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Abstract: The design of a warehousing system involves decisions on the storage mode (i.e. technology, equipment) 
and the plant layout, which profoundly affects the efficiency and the costs of the operations on a long-term range. 
To adequately support these choices, a considerable amount of data on the inventory mix (i.e. the population of 
stock keeping units) is required. Nevertheless, with an increase in the number of intermediaries along the supply 
chains, these data are often unavailable for logistics providers, who need to optimise storage design and operations 
while dealing with data scarcity. 

This paper addresses the warehouse design problem with data scarcity. It presents a hierarchical procedure (1) for 
data collection and organisation, and a series models (2) to aid the warehousing system designers and managers. 
Great emphasis is given on the type of information (i.e. weight and volume of each SKU) necessary to feed the 
models. Models of increasing complexity address each decision problem (e.g. SKUs clustering, rack design, the 
design of buffering area). A basic support-model, fed by poor data, is always provided for each decision.  More 
sophisticated models lead to more confident results when larger datasets are available. 

A case study presents the results obtained by the application of these models. The monitoring protocols about on-
field monitoring, set to deal with a lack of data, are provided. The comparison of the results obtained by the 
application of the proposed models suggests best practices to design performing storage systems. 
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1.Introduction 

Storage systems are the indispensable buffering nodes of 
any supply chain. Their impact decouples the demand and 
the offer enabling for an efficient organisation of the 
production and shipping. To efficiently perform, it is 
necessary to design a storage system carefully. The choice 
of the storage technology (e.g., the racks typology, the level 
of automation), the handling equipment (e.g., the forklifts) 
and the plant layout are crucial choices to handle carefully 
since they heavily affect the performance of the system in 
the long-term. These choices influence the organisation of 
picking activities, which accounts for a significant fraction 
of the total costs (Tompkins et al. 2003). An appropriate 
design of the storage system can reduce the operating 
costs (Gu, Goetschalckx, and McGinnis 2010). 

Third-party logistics (3PL) providers offer a wide range of 
storage solutions to their customers (i.e., production and 
distribution operators) (Baruffaldi, Accorsi, and Manzini 
2018). Their business model is based on offering a storage 
amount (i.e., a number of pallets) and a level of service 
(i.e., a time window to perform picking and outbound 
activities) to their customers. 3PL providers continuously 
monitor their performance since their economic edges 
come from their productivity, i.e., their level of efficiency 
(Tufano et al. 2018). Nevertheless, the amount of data that 
customers usually share with 3PL providers is minimal. 
This fact is due both to an incompatibility of the IT 
systems (Huo et al. 2017) and low willingness from the 
customer who prefers to keep them secret. Unfortunately, 
3PL would benefit a lot from this information, and they 

would be able to increase their productivity and, 
consequently, the level of service offered to the customers. 

Literature deeply analyses and discusses the limits and the 
benefits coming from information sharing in a supply 
chain (Ren et al. 2010). Focusing on a storage system, an 
essential source of knowledge comes from the individual 
information about stock keeping units (SKU). In 
particular, the volume and the weight of an SKU are 
fundamental data for the design and control of a storage 
system, but 3PL providers rarely receive this information 
from the customers (Mansour et al. 2013). 

An additional issue, typical of 3PL providers, comes from 
the necessity to move goods or even relocate an entire 
storage system. These activities happen quite often since a 
3PL provider typically hosts SKUs from different 
customers and different seasonality in the same warehouse 
node. Besides, the short duration of the contracts (e.g., 12 
to 36 months) produces a high rotation in the customer 
portfolio, which temporarily leads to a high number of 
empty racks within the storage system. 3PL providers tend 
to fill this space by acquiring new customers immediately. 
Nevertheless, it always exists the opportunity to re-allocate 
the stored SKUs to improve productivity. Finally, when a 
3PL has to change the storage site (consequently 
transferring all the stored goods), there is the opportunity 
to design the site from scratch choosing the storage 
technology which reduces the picking time and costs 
(Manzini et al. 2018).  

Literature defines a wide range of models used in the 
design of a novel storage system (De Koster, Le-duc, and 
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Roodbergen 2007; Manzini, Bozer, and Heragu 2015). 
Many of these models are established and robust, but the 
lack of data needed prevents their application in the real 
world. For example, many models address storage 
allocation (i.e., the definition of the inventory level) and 
storage assignment (i.e., the definition of a proper location 
for each SKU). Nevertheless, many of these are based on 
volume data which are rarely available to 3PL providers. 

Early literature approaches the problem from a data-
driven perspective. In practice, models are built upon the 
available data using statistical theory and machine learning 
algorithms to interpolate the missing data. Statistical 
unsupervised clustering algorithms (adopted by machine 
learning models)  are used to address the storage allocation 
problem (Pang and Chan 2017; Werneck Barbosa et al. 
2017). Markov chain is a statistics-based technique 
adapted to estimate the total travelled distance in a storage 
system (Pan and Wu 2009). Finally, discrete event 
simulation (DES) can always be used to test the effect of 
these models in a simulated environment. DES provides 
the validation testbed for plant layout and a storage system 
design (Dubey and Veeramani 2017). 

This paper explores a real case study by the integration of 
many established techniques into a practice-ready 
hierarchical structure. This paper aims to be data-driven, 
i.e. it proposes a basic model to get an immediate result 
for any decision problem. Increasing the amount of data, 
the complexity of the model increases and the quality of 
the results as well. We aim at answering the following 
unmet research questions: 

RQ1: Which design techniques are adequate to design a storage 
system in an environment where limited information about SKUs is 
available? 

RQ2: Which are the relevant data about SKUs for a robust design 
of a storage system and how they can be adequately collected and 
manipulated? 

The methodology of this paper introduces a hierarchical 
structure to support the design of a new storage system or 
the re-design of an existing one. The data-driven approach 
is implemented in the hierarchical structure to start with 
the questions “which data do we have?” and “which data 
do we need to collect?” and consequently propose: 

• models suitable for the amount of available data 

• techniques to deal with the lack of data. 

The remainder of this paper is organised as follows. 
Section 2 presents the hierarchy of the design activities and 
the methodology to address the design or the re-design of 
a storage system. Section 3 presents a case study applying 

the methodology. Section 4 discusses and concludes the 
study. 

Notation 

Table 1: notation used in the manuscript 

Parameter Description 

𝑖 ∈ 𝑆, 𝑖 = 1, … , 𝑚 Set of SKUs 
𝑘 ∈ 𝐶, 𝑘 = 1, … , 𝐾 Set of control points 

𝑗 ∈ 𝐿 ⊂ 𝐶 𝑗 = 1, … , 𝑛 Set of storage locations 

𝑤𝑖  Weight of SKU i (Kg) 

𝑣𝑖  Volume of SKU i (𝑑𝑚3) 
𝑉𝑗  Volume of storage location j (𝑑𝑚3) 
𝜂𝑗 Saturation of storage location j (𝑑𝑚3) 

𝑆𝑆𝑉 Set of words of the storage system vocabulary 

𝐵𝑖 Set of words of the description of SKU i included into 
SSV 𝑣𝑖

𝑝  Average value of 𝑣𝑖 calculated at percentile 𝑝 
𝑡𝑙,𝑘 Number of trips between control points j and k 

 

2.Methodology 

This section introduces the hierarchical procedure for the 
design or re-design of a storage system. The whole design 
process comprises three phases: 

1. SKU properties inference 
2. Design of storage areas 
3. Design of handling areas. 

Figure 1 illustrates all these steps. The associated entities 
are highlighted as well as the decision problems and the 
proposed supporting models. In addition, the last two 
frames, on the right of Figure 1, show the source of the 
data needed by each model. The following paragraphs 
illustrate the relevance of each step and its implementation 
in the design of a storage system. 

 

2.1. SKU properties inference  

The information on the SKUs is crucial to design a storage 
system. This paragraph describes this preliminary phase of 

Figure 1: hierarchical procedure for warehouse design 
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the design where information is collected or inferred when 
not available. It aims at pinpointing: 

1. The properties of each SKU (e.g., weight, volume, type 
of package, shelf life), needed to identify a proper 
storage technology. 

2. The workload of each SKU (i.e., the expected number 
of picking lines per year), used to choose an adequate 
handling mode. 

The number of SKUs in a storage system can easily reach 
a very high number (e.g., some thousands). For this 
reason, it is not recommendable to analyse each single 
storage unit. It is necessary to proceed to associate an SKU 
to a broader family of SKUs (i.e. a cluster). Commercial 
categories (i.e., the market classes defined by the customer) 
usually provide a predetermined split into families. 
Unfortunately, it is easy that this information is not shared 
or it does not provide useful insights to the storage 
manager. 

Unsupervised machine learning algorithms are used to 
tackle with this lack/low information level of the data. 
These algorithms discover hidden patterns among data by 
clustering points (i.e., SKUs) into homogeneous classes. 
We assume that SKUs belonging to the same class have 
similar properties (i.e., volume and weight). 

In particular, classes are defined based on the description 
of each SKU. Customers are almost always willing to share 
the descriptions of the SKUs. For this reason, 3PL 
providers can quickly get this data. To define 
homogeneous classes of SKUs, a bag of word model 
(BOW), based on the text description of each SKU, is 
implemented.  

A BOW defines a frequency analysis on text strings. It 
counts the number of occurrences of each word, and it 
gives higher importance to strings occurring the most. To 
ensure that the model performs adequately, it is necessary 
to clean the input strings separating words (e.g. removing 
_ and - characters) and removing special characters (i.e., +, 
/, |, ”,  ’, . characters). BOW defines a vocabulary of the 
storage system (SSV) which contains the single words or a 
couple of words occurring the most. It is recommendable 
to set a threshold on the minimum number of occurrences 
for a word to enter the SSV (e.g., at least ten occurrences 
among all the descriptions). Finally, each SKU is 
associated with 𝐵𝑖  i.e., the set containing all the words of 
the SSV included in its description. 

At this stage, unsupervised learning methods are used to 
find patterns among SKUs descriptions based on the 
values of the sets 𝐵𝑖 . A matrix 𝑀 is defined to measure the 
similarity between each couple of SKUs 𝑖, ℎ ∈ 𝑆 based on 
the value of the Jaccard index calculated on 𝐵𝑖, 𝐵ℎ . A 
hierarchical clustering algorithm (i.e. complete linkage 
CLINK) is applied on 𝑀 to define clusters of SKUs. Once 
clusters are defined, it is possible to easily infer unknown 
parameters on the SKUs of the whole cluster. The volume 
and weight are measured for a small sample of SKUs and 
extended to the whole cluster. Since, hierarchical 
clustering produces different clusters depending on the 
similarity threshold on the values of 𝑀, we used different 
similarity thresholds (i.e. the 10°, 30°, 50°, 70°, 90° 

percentile of the Jaccard index value) and we choose the 
one minimizing the variance of the parameter to estimate 
(e.g., volume or weight) for each cluster. 

An on-field monitoring campaign may be necessary when 
the volume 𝑣𝑖 and the weight 𝑤𝑖  information are not 
available. These values can be collected via direct-
measuring (1) or by an estimation on the rack saturation 
(2). 

In the case of direct measuring, 𝑤𝑖  are weighted one by 
one for each SKU of the sample, while volumes 𝑣𝑖 are 
measured as the volume of the equivalent parallelepiped 
containing the SKU. Then, the average value of the 
selected sample is extended to the whole cluster of SKUs. 

Alternatively, 𝑣𝑖 can be calculated by considering the 
percentage saturation 𝜂𝑗 of each storage location j and the 
number of SKU 𝑛𝑖𝑗 stored in each location j for each SKU 
i. The volume of a storage location is measured as 𝑉𝑗 . The 
expected volume for each SKU is calculated as:  

𝑣𝑖 =
1

𝑐𝑎𝑟𝑑(𝑗: 𝑛𝑖𝑗 > 0)
 ∑ [

𝑉𝑗 𝜂𝑗

𝑛𝑖𝑗
]

𝑗:𝑛𝑖𝑗>0

 

This value can be extended, as well, to any SKUs of the 
predetermined cluster. 

On the workload side, historical data provides an 
estimation of the expected workload in a future period. 
These data are collected from an order list recording all 
the picking information (e.g., timestamp, location, SKU 
code, order code). Grouping data on the SKU code allows 
checking which SKUs generate the most significant 
fraction of the workload and is fundamental to identify 
how to place them into the storage system. 

2.2. Design of storage areas 

Once the weights, volumes and the expected workload are 
known, it is necessary to identify which storage mode (i.e. 
technology) is the most adequate to host the entire set or 
a subset of the SKUs. The selection of the storage mode 
is based on the expected workload (Dallari, Marchet, and 
Melacini 2009) since different storage technologies usually 
offer various productivity performance (i.e. picking line 
per hours). SKUs clusters are ranked according to their 
expected workload while volume and weights are used to 
check if a storage mode can host a cluster of SKUs (e.g., a 
vertical warehouse cannot host pallet-size SKUs). 

Once SKUs are assigned to a storage mode, it is necessary 
to: 

• Allocate an amount of storage space to SKUs  

• Assign SKUs to one or more storage locations 

Allocation is used when SKUs have a large inventory 
volume and it is stored both in a reserve and a fast pick 
area to expedite picking operations. The assignment is 
always necessary to put the most picked SKUs in locations 
close to the input/output point (Bartholdi and Hackman 
2017). Computer-aided design is widely used to perform 
both these two activities (Accorsi, Manzini, and Maranesi 
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2014). Many allocation-assignment policies are simulated 
to identify the most efficient one (Accorsi, Manzini, and 
Bortolini 2012). Once the storage assignment is defined, a 
single control point (CP) is used to model the entire 
storage area during the design of the handling areas and 
the final plant layout. 

2.3. Design of handling areas 

This phase aims at designing handling (i.e., buffering or 
processing) areas and at designing a plant layout 
minimising the distance travelled between each of these 
areas. A single CP models each area exchanging material 
flows. At the beginning of this design phase, it is necessary 
to identify which areas are worth to be modelled as CP. To 
meet this goal, the implementation of a process mapping 
technique (i.e., Business Process Model and Notation – 
BPMN) is a robust methodology to identify the CPs of the 
process. This qualitative methodology uses a graphical 
notation to connect the activities exchanging material or 
information flows together with the steps of the analysed 
process (e.g., inbound/outbound activity). 

In the handling areas, the operators prepare the SKUs for 
storage (e.g., inbound, inspection) or shipping (e.g., 
packing, order consolidation). Buffering areas are zones 
between activities where the SKUs wait for handling. The 
design of the buffering area is crucial since too small areas 
would generate congestions of the activities. Otherwise 
too large areas remove space from the storage/handling 
areas (which 3PL providers use to generate profits). The 

implementation of a BPMN helps to connect these areas 
and to identify the intensity of the flow of materials. A 
from-to matrix 𝑇 with entries 𝑡𝑗,𝑘 is defined accordingly to 
the intensity of flow exchange between CPs. 𝑡𝑗,𝑘 estimates 
the number of trips between CPs j and k. 

The value of 𝑡𝑗,𝑘 is static and does not consider how the 
system evolves. For this reason, it is meaningful to design 
the plant layout placing CPs exchanging intense material 
flows close to each other. Nevertheless, it gives no 
information on the work in progress (WIP) between CPs 
(i.e. the number of SKUs waiting to be 
processed/shipped), that is an important parameter for 
the design of the buffering areas. To estimate this 
parameter, a probabilistic model called Markow Chain 
(MC) is introduced. A MC applies statistical Markov 
properties on a directed graph to measure the probability 
of occurrences of an event (i.e. the node) given the 
probability of the transitions between the events (i.e., the 
arcs). In this case, 𝑇 is the input matrix representing the 
probability of transitions between the events. A complete 
graph 𝐺(𝑉, 𝐸) is defined as follows. 

• A set of nodes, corresponding to the number of rows 
of the matrix (i.e. each CP is a node of 𝐺). 

• A set of directed arcs representing the probability of 
transition between the nodes (i.e., the CPs). The 
weight of each arc represents the probability that the 

Figure 2: inbound process for discrete event simulation 

Figure 3: outbound process for discrete event simulation 
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edge is travelled to transfer materials. This value is 

calculated as: �̂�𝑗,𝑘 =
𝑡𝑗,𝑘

∑ ∑ 𝑡𝑗,𝑘
𝑛
𝑘

𝑛
𝑗

 

The value of �̂�𝑗,𝑘 defines the probability of a transition 
from CP j to CP k. MC implements an initial state of the 
system (i.e., a number of SKUs located in each CP) and it 
simulates a given number of transitions.  The transitions 
redistribute the initial state value among the others CPs 
according to the transition probability �̂�𝑗,𝑘. The initial state 
of the MC is chosen accordingly to the specifics of the real 
storage system (e.g., the inbound node is fully loaded, and 
all the others are empty) and a number of transitions on 
the graph are performed to check how the WIP is 
redistributed after a number of transitions of the system. 
Even if this approach does not provide statistics on the 
number of SKUs in each buffering areas, it defines how 
the workload flows between control points. Some CPs 
have a higher probability of hosting WIP after a significant 
number of transitions. This fact suggests that these CPs 
deserve much more area than the others. 

Discrete event simulation (DES) is used to get statistics on 
the expected workload in these areas. Typically, inbound 
and outbound areas deserve design validation via 
simulation due to their importance for all the 
receiving/shipping processes. Figures 2 and 3 illustrates 
the flowchart of a DES model and the data needed to 
support the design of these areas.  

Considering the inbound process, it is necessary to know 
the distribution of the arrivals of trucks and the 
distribution of the number of pallets transported by each 
truck. The arrivals distribution is usually available from the 
warehouse management system (WMS); otherwise, a 
random distribution over the daily shift can define their 
arrival time. After truck unloading, pallets wait in the 
inbound area (the one to be designed) for the following 
processes. It is necessary to know the distribution of the 
execution time for each of the following processes and to 
know the number of resources dedicated to these 
activities. On-field monitoring campaign aims at collecting 
these data.  

Outbound modelling is similar to the inbound modelling 
process. To design outbound areas, it is necessary to know 
the distribution of arrivals of the shipping trucks, and the 
distribution of picking and packing times. These values 
can be obtained, as well, via the on-field monitoring 
campaign or by analysing the records of the WMS. 

At this stage, each storage and handling area is adequately 
designed and accounts for a precise area (𝑚2) on the plant 
layout. Areas should be, then, placed on the available space 
such that CPs which exchange intense materials flows are 
close to each other. 

3. Case Study 

This section presents an application of the proposed 
methodology to the relocation (i.e., the transfer of all the 
SKUs from an existent storage system to an empty one to 
design from scratch) of a 3PL site. The 3PL company 
hosts two customers in the existent warehouse and needs 
to relocate the entire storage area due to the expiration of 
their building rental contract. For this reason, they are 

interested in the opportunity of optimising their processes 
since they must transfer all of them to move a new empty 
building. The existent storage system is composed of: 

• a traditional rack storage area (i.e., served by forklifts) 
• a block stacking area 
• an automated vertical warehouse (for small parts) 
• a cantilever rack area 
• a shelf storage area (i.e., served by walking operators)  

Besides, the warehouse manager suggested replacing the 
automated vertical warehouse with a man-on-board in-
rack picking solution because of the very low productivity 
of the former. The company owns the data about one year 
of put-away and picking for each of the two customers, 
but the SKUs master file does not contain the volumes of 
the SKUs.  

An on-field monitoring campaign collects the data to fill 
this lack. Volumes and weights have been assigned to 
more than 10.000 SKUs using the BOW model based on 
SKUs description. Figure 4 illustrates the result of the 
BOW using a word cloud. The bigger words represent a 
higher number of occurrences in the SSV. In this case 
study, the BOW-based volume estimation has a crucial 
role. It is essential to check whether an SKU has a volume 
small enough to fit the new man-on-board in-rack picking 
system which has a different number of levels (i.e. 20) 
compared to the rest of the storage racks (i.e. 7 levels).  

 
Figure 4: the word cloud representation of the BOW 
model 

Once the assignment of SKUs to the different storage 
mode is defined, a decision support system is used to 
identify the best allocation and assignment policy. Due to 
a low inventory level and a very high number of SKUs (i.e. 
around 10.000) no allocation policy is selected since there 
are not enough quantities to justify a forward-reserve 
storage policy. A multi-scenario analysis assesses the effect 
of four different assignment policies producing rankings 
based on Popularity, Turn, Order closing and COI 
(Accorsi, Manzini, and Maranesi 2014). Statistical analysis 
is performed on the distribution of the travelled distance 
per order inbound/outbound order. The mean value of 
each distribution is an estimate of the performance of the 
assignment policy (see Table 2). Popularity and COI 
outperform the other indices and Popularity has been 
chosen, in practice, since it is simpler to implement using 
the existing data structure of the WMS. 
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Table 2: mean value and best-fit distribution of the 
travelled distance per order in the multi-scenario 
analysis  

 
BPMN is used to map and understand the existing 
processes and to define the relevant CPs. A monitoring 
campaign estimates the amount of material flows 
exchanged between CPs defining matrix 𝑇. 

An MC model based on the value of 𝑇 is designed and 
used to simulate a number of steps close to the number of 
lines processed daily (i.e. 500). The initial state of the MC 
is set to a workload equiprobability among all nodes to 
evaluate how a randomly loaded system evolves. Figure 5 
illustrates the probability (color gradient and dot size) that 
a SKU is found on a specific CP after 500 transitions. 

Based on these results, a higher probability regards the 
inbound and outbound areas, the inbound quality control 
area and the outbound packing area.  

To carefully design these areas, four distinct DES models 
have been developed. Each model monitors the number 
of pallets/cartons in a buffer, waiting for processing. Data 
about the distribution of the arrivals are inferred from the 
WMS. Conversely, on-field monitoring campaign collects 
the time distribution of the processing operation (e.g., 
picking, packing). The model is built and run on 
Automod® to produce the results. For each model, it 
measures several variables: the average, minimum and 
maximum WIP, the average waiting time of each pallet in 
each buffer queue, the saturation of the resources (e.g., 
packing or inspection operators). For the design purpose, 
each model produces a timeline graph representing the 
average and the current value of the number of pallets in 
each buffer at sampling time instances. By sampling this 
variable at an adequate frequency (i.e., one sample per 
minute), it is possible to assess the behaviour of any buffer 
and to properly design the space needed for them. 
Buffering modelled with DES are designed with a capacity 
equal or major than the peak value obtained by the 

simulation.  Figure 6 presents the graph of the expected 
number of pallets in the inbound and outbound areas.   

 

4. Discussion and Final Remarks 

Section 3 presents the application of the proposed 
methodology to a real-world case study. The value of the 
case study shows that a hierarchical approach aiming at 
splitting a complex problem (i.e., the warehouse design) 
into minor sub-problems can work well in practice. Many 
scholars approach warehouse design problem designing a 
single model fed by a single dataset to concurrently get the 
warehouse configuration (van Gils et al. 2017) (integrated 
modelling). This paper uses an opposite approach where a 
different model targets each problem and the choice of the 
model depends on the amount of available information on 
its problem (data-driven modelling). The use of models 
belonging to different fields (e.g., probability theory, string 
processing, machine learning, simulation) is used to 
precisely target one step of the hierarchical procedure 
obtaining the most accurate result that the available data 
can produce. Integrated modelling is extremely limited in 
its application (due to the massive amount of data needed) 
while data-driven modelling always produces the best 
practice-ready solution to a real problem.  

The methodology introduces practice-ready models to 
target RQ1 since the data used to feed the models are 
available at any WMS, or they can be easily collected on-
field. Also, the hierarchical procedure itself is designed to 
suggest a practice-ready roadmap to the warehouse 
designer. The hierarchy clearly shows which data are 
relevant and how to collect them in the eventuality they 
are not immediately available. This fact answers RQ2 
showing how to set an on-field monitoring campaign to 
fill lacks of data. In particular, the volumes and weights are 
the starting point of the entire design process.  

Future studies will investigate the role of data-driven 
models on warehouse control activities to check whether 
the operational data can be used to infer the productivity 
of the storage system. Besides, the use of machine learning 

Figure 5: Markov chain model representation 
after 500 transitions 

Figure 6: DES output for inbound and outbound 
buffer design from Automod®  
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techniques on the output of the models on many different 
case studies will be used to infer properties of the SKUs 
and of the storage system to define best practices in the 
design and control of an industrial warehouse 
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