 6) and 
thereby also result in another time limit T. Although, judging by the relatively small 
standard deviation of 0,37 it would probably not have such a substantial effect and the 
result would not be that different. Assuming T fairly reflects reality, the picking time 
limitation results in approximate 2,5 hours of picking per day and picker, which could 
be perceived as proportionately low (relative a standard working day of eight hours). 
The picking time is only based on the actual picking activities and the fact that 
disruptions arises as well as the excluded activities in the picking flow takes time, the 
2,5 hours per day per picker is reasonable. One may discuss how to reduce the 
disruptions to increase the actual picking time but is not within the frame of this project.  
 
Although all the above-mentioned parameter values might not be fully realistic and 
affects the result a lot, a great benefit with the developed Greedy Heuristic solver is that 
these parameters are easily adjustable. Each time Alfa Laval wants to use the tool, they 
decide parameter values themselves. This also makes it possible for Alfa Laval to use 
this tool at other sites where the circumstances will probably be different as well, which 
was desired. 



	

	
	

24	

7.	CONCLUSIONS	AND	FURTHER	RECOMMENDATIONS	
The results confirm that the Gurobi Optimizer solver and the Greedy Heuristic solver is 
almost equally good at solving the given instance of the bi-dimensional KP. The Gurobi 
Optimizer solver is, on the other hand, exact and finds the optimal solution, while the 
Greedy Heuristic solver has a performance of 94,44% relatively the Gurobi Optimizer 
solver. Nevertheless, because of the high performance of the Greedy Heuristic solver, it 
is considered good enough in this case and investing in a Gurobi Optimizer solver is 
therefore not necessary, given its cost. Also, by screening the items currently in the 
VLMs to verify which items passed all constraints, it clearly shows that current 
strategies for determining which items that should be in the VLMs is not good enough. 
A part of the current VLM items did not even qualify according to elaborated 
limitations and constraints and more than half of them were then removed from the 
VLMs by both implementations for different reasons. Both implementations improved 
the current performance level and therefore the Greedy Heuristic solver is 
recommended in the future. 
 
Since both solvers use historical order data exclusively from 2016 as input, the results 
cannot entirely describe the current prevailing situation. New incoming items are also 
difficult to handle if the input data only contains and are based on historical order 
statistics. Increased accuracy of the input data in terms of, for example forecasted orders 
for both already existing items and new incoming items, would probably create a more 
relevant result. Thus, a further recommendation for the Greedy Heuristic solver is to use 
forecasted demand of orders and respective order quantities as input data. The results 
are, obviously, specific for this case and depends entirely on the limitations and 
constraints used in the implementation. All the limitations such as batch volume, batch 
weight, the fact that a quantity above specifically 50 is considered too time consuming 
and that only 10 % of order lines for an item can exceed that quantity limit, should be 
determined and evaluated more carefully to obtain a more realistic result. In this case, 
item volume is made up and all the parameter values are estimated. The time and 
location bin constraints are also adjustable and have a great impact on the result. 
Therefore, a strong advice is to determine these limitations more precisely and use them 
both when sorting the data and in the implementation of the Greedy Heuristic solver. It 
would increase the accuracy of the solution. 
 
Although an improvement is achieved, one should have in mind that adding a lot of 
items in the VLMs also implies an increase of need for replenishment. This means that 
more time needs to be spent on replenishment to maintain the specific combination of 
items in the VLMs. Replenishment time or related costs in any way is not included in 
this project. Therefore, an optimal balance of VLM picking share and VLM 
replenishment time should be calculated and included in the model to be able to ensure 
that the workers can execute all their working tasks entailed by the solution within the 
time frame of a working day. 
 
One may also consider the strategies applied in the warehouse in Tumba in a greater 
perspective. Alfa Laval is concerned with reaching a higher picking share from the 
VLMs and the applied picking strategy of course have an impact on reaching that goal. 
A pick-and-sort strategy, where the sorting activity is separated from the picking 
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activity, would logically reach a higher picking share than the prevailing sort-while-pick 
strategy does. Although, a pick-and-sort strategy would require investments in 
establishing a sorting station and thereby transform the entire flow in the warehouse. A 
further study of the advantages and disadvantages of a pick-and-sort strategy has not 
been conducted and is more relevant in a greater context of warehouse optimization. 
Other strategies may be relevant in other warehouse activities and operations to 
approach optimality. This is, on the other hand, not of interest in this project but should 
be evaluated in further studies of warehouse optimization. 
 
In summary, both solvers are advantageous for Alfa Laval and fulfills the goal of 
reaching a 40% order picking share from the VLMs, based on the provided data. The 
developed solvers should further be supplemented with a forecasting tool that can 
generate more relevant input data to ensure a more rewarding result. 
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APPENDIX	

A:	INTERVIEWS	

ANDERS	VIKLANDER	
Q: Does all items in the VLMs have fixed locations or do they change sometimes? If yes, 
how often? 
A: The locations are changed to some extent, but is done irregularly. Some new articles 
will be placed in the VLMs while old ones have to move out from them. Some items 
occupy two or more location bins (lot items) as well because of the traceability of 
batches. Frequencies of items are rarely changed to a large extent and changing the 
locations are thereby not necessary that often. When new batches of items located in the 
VLMs arrives, they might be placed in new locations (which means, one item could be 
placed on two different locations). 
 
Q: Besides physical limitation of the VLMs, how much does the volume matter in your 
slotting strategy? 
A: Some items fits in the blue boxes while others doesn’t. They try to fill the location 
bins as good as possible but is not prioritized. The locations in the VLMs are “floating”, 
items are placed where there is an empty location at the moment. 
 
Q: What is a wave? 
A: Orders are batched to enable picking to different orders, or so called deliveries. Thus, 
one wave includes different deliveries. If one item appears in in several orders, this item 
will be picked during the same wave but to different orders or “deliveries”.  
 
Q: How long can a wave be? 
A: A wave could vary in time but the orders that will depart and have sooner deadlines 
must be done first. The size of a wave is also limited to the number of boxes fitted on 
the cart.  
 
Q: How many items are picked in one wave and why? 
A: Deadlines for the orders are crucial for the size of the wave.  
 
Q: Do you sort the orders right away in the blue boxes or do you sort after picking all 
the items to your cart? 
A: The items are sorted when they are picked. The pickers sort while the VLMs are 
changing trays.   
 
Q: How large can the order quantity be to not be considered too time consuming to pick 
from the VLMs? 
A: There are no specific limits but they strive to have the VLMs moving constantly to 
reach a high utilization. But around 100 counts (quantity=100) is an approximate limit 
that is currently used. The best case would consist of a lot of orders but with smaller 
quantities.  
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Q: Does the picker move between the VLMs or does he just pick from one VLM in one 
wave? 
A: It depends. According to SOP, the picker should pick from one VLM and then 
consolidate the deliveries. 
 
Q: How many hours per day are the workers picking items from the VLMs? 
A: Hard to say but the pickers are also concerned with replenish items in the VLMs as 
well. Find a relationship between EOQ and sold quantity.    
 
Q: How many workers are picking items from the VLMs? 
A: On average 3-4 pickers are working with the picking daily. 
 
Q: Three VLMs have two openings, does this mean two pickers can pick from them at 
the same time? 
A: No, to pickers can’t pick from the same VLM but one picker could move between 
two openings in the same VLM.  
 
Q: How does the VLM moves? Clockwise and/or counter clockwise? Which ones 
extends underground? 
A: The succeeding tray that appears depends on the picking list and the item next in 
line. according to the picking list   
 
Q: The current order picking share of about 30-32%, what is this based of? 
A: The percentage is calculated on a daily basis. The calculations are based on the 
number of order lines and not the quantity.   
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B:	PSEUDOCODE	

GREEDY	HEURISTIC	ALGORITHM	WITH	MODIFICATION	
Start 

q = number of qualified items 
pickingtime = 0 
orderlines = 0 
selecteditems = 0 
initialsolution = zeros(q) 
finalsolution = zeros(q) 
o = vector with number of orderlines for all items i 
t = vector with amount of picking time required for all items i 
T = time available for picking items from the VLMs 
b = number of location bins available in the VLMs 
Calculate o(i)p(i) for each item and sort items so that v�

��
≥ v�

��
≥ ⋯ ≥ v�

��
 

For i = 1 to q 
 If pickingtime + t(i) <= T seconds Then 
  orderlines = orderlines + o(i) 
  pickingtime = pickingtime + t(i) 
  selecteditems = selecteditems + 1 
  initialsolution(i) = 1 
 Elseif pickingtime + t(i) > T seconds Then 
  initialsolution(i) = 0 
 End if 
Next i 
 
If selecteditems > b Then 
 selecteditems = 0 
 orderlines = 0 
 pickingtime = 0 

Sort items in initialsolution in so that 𝑜% ≥ 𝑜' ≥ ⋯ ≥ 𝑜� 
 For i = 1 to q 
  If initialsolution(i) = 1 

If selecteditems <= b 
    selecteditems = selecteditems + 1 

finalsolution(i) = 1 
orderlines = orderlines + o(i) 
pickingtime = pickingtime + t(i) 

   Elseif selecteditems > b 
    finalsolution(i) = 0 
   End if 
  Elseif initialsolution(i) = 0 

finalsolution(i) = 0 
End if  

 Next i 
Elseif selecteditems <= b Then 
 finalsolution = initialsolution 
End if  
 
Return orderlines, pickingtime, selecteditems, finalsolution 

End 


