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ABSTRACT
Warehousing and distribution tend to be the most labour-intensive component of logistics. More-
over, these have become more important with the explosion of online purchases, especially with
expedient shipping. Recently, significant advances in aisle designs for unit-load, that is, single-pick,
warehouses have achieved up to a 20% reduction in the expected travel distance. However, the effec-
tiveness of these designs for general order-picking has been little investigated. The research herein
addresses this by thorough examination of optimal designs that embrace a wide range of possibili-
ties considering different order picking characteristics. The results suggest that the historic practices
of orthogonal pick and cross aisles perform surprisingly well for a wide variety of order picking envi-
ronments especially those with longer pick lists. The benefits of alternative designs over traditional
configurations are modest with improvements of less than 5%. However, our extensive experimen-
tation and analysis show a potentially useful new design schema that emulates the Karlsruhe, or
Moscow, radial motif. This appears repeatedly and places the depot, counter-intuitively, at the cen-
tre of the long side, rather than where the cross aisles meet. Furthermore it is very different from
conventional orthogonal aisles. The findings are synthesised into a straightforward concise set of
design rules for practitioners.
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1. Introduction

Warehouses are essential for aligning product supply
with demand across various levels of the supply chain
(De Koster, Johnson, and Roy2017). Among the many
operations in warehouses, order picking is a central task
and also generally the most costly operation (Tomp-
kins 2010). In conventional manual picking operations,
workers traverse warehouse aisles to locate the stock-
keeping units (SKUs) linked to order lines. Organizing
these routes represents a variant of the well-known Trav-
eling Salesman Problem (Çelik and Süral2019; Ratli� and
Rosenthal1983), whose resolution substantially in�u-
ences both operational costs and throughput capacity.
This paper focuses on the most common warehouse
operations system worldwide … manual picker-to-parts,
where a human order picker travels through the ware-
house to retrieve items. Automated or semi-automated
systems, such as cobot-assisted picker-to-parts con�gu-
rations where human operators collaborate with cobots
for picking tasks (Fager, Sgarbossa, and Calzavara2021;
Lambrechts et al.2021), are beyond the scope of this
work but o�ers an interesting challenge for future
investigations.

CONTACTAlice E. Smith smithae@auburn.edu

The length of a pick tour has four distinct design
challenges: (1)the aisle design problem, which involves
arranging pick and cross aisles to establish the warehouse
layout and consequently de�nes the locations available
for product storage, (2)the product allocation problem,
which is responsible for assigning speci�c products to
these storage locations, (3)the order batching problem,
which dictates the locations a picker visits during a
tour, and (4) the picker routing problem, which deter-
mines the sequence of visits to storage locations for
a pick line. Issues (3) and (4) have been extensively
discussed in the literature since the 1970s (De Koster,
Johnson, and Roy2017; Gu, Goetschalckx, and McGin-
nis 2007). Problem (2) has attracted more recent atten-
tion in research e�orts (Dijkstra and Roodbergen2017;
Engels, Emde, and Boysen2023; Gu, Goetschalckx,
and McGinnis2007; Kumar, Narkhede, and Jain2021;
Reyes, Solano-Charris, and Montoya-Torres2019; van
der Gaast, de Koster, and F. Adan2019). Authors address-
ing Problem (1), the focus of this study, have adopted
two primary approaches …seeking the optimal number of
cross aisles in a conventional design (Roodbergen, Sharp,
and Vis2008; Vaughan and Petersen1999) or exploring
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•non-traditional• designs (originally devised for unit-load
operations) to assess their suitability for order picking
(Çelik and Süral2014).

The design of a warehouse is a complex challenge that
involves numerous interconnected decisions about ware-
house processes, resources, and organisational structure
(Heragu et al.2005). The literature had lacked design
optimisation approaches for non-traditional con�gura-
tions which are speci�cally tailored for order picking
operations. To address this gap, we developed such mod-
els, as given in Ozden, Smith, and Gue (2021a). This
design system uses a multi-step computational system
guided by an evolutionary meta-heuristic. In the evalu-
ation phase, the design is assessed by allocating products
to locations using a heuristic (Problem 2) and then calcu-
lating the lengths of numerous picking tours by solving
picker routing problems (i.e. the TSP) to near optimality
(Problems 3 and 4). For tour distance, we use the visibility
graph as described by Ozden, Smith, and Gue (2021b) but
any distance metric could be used. While Ozden, Smith,
and Gue (2021b) detailed the algorithmic and software
system, it did not assess the resulting con�gurations rela-
tive to established guidelines of warehouse practice. This
is the focus of this paper. Building on these prior studies,
our work di�ers by conducting purpose-driven large-
scale simulation experiments that systematically com-
pare non-traditional and traditional aisle designs under
varying order pro�les. Key contributions of this paper
are the synthesis of these results into practitioner ori-
ented design guidelines and the discovery of the repeated
motif of the Karlsruhe, or Moscow, design where aisles
emanate radially, a substantially di�erent con�guration
than current ones. (Section5.1).

The paper is structured as follows. After some intro-
ductory text on the literature and the optimisation
approach, we outline the extensive experiments. With the
results, we highlight the unexpected resilience of tradi-
tional designs despite the emergence of intriguing pat-
terns in the new designs that can be advantageous. The
primary contribution lies in the thorough and exhaustive
evaluation of these so-called new designs in comparison
to the well-established ones for order picking along with
the discovery of clues for new explorations in designs
expressly formulated for order picking warehouses.

2. Literature review

In this section, we brie�y discuss the two major com-
ponents of the literature, namely aisle design and picker
routing, and the most relevant works of each.

2.1. Aisle design

The aisle design problem aims to optimise the arrange-
ment of pick aisles, cross aisles, and depot locations to
minimise the expected travel distance for storing and
retrieving products. Traditional designs, well explored by
Vaughan and Petersen (1999) and Roodbergen, Sharp,
and Vis (2008), typically feature uniform straight and
parallel pick aisles with orthogonal cross aisles. Berglund
and Batta (2012) suggest that cross aisle con�gurations
can be altered without signi�cant costs, especially in
operations involving pallet storage. Pohl, Meller, and
Gue (2009) investigate designs with a single cross aisle for
unit-load operations, �nding the optimal position to be
slightly o� the centreline. Mourtzis et al. (2019) propose
a framework for warehouse design to reduce inventory
costs while maintaining service levels using Augmented
Reality (AR) warehousing systems. Silva et al. (2020)
integrate storage location and order picking problems
using a General Variable Neighborhood Search, yield-
ing improved solutions. Öztürko�lu and Hoser (2019)
introduce the discrete cross aisle problem, optimising
•tunnel• positions to minimise average tour length using
a Harmony Search heuristic.

Non-traditional aisle designs, allowing pick and cross
aisles to adopt any angle, originated from White (1972),
an early technical note. Gue and Meller (2009) develop
non-traditional models for unit-load operations, intro-
ducing the �ying-V and �shbone designs, which have
been implemented in several warehouses (Öztürko�lu,
Gue, and Meller2012). Öztürko�lu, Gue, and Meller
(2012) extend these designs to warehouses with multi-
ple pickup and deposit (P&D) points, while Öztürko�lu,
Gue, and Meller (2014) propose a constructive aisle
design algorithm for unit-load operations with multi-
ple P&D points. Dukic and Opetuk (2008) and Çelik
and Süral (2014) examine �shbone layouts with var-
ious routing policies, demonstrating potential perfor-
mance drawbacks compared to traditional layouts. Estadt
et al. (2024) develop the Warehouse Augmented Reality
Program (WARP) and conduct a human-subject study in
virtual warehouse environments to compare order pick-
ing performance between a traditional layout and a �sh-
bone layout. Venkitasubramony and Adil (2016) develop
discrete and continuous models to estimate picker travel
distances in �shbone warehouses, improving accuracy
by replacing the conventional semicircular approxima-
tion with exact polygonal distance contours. They show
that a three-class storage policy achieves nearly the same
e�ciency as full turnover storage, especially under high
demand skew and elongated warehouse shapes, while
being easier to implement in practice.
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2.2. Routing approaches

Routing methods determine item picking sequences to
optimise warehouse traversal. Classic order picking mir-
rors the Traveling Salesman Problem (TSP) but with
variations, such as the Steiner TSP, since some loca-
tions may be skipped or visited multiple times. Although
Steiner•s TSP is generally not solvable in polynomial time
(Prunet, Absi, and Cattaruzza2025), Ratli� and Rosen-
thal (1983) propose a polynomial-time dynamic pro-
gramming algorithm for rectangular warehouses. This
method, extended by De Koster and Poort (1998) and
Roodbergen and De Koster (2001), is e�ective for various
warehouse con�gurations.

E�cient optimal routing algorithms for real-world
order picking concerns are scarce, prompting research
into heuristic approaches. Many routing heuristics,
including S-shape and return policies, have been explored
but may not address practical issues, such as aisle conges-
tion. Petersen (1997) analyzes six routing heuristics (S-
shape, return, midpoint, largest gap, composite, and opti-
mal) for single-block warehouses and concludes that the
best heuristic solution is on average 5% longer than the
optimal solution. Makris and Giakoumakis (2003) and
Theys et al. (2010) introduce TSP-based approaches, with
the Lin…Kerhighan…Helsgaun (LKH) heuristic (Hels-
gaun 2000) showing superior performance in multi-
block warehouses. All routing herein does not rely on
layout-speci�c exact algorithms; instead, it generates a
distance matrix for all storage locations and the cen-
tral deposit point, extracts the relevant submatrix for
each pick list, and solves the resulting TSP using the
LKH heuristic. LKH is layout-agnostic, e�cient for solv-
ing large batches of TSP instances (Ozden, Smith, and
Gue2017), and has been shown to be superior in speed
to the exact approach of Concorde while often producing
optimal solutions (Theys et al.2010). While exact TSP
solution approaches such as that of Pansart et al. (2018)
can be e�ective for traditional layouts with up to six
cross aisles, the broader scope and resulting computa-
tional requirements herein made LKH the more suitable
choice.

In summary, prior work has focussed on the promise
of alternative aisle designs. However, systematically
assessing these layouts against common traditional
designs across various demand skewness and pick-list
sizes is lacking. This paper addresses this important gap
by providing strong empirical evidence from extensive
runs and translating the results into clear, practical guide-
lines.

3. Methodology

The optimisation models and the solution approaches of
the algorithmic system are given in full detail in Ozden,
Smith, and Gue (2021a), but we summarise the essential
elements here for completeness.

3.1. Warehouse design classes

In this paper, warehouse classes are de�ned by three com-
ponents(E, I ,S): exterior nodes (E), interior nodes (I),
and interior cross-aisle segments (S). Consistent with
Öztürko�lu, Gue, and Meller (2014) and Ozden, Smith,
and Gue (2021a),Scounts onlyinterior cross aisles; the
front and back boundary aisles are excluded even though
they function as cross aisles in practice. An exterior node
is the intersection of an interior cross-aisle segment with
an exterior boundary, whereas an interior node is any
junction of two or more interior cross-aisle segments
(nodes of degree< 2 are not permitted). Pick aisles may
be non-orthogonal; we parameterise their orientation
by the angle (in degrees) from the horizontal and, by
symmetry, restrict this angle to [0� , 180� ].

The 0…0…0 design is the most basic warehouse design
class where each zero denotes that there are no exterior
nodes, no interior nodes, and no cross aisles, respec-
tively. The 2…0…1 design has two exterior nodes, no inte-
rior nodes, and one cross aisle and is the most common
design in practice for order picking (see Figure1(a)). The
3…0…2 design is exhibited by the �shbone layout and has
three exterior nodes, no interior nodes, and two cross
aisles (see Figure1(b)). The 4…0…2 design has four exte-
rior nodes, no interior nodes, and two cross aisles (see
Figure 1(c)). A traditional three-block warehouse is a
subset of this design class. The 4…1…4 design has four
exterior nodes, one interior node, and four cross-aisle
segments, providing more routing �exibility while intro-
ducing interior intersections (see Figure1(d)). Other
classes also considered during the optimisation phase
are: 2…1…2, 2…1…3, 3…0…3, 3…1…3, 3…1…4, 3…1…5, 3…1…6,
4…0…3, 4…0…4, 4…0…5, 4…1…3, 4…1…5, 4…1…6, 4…1…7, and
4…1…8. Collectively, these nineteen design classes repre-
sent almost any reasonable design (Ozden, Smith, and
Gue2021a). Finally, within pick regions, aisles can take
any angle.

Topology (and thus the implied class(E, I ,S)) is not
pre-speci�ed nor �xed during search. The ES may switch
between classes by applying low-probabilitydiscrete�ips
to Cij (on/o� of interior cross-aisle segments) with coor-
dinated updates to thecontinuous PCij parameters. When
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Figure 1.Examples of warehouse design classes: 2…0…1, 3…0…2, 4…0…2, and 4…1…4 refer to layouts with the given number of exterior
nodes, interior nodes, and cross-aisle segments, respectively. (a) 2…0…1. (b) 3…0…2. (c) 4…0…2 and (d) 4…1…4.

a class must be held constant, we restrict �ips ofCij to
preserve the targeted(E, I ,S). Continuous design vari-
ables (angles, aspect ratio, depot position, adjusters) are
interpreted under the topology induced by the current
(PCij ,Cij ) and repaired if needed to maintain feasibility
of the design.

3.2. Order pro�le and storage policy

Using order pro�le data for the warehouse, storage capac-
ity is �rst established. A common turnover-based storage
policy is applied in which each SKU is assigned to a
single storage location, rather than being split across mul-
tiple locations. The pick route starts and ends at a single
depot positioned anywhere along the warehouse perime-
ter. Picker capacity is assumed to be su�cient to retrieve
all items in a single sortie.

3.3. Layout encoding

Each candidate layout is represented by adecision vector
eof real-valued design variables, including:

€ number of exterior and interior nodes (equal to 5 in
our experiments, 4 exterior nodes and 1 interior node,
though not might be used),

€ topological connectivity variables for any interior
cross-aisle segments:PCij continuous(typically [0, 1]
for 10 bi-directional edges) andCij discrete({0, 1}and
also 10 of these), which together determine which
edges are used(E, I ,S). Note that at most only one
interior node is permitted,

€ pick aisle angles per block (1 for each number of
blocks),

€ invert of aspect ratio (depth/width) (a single value),
€ depot location along the perimeter (a single value),
€ horizontal/vertical •adjusters• for aisle placement

(these make small adjustments to properly �t the stor-
age locations within a block).

Pick aisle angles are explicitdesign variablesand can
range from 0� (parallel to the front perimeter) to 180� .
Bounds and units for all encoding components are listed

in Table1. The depot location is parameterised as a frac-
tion of the perimeter length, starting at the top-left corner
and moving clockwise; see Table1.

3.4. Layout evaluation

Given a candidate design,e, the warehouse geometry is
instantiated and converted into a travel graph. An all-
pairs shortest-path distance matrix is computed using
Dijkstra•s algorithm. For each pick list in the evaluation
set:

(1) Extract the relevant submatrix for its locations plus
the depot,

(2) Solve the induced Traveling Salesman Problem
(TSP) using the Lin…Kernighan…Helsgaun (LKH)
heuristic,

(3) Record the tour length.

The objective function value of a layout is the average
tour length over all pick lists.

3.5. Meta-heuristic search

We use an elitist(µ + �) evolution strategy (ES) meta-
heuristic to optimise the warehouse design. We selected
ES because it balances global exploration and local re�ne-
ment with an emphasis on continuously encoded vari-
ables, which we have. It is also known to be e�cient
in large search spaces. In prior work (Ozden, Smith,
and Gue2021a), ES demonstrated strong performance in
similar warehouse layout optimisation problems. The ini-
tial set ofµ parent solutions is created by sampling each
design variable within its bounds.

In each generation:

€ � o�spring are generated by selecting a parent at ran-
dom and applying Gaussian mutation to the continu-
ous variables,

€ If any variable leaves its bounds [Lk,Uk], it is repaired
to an interior value near the violated bound,

€ The objective function value is evaluated as described
above.
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Table 1.Encoding components de“nitions.

Name Type Range Description

SLW 2 (0,�) Storage location width
SLD 2 (0,�) Storage location depth
CAW 2 (0,�) Cross-aisle width
PAW 2 (0,�) Pick-aisle width (distance between racks)
WW 3 (0,�) Warehouse width
WD 3 (0,�) Warehouse depth
WA 2&3 (0,�) Warehouse area (WW× WD)
IAR 1 (0,�) Invert of Aspect ratio (WD/WW)
E1…E4 1 [0, 1) Normalised exterior-node positions along the perimeter edges (clockwise indexing, 0 is top left

corner, 0.25 top right corner, 0.5 bottom right corner, 0.75 is bottom left corner)
IX, IY 1 (0, 1) Normalised coordinates of the interior node(x,y) (0, 0 means top left corner and 1, 1 means

bottom right corner)
DE 1 (0, 1) Normalised depot position on the warehouse perimeter (same as exterior node in a clockwise

manner)
A1…A8 1 [0, 1) Region orientations; mapped as� r = 180Ar (degrees), soAr = 0 is 0� andAr � 1 is 180�

HA1…HA8 1 [0, 1) Horizontal adjusters (region-level scalars used by the layout generator to place/o�set cross-aisle
attachments and slot rows horizontally)

VA1…VA8 1 [0, 1) Vertical adjusters (region-level scalars used by the layout generator to place/o�set cross-aisle
attachments and slot rows vertically)

PCij 1 [0, 1] Connection probabilities between node pairs, wherei, j � { 1, 2, 3, 4}denote exterior nodes
(E1…E4) andi = 5 or j = 5 denotes the interior node (I). PCij is the probability of a cross-aisle
segment between nodesi andj

Cij 3 {0, 1} Realised presence of the corresponding cross-aisle segment, wherei, j � { 1, 2, 3, 4}denote
exterior nodes (E1…E4) andi = 5 orj = 5 denotes the interior node (I).Cij = 1 if the segment
between nodesi andj is present in the instantiated layout, and 0 otherwise.i < j

In addition to Gaussian mutation on continuous vari-
ables (includingPCij ), we apply low-probabilitydiscrete
�ips of Cij with coordinated updates to the corresponding
PCij . These joint moves can add or remove interior cross-
aisle segments (changing node degrees and the implied
design class). A feasibility-repair step is used if necessary
to enforce all structural constraints (for example, valid
connectivity and interior-node degree� 2).

The Gaussian width� is adapted periodically using
a success-based rule: if the proportion of o�spring that
outperform their own parent exceeds a threshold,� is
increased (by dividing by a constant factor< 1); oth-
erwise,� is decreased (by multiplying by that factor).
This is the well-known 1/5th rule of ES which adapts
the search according to ongoing search results. Parents
and o�spring are merged, and the best µindividuals are
retained to the next generation. The algorithm terminates
when the maximum iterations are reached or when the
best objective function value has improved by less than
0.5% over a recent sliding window. Cross aisle angles are
therefore optimised directly as design variables, not com-
puted post hoc. It is important to note that our optimisa-
tion procedure explores designs with varying numbers of
cross-aisles and aisle orientations. As a result, some lay-
out designs have a marginally larger footprint and slightly
more storage locations than the target numbers. Storage
locations less than the target (2000 in our case) are not
allowed and the ES optimisation penalises for exceed-
ing 2000. Over all of the results reported herein, storage
locations were within about one percent of the target and
never less than the target number.

3.6. Instance generation

Simulated orders must be generated to assess each can-
didate warehouse design. We use the model by Ben-
der (1981) to calculate the probability of demand for
each SKUs. For each SKU, the model uses the following
analytical function:

F(s) =
(1 + A)s

A + s
(1)

whereA is a shape factor that depends on the skewness of
the demand. For a demand skewness pattern of 20/40 (i.e.
twenty percent of the most frequently picked SKUs con-
stitute forty percent of the picks),A is 0.60.A is 0.20 and
0.07 for demand skewness patterns of 20/60 and 20/80,
respectively. The probabilityps of demand for SKUs is
determined from

ps = F
� s

N

�
Š F

�
sŠ 1

N

�
(2)

whereN is the number of storage locations in a ware-
house as used by Çelik and Süral (2014). However,
instead of evaluating 100 orders for each pick list size
as Çelik and Süral (2014) did, we vary the number of
orders of each pick list size to roughly equalise the total
number of picks amongst experiments. Since tours have a
larger variance in travel distance for small pick list sizes,
the sample size is increased to reduce the width of the
con�dence interval. The number of orders generated for
each pick list size is in Table2. The total number of picks
for each warehouse is roughly equalised to 8000 picks
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Table 2.Parameters used for the experiments with skewed
demand and turnover-based storage.

Demand skewness Number of orders Pick list size

Uniform 4000 2
Uniform 2666 3
Uniform 1600 5
Uniform 800 10
Uniform 266 30
20/40 4000 2
20/40 2666 3
20/40 1600 5
20/40 800 10
20/40 266 30
20/60 4000 2
20/60 2666 3
20/60 1600 5
20/60 800 10
20/60 266 30
20/80 4000 2
20/80 2666 3
20/80 1600 5
20/80 800 10
20/80 266 30

for each instance. We considered various demand skew-
nesses (including uniform demand) and pick list sizes of
up to 30.

To accommodate any search variability due to sam-
pling and optimisation, ten replications for each set of
parameters given in Table2 are conducted. The target
warehouse size is 2000 SKUs. Smaller size warehouses
generally fail to gain improvements with cross aisles.
and this size is reasonable for most warehouse impli-
cations (Gue and Meller2009; Öztürko�lu, Gue, and
Meller2014).

3.7. Validation and benchmarking

We validate in two complementary ways (traditional-
layout replication and non-traditional optimality checks).

For non-traditional layouts, the ES was validated for
the single-item pick, uniform-demand case in Ozden,
Smith, and Gue (2021a) as it converged to the Chevron
design, which was proven to be optimal by Öztürko�lu,
Gue, and Meller (2012). For traditional layouts, we com-
pare a speci�c case with Roodbergen•s •Warehouse Lay-
out Optimiser• (Roodbergen2023). Roodbergen•s opti-
miser assumes uniform demand, places the depot in the
lower-left corner, and can generate traditional layouts
with more than three warehouse blocks. For benchmark-
ing against Roodbergen•s online optimiser, we required
design-class comparability (holding the number of cross
aisles constant). Because this online tool tends to intro-
duce additional cross aisles as the pick list size increases,
we kept a pick list size of 2, the smallest multi-item case
for which both approaches yield a two…cross-aisle tradi-
tional layout (4…0…2). (Note that our main experiments
are not restricted by this setting and consider pick list

Table 3.Roodbergen•s optimiser parameters.

Parameter Value

Total aisle length 1000
Number of picks per route 2
Aisle width 6.096 m (12 ft aisle width+ 2× 4 ft for

rack depth)
Cross aisle width 3.6576 m (12 ft cross aisle width)

sizes 2, 3, 5, 10, and 30 under multiple demand patterns.)
Roodbergen•s tool uses several assumptions that slightly
di�er from ours, which may lead to marginal di�erences
in designs.

Using the parameters in Table3 for Roodbergen•s lay-
out optimisation tool, the design shown in Figure2(a) is
returned. The scales are di�erent for each drawing. In our
design, the heat map visualises the convenience index,
calculated as described in Ozden et al. (2021a), where
warmer colours (red) indicate more convenient locations
with shorter expected travel distance, and cooler colours
(purple) indicate less convenient locations. Under uni-
form demand, convenience di�erences do not a�ect SKU
placement; under skewed demand, SKUs are allocated in
descending order of demand from the most to the least
convenient locations. The depot is shown as a black dot
on the lower left of the perimeter. Both tools created
almost the same layout with 3 blocks.

To be consistent with Hall (1993), we report the invert
aspect ratio (depth/width), also known as thewarehouse
shape factor. We limited the range to 0.2…1.0 (depth�
width) because prior analytical and empirical studies
(Francis1967; Hall1993; Roodbergen and Vis 2006) have
shown that depth-dominant designs rarely reduce travel
distance. Figure3 illustrates the relationship between the
invert aspect ratio and average tour cost for a typical
case (uniform demand, pick list size 2). A very simi-
lar pattern was observed across all other tested condi-
tions. This is also consistent with the analytical optimum
width/length = 1.5 reported by Di Luozzo and Schi-
raldi (2022), which in our notation (invert aspect ratio
= depth/width) equals 0.67.

Figure4 demonstrates a typical progression graph of
the best design•s objective function by the ES algorithm
versus the objective function of the benchmark ware-
house layout (the traditional three block layout). The
optimiser �nds immediate improvements from the initial
starting generation and more or less steady improve-
ments until it converges, improving upon the traditional
design about midway through.

3.8. Basis of comparisons

We compare these alternative design layouts with
two commonplace layouts, traditional two block and
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Figure 2.TheESproducedanearly identical layout toRoodbergenusing thesameparameters (note that the reciprocalof theaspect ratio
for the Roodbergen layout is 1.38 while the one from the ES is 1.25). (a) Optimal traditional design from Roodbergen•s layout optimiser
and (b) Optimal design from ES with similar parameters.

Figure 3.Average tour cost versus invert aspect ratio (depth/width) for traditional layouts with one and two cross aisles under uniform
demand and pick list size 2. Both attain their minima within the searched range (0.2…1.0), and costs rise for more depth-dominant shapes
(invert aspect ratio> 1). This pattern was consistent across all tested demand skewness and pick list size combinations.

traditional three block layouts, given in Figure5(a,b),
respectively. For traditional layouts, the depot location
that minimises the average travel distance is at the exact
middle of the front cross aisle (Roodbergen and Vis2006)
so we located the depot there for these traditional designs.

Throughout the main experiments, our traditional
baseline is the best outcome among the 2…0…1 and 4…0…2
classes (optimised over invert aspect ratio). Traditional
layouts with more than two cross aisles were not instan-
tiated and for larger pick list sizes such variants might
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Figure 4.Convergence graph for ES algorithm for 20/80 demand
skewness with pick list size 5 versus the benchmark (the tradi-
tional three block layout).

perform better. Extending the traditional design compar-
ison to include additional cross aisles is left for future
work.

4. Computational experiments

There are two objectives for the computational experi-
ments. The �rst is to compare optimised non-traditional
layouts to traditional layouts when multi-item pick lists
have various demand skewnesses. The second is to iden-
tify and assess patterns by analyzing results, such as
how best designs change when pick list size increases or
demand skewness alters.

Each cell of Figure6 shows two layouts for a given
demand skewness and pick-list size. The �rst row of each
comparison set is the traditional baseline (best of the two
and three block traditional layouts optimised by vary-
ing invert of aspect ratio from 0.2…1) while the second
row is thebest single seedacross all 19 design classes. The
reported�% is the improvement of the best seed vs. the
traditional (a negative delta means the non-traditional
class is better and produced�% shorter average travel
distance than the corresponding best traditional base-
line). A positive�% means that a better alternative layout
than traditional could not be found within 10 replica-
tions. (The detailed results with means, 95% CIs, and sta-
tistical signi�cance for 10 replications are in Appendix.)

Results were assessed using Welch•s t-tests with 95%
con�dence intervals. Three of the 20 cases were signi�-
cant at 95% con�dence. These are the cases of uniform
demand with pick list of 2 with 3.15 percent improve-
ment, 20/40 skewed demand with pick list size of 2 with
2.80 percent improvement, and 20/80 skewed demand
with pick list size of 5 with 4.6 percent improvement. To

illustrate the practical impact of the largest improvement,
assuming a picker walks roughly 8 miles (about 42,000
feet) in a shift, this corresponds to nearly 2,000 feet less
walking per picker per shift. Even apparently modest per-
centage gains can translate into meaningful operational
savings.

5. Design guidelines and discussion

5.1. Design guidelines for practitioners

The rules below in4 distill our experimental results into
recommendations for design choices. They summarise
the best-performing designs across demand skewness
and pick-list sizes we tested but where e�ects were small
(< 1%), we �ag them as marginal. Note the appearance
of the newly identi�ed Karlsruhe design for medium
and small order sizes with a moderate to high degree of
skewness.

(1) Small orders (PL� 3). Under uniform demand, a
single interior node with four cross-aisle segments
(class 3–1–4) consistently reduced average tour
length relative to the traditional baseline (4…0…2),
with the largest gains at PL= 2. For skewed demand
(20/60 or 20/80), the3–1–4Karlsruhe motif variant
also o�ered small but consistent improvements.

(2) Medium orders (PL near 5).Improvements from
non-orthogonal designs were modest (typically
0…1%). The best traditional class of4–0–2is a robust
and reliable choice in this regime except for highly
skewed demand such as 20/80. For those, an alterna-
tive design may be considered with two cross aisles
that meet at one end, a Karlsruhe motif.

(3) Large orders (PL � 10).Traditional layouts (4–0–2)
matched or outperformed optimised non-traditional
designs in our runs; we do not recommend non-
orthogonal aisles for large pick lists.

(4) Demand skewness.As skewness intensi�es (e.g.
20/60, 20/80), allocate high-demand SKUs to high-
convenience regions near the depot and along cross-
aisles. Angled aisles provide bene�t mainly for small
orders and for highly skewed demand; for PL�
5 and demand of less skewness than 20/80,4–0–2
remains the best option in general (except 20/80 and
PL= 5 case).

(5) Aspect ratio (invert = depth/width). Best designs
concentrated around invert 0.6…0.8; moving to
depth-dominant shapes (invert> 1) increased travel.

(6) Depot placement.Midpoints of the front/rear aisle
(0.125, 0.625 on our perimeter scale) are strong
defaults for the depot; avoid extreme corner depots
unless dock constraints require it.
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Figure 5.Two warehouse layouts used throughout this paper (the dimensions of the warehouse might change depending on the
number of SKUs of the experiment). (a) Traditional Layout B and (b) Traditional Layout C.

Table 4.Rule-of-thumb design choices (design class shown; per-
centages omitted where marginal).

PL 2…3 PL near 5 PL 10…30

Uniform 3…1…4 4…0…2 4…0…2
20/60 skew 3…1…4 (Karlsruhe-motif,

marginal)
4…0…2 4…0…2

20/80 skew 3…1…4 (Karlsruhe-motif, small
orders)

3…0…2 4…0…2

(7) When in doubt. If computational resources are lim-
ited, evaluate only{4…0…2, 3…1…4}at invert 0.6…0.8
and choose the best for your pick length and skew.
This captures most observed improvements with lit-
tle modelling e�ort.

All computational details which inform these recom-
mendations are provided in Appendix 1.

5.2. Further discussion

In terms of de�nitely answering the question posed in
the title, this work did not yield the anticipated signif-
icant reduction in distance travelled for order picking
warehouses considering a wide range set of design possi-
bilities. Nevertheless, optimised designs often improved,
even if usually only marginally, upon standard designs.
The results herein give several intriguing pointers for
both warehouse practitioners and future design research
e�orts. Our results are conditioned on a single-depot
warehouse with static storage assignments. Di�erent
operational settings, such as multi-depot con�gurations,
dynamic replenishment, or zoning strategies, may lead
to di�erent outcomes. One limitation of our study is
that optimised designs may require additional cross-aisle
length, leading to larger overall footprints. While our
simulation captures the resulting travel distance e�ects,

we did not model building construction costs or nor-
malise performance by warehouse area. We acknowl-
edge that the bene�ts of additional cross-aisles are not
unique to non-traditional designs. Traditional orthogo-
nal layouts may also gain from the introduction of extra
cross-aisles, especially for larger pick lists. Evaluating
such extensions for traditional baselines represents an
important avenue for future research.

First, optimised designs can be counterintuitive with
depots not located at the con�uence of cross aisles
and with the most favoured product locations situated
o� centre. Second, a recurring theme of the optimised
designs is the form of the Karlsruhe motif where cross
aisles tend to meet at some side location (not the depot)
and radiate from there. Third, optimising the invert of
the aspect ratio changes the best overall shape of the best
designs from square (that is, 1), but not by much for
most scenarios. That is, an aspect ratio of 1.5 is a good
rule of thumb for warehouse design. The exceptions are
for long pick lists (30) and for highly skewed demands.
This is in line with Hall (1993) where he mentions that
as the size of the pick list increases, the warehouse needs
to be elongated to obtain an optimal shape. Fourth, the
optimised designs are certainly physically implementable
and even workable but are not compelling given the quite
modest improvements they bring. Dealing with non-
orthogonal angles by pickers and their equipment may
result in e�ciency impairments and safety concerns that
could negate any cost improvement in distance travelled.
Additionally, racking and other hardware may require
adjustments to �t properly in non-orthogonal spaces.

In summary, this in-depth study provides warehouse
professionals with the assurance that a standard block
design will perform very well compared to a truly opti-
mal design regardless of the warehouse characteristics for
picking environments where the pick length is anything
but 1 or 2. For researchers in this �eld, this work gives
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Figure 6.Traditional baseline (top) and best run among 10 seeds (bottom) of each set of rows by demand skewness (rows) and pick-list
size (columns). The printed� is thepercentageimprovement of the best seed vs. the traditional best.
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some clues for design investigations in terms of counter-
intuitive depot placements, aspect ratio alterations, and
innovative cross and pick aisle con�gurations inspired by
the Karlsruhe city layout.

6. Conclusions and future research

Order picking is a logistics bottleneck and becomes
more challenging as warehouses increase in size. Reduc-
tions in average travel distance for the order pickers
(and thus average time per pick list) is necessary to
improve throughput and reduce overall costs and lead
times. However, warehouse design in terms of layout has
changed very little over the decades. Traditional orthog-
onal designs dominate even in new facilities. Our results
and analyses provide evidence and insight into why the
classical order picking warehouse designs have had such
universal staying power. They are good designs and work
well for a wide variety of environments and characteris-
tics. However, there are indications from these optimised
designs that may lead to improved warehouse practices
and designs for certain situations. In particular, the Karl-
sruhe, or Moscow, schema deserves a closer look for
possible warehouse implementations … what works in
city planning may work in order picking warehouses.
So, to provide an answer to the title•s query, we could
respond, •Possibly in certain circumstances, a modest
improvement could be realised.•

What this paper has contributed in a signi�cant way
is a set of simple rules for warehouse layout design that
work very well in the vast majority of cases. These man-
agerial implications should provide con�dence to design-
ers that the tried and true con�gurations are solid choices
and should not be abandoned without good reason. On
the research side, our investigations provide directions
for future inquiries. Speci�cally, a twist on traditional lay-
outs that include some radial aisles from a common point
on the perimeter are useful especially when skewness is
sizable but pick list size is not is intriguing. This deserves
more study, both empirical and analytical.

As a limitation to the work herein, we considered
a single product storage policy for every scenario and
design. Investigating other routing and storage policies
and embedding them into the encoding scheme as a
design variable would optimise the best routing, stor-
age, and layout settings collectively. This would result in
a comprehensive optimal design and operational poli-
cies for a warehouse. However, it would also complicate
the optimisation process as the search space would be
exponentially larger.

Computationally, there are improvements possible
in the optimisation system. During our computational
experiments, we evaluated more than 4.8 billion TSPs.

These calculations took over three months using eight
workstations. This calculation period could be reduced
by eliminating LKH and embedding the routing calcu-
lations into the layout optimisation tool. For large pick
lists (PL� 10), the small decrease in performance of the
nontraditional designs relative to the best traditional lay-
outs might be due in part to the search not reaching the
true optimum. Increasing the number of random starts
could potentially improve these results. Additionally, the
designs considered could be increased by performing
optimisation using graphic processing units.

Finally, it would be useful to investigate the human
factors, ergonomics, and equipment aspects of non-
orthogonal picking and cross aisles. We conjecture that
these would present implementation di�culties. If these
are negligible or minor, the optimised designs are more
likely to be actualised in warehouse practice. This would
be a necessary component of the technology transfer step.
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Appendices

Appendix 1. Optimisation cost of each seed

TableA1 shows the optimisation results (i.e. costs) for each
of the 10 seeds along with the best traditional layout (TR)
selected from the set of aspect ratio values and two di�erent
design classes (2…0…1 and 4…0…2). In all cases considered, the
best traditional layout was a 4…0…2 (i.e. two cross aisles) design
class. These experiments were performed on eight Dell work-
stations, each with an eight-core hyper-threaded AMD Ryzen
1700X processor. Workstations had 16GB of RAM and 256GB
of solid state drive. The operating system was 64-bit Windows
10, Home Edition. The total number of parallel threads that can
be executed was 2� 8 = 16.

Appendix 2. Uniform demand

The �rst set of results focus on uniform demand, where all
SKUs are approximately equal in demand. The optimised
designs achieved up to 3.15% reduction in overall picking
distance (we assume distance is roughly equivalent to pick-
ing time) over traditional layouts. As pick list size increases,
the relative advantage of the new designs decreases: while
PL = 2 shows a 3.15% improvement, PL= 10 and PL= 30
exhibit 1.02% and 0.74% higher travel distances, respectively
(see TableA2). Given that LKH closely matches Concorde for
warehouse routing (Theys et al.2010), these di�erences likely
re�ect layout search limitations rather than routing changes
(see Section6 for computational constraints). Both the tra-
ditional and optimised layouts have similar aspect ratios and
depot locations (note that 0.125 and 0.625 are symmetric),
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Table A1.Optimisation results comparing the results of ten runs of new designs and the best traditional design (the overall best design
of the ten runs is in bold).

ES Seed TR

Skewness PL 1 2 3 4 5 6 7 8 9 10 Best

Uniform 2 571 574 575 580 600 597 573 571 576 572 589
Uniform 3 710 701 715 701 720 702 711 710 709 703 712
Uniform 5 900 896 883 865 883 877 884 896 884 898 873
Uniform 10 1180 1193 1172 1235 1185 1179 1192 11731171 1183 1159
Uniform 30 1934 1934 1926 1931 1926 1988 1919 1955 1933 1942 1905
20…40 2 464 467 481 467 492 481 476 477 474 480 477
20…40 3 587 590 596 598 586 595 594 595 591 595 591
20…40 5 768 760 756 761 756 753 754 761 748 770 746
20…40 10 1060 1029 1061 1051 1043 1050 1030 1047 1033 1054 1033
20…40 30 1813 1760 1796 1777 1778 1770 1786 1785 1811 1799 1765
20…60 2 385 385 387 393 381 386 382 386 385 383 384
20…60 3 483 482 485 483 495 483 492 488 485 483 484
20…60 5 635 633 632 630 634 635 634 638 635 638 635
20…60 10 893 897 891 885 904 895 897 931 891 900 894
20…60 30 1565 1568 1652 1552 1548 1547 1583 1576 1617 1559 1559
20…80 2 281 278 280 283 278 283 283 278 280 280 282
20…80 3 363 359 360 361 360 362 359 362 364 360 368
20…80 5 485 472 483 486 483 484 487 486 483 487 495
20…80 10 699 706 699 703 698 707 702 703 701 706 713
20…80 30 1229 1239 1237 1241 1227 1242 12231222 1227 1243 1222

however the new designs signi�cantly di�er from previous
non-traditional designs in the literature.

From the results shown in TableA2 a theme of diagonal
aisles meeting at or near a corner of the warehouse is appar-
ent. This is a hallmark of the best designs found throughout
this paper. Further observe that this central meeting point of
aisles is not the depot location. Such designs can also be found
in some city planning where roads spoke from a central loca-
tion to facilitate transport, the so-called Karlsruhe metric (also
known as the Moscow metric) (Klein1989). This type of design
has not been seen in warehouse layouts before but seems to o�er
bene�ts in terms of distance optimisation. With the larger pick
list sizes of 10 and 30, the optimiser e�ectively creates a third
middle cross aisle by using the interior node therefore gaining
further bene�ts from an additional cross aisle, such as seen in
the best traditional design.

Appendix 3. 20/40 demand skewness pattern

We now analyze results with skewed demands of di�erent skew-
nesses, as it is more typically found than uniform demand.
With demand skewness of 20/40, up to 2.8% improvement is
achieved with the optimised designs over traditional layouts.
The best design for pick list size 2 has the Karlsruhe motif men-
tioned above. The best design for pick list size 3 is not much
di�erent from the best layout for uniform demand with pick
list size of 2. The best design for pick list size 5 is also the classic
Karlsruhe style but performs slightly inferior to a three block
traditional layout. For pick list sizes of 10 and 30, the optimisa-
tion uses more cross aisles to achieve a shorter average walking
distance per tour. In fact, these layouts approach traditional. In
summary, as with uniform demand, as pick list size grows, the
tendency is that traditional layouts are indeed the best choices

even when considering a very wide range of design possibilities.
TableA3 shows the best optimised design with the best tradi-
tional one along with the design speci�cations and the objective
function, travel cost, value.

Appendix 4. 20/60 demand skewness pattern

With the 20/60 demand skewness case, the best improvement
over the traditional design is 1% occurring with a pick list size
of 10. In this case, we see a design again showing the aforemen-
tioned Karlsruhe metric. For a pick list size of 2, the optimiser
found basically a 2…0…1 chevron layout (see Öztürko�lu, Gue,
and Meller2012) during the search process but moved to a
better 3…1…3 design. For a pick list sizes of 3, 5, and 10, the
optimiser again shows the Karlsruhe type. For a pick list size
of 30, the best optimised design again approaches the tradi-
tional with three orthogonal cross aisles. TableA4 shows all
results.

Appendix 5. 20/80 demand skewness pattern

This is the most skewed order distribution that we consider.
With 20/80 demand, all of the optimised designs improve upon
their best traditional counterparts with a maximum improve-
ment of 4.6% for a pick list size of 5. We again observe the
Karlsruhe pattern in this design. The designs for pick lists of 2,
3, and 10 are similar to each other except the ones for lengths 3
and 10 add an extra cross aisle. The best design for pick list size
30 does not have much improvement over a traditional design
even though it is interesting as it contains �ve cross aisles (one
cross aisle is nearly invisible due to its short length). TableA5
contains the results for these highly skewed experiments.
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Table A2.Optimisation results for uniform demand.

Parameter New designs Traditional Design

Skewness Uniform Uniform
PL Size 2 2
E1, E2, E3, E4 0.90, 0.48, 0.15, 0.67 0.916, 0.333, 0.833, 0.416
IX, IY 0.92, 0.91 N/A
Depot 0.142 0.625
Angles 14, 167, 68, 70 90, 90, 90
# Locations 2000 2016
Shape Factor 0.74 0.70
Width 391.43 399.78
Depth 287.90 279.85
Area 112,692.15 111,876.30
H. Adjusters 0.53, 0.32, 0.09, 0.85 0.7, 0.7, 0.7
V. Adjusters 0.17, 0.90, 0.89, 0.15 0.3, 0.3, 0.5
Cost 570.64 (Š3.15%)† 589.23
95% CI [566.60, 575.47] [584.59, 594.57]
Design Class 4…1…4 (4…0…3) 4…0…2

Skewness Uniform Uniform
PL Size 3 3
E1, E2, E3, E4 0.25, 0.45, 0.92, 0.14 0.916, 0.333, 0.833, 0.416
IX, IY 0.96, 0.87 N/A
Depot 0.139 0.625
Angles 71, 60, 4 90, 90, 90
# Locations 2000 2016
Shape Factor 0.73 0.70
Width 385.62 399.78
Depth 283.03 279.85
Area 109,141.34 111,876.30
H. Adjusters 0.79, 0.54, 0.57 0.7, 0.7, 0.7
V. Adjusters 0.10, 0.92, 0.21 0.3, 0.3, 0.5
Cost 700.85 (Š1.58%) 712.09
95% CI [695.48, 706.23] [706.22, 717.93]
Design Class 4…1…4 (3…0…2) 4…0…2

Skewness Uniform Uniform
PL Size 5 5
E1, E2, E3, E4 0.85, 0.40, 0.11, 0.48 0.916, 0.333, 0.833, 0.416
IX, IY 0.08, 0.14 N/A
Depot 0.122 0.625
Angles 67, 52, 63, 58 90, 90, 90
# Locations 2002 2006

Shape Factor 0.75 0.80
Width 396.16 367.84
Depth 295.49 294.27
Area 117,059.08 108,242.85
H. Adjusters 0.68, 0.51, 0.34, 0.44 0.5, 0.5, 0.5
V. Adjusters 0.18, 0.52, 0.34, 0.41 0.7, 0.5, 0.5
Cost 864.82 (Š0.93%) 872.92
95% CI [858.39, 871.25] [866.30, 879.54]
Design Class 4…1…4 (5…0…3) 4…0…2

Skewness Uniform Uniform
PL Size 10 10
E1, E2, E3, E4 0.60, 0.23, 0.08, 0.68 0.916, 0.333, 0.833, 0.416
IX, IY 0.64, 0.18 N/A
Depot 0.849 0.625
Angles 156, 176, 172, 124, 159 90, 90, 90
# Locations 2000 2016

Shape Factor 0.96 0.70
Width 348.00 399.78
Depth 334.36 279.85
Area 116,358.48 111,876.30
H. Adjusters 0.73, 0.23, 0.19, 0.73, 0.52 0.7, 0.7, 0.7
V. Adjusters 0.19, 0.90, 0.21, 0.85, 0.07 0.3, 0.3, 0.5
Cost 1170.71 (1.02%) 1158.91
95% CI [1162.89, 1178.53] [1149.85, 1166.34]
Design Class 4…1…5 4…0…2

(continued)
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Table A2.Continued.

Parameter New designs Traditional Design

Skewness Uniform Uniform
PL Size 30 30
E1, E2, E3, E4 0.92, 0.30, 0.78, 0.83 0.916, 0.333, 0.833, 0.416
IX, IY 0.94, 0.62 N/A
Depot 0.121 0.625
Angles 82, 93, 113, 98 90, 90, 90
# Locations 2000 2025

Shape Factor 0.46 0.50
Width 524.89 478.26
Depth 239.67 239.13
Area 125,802.70 114,366.11
H. Adjusters 0.07, 0.24, 0.98, 0.68 0.5, 0.5, 0.5
V. Adjusters 0.81, 0.78, 0.74, 0.74 0.5, 0.5, 0.5
Cost 1919.27 (0.74%) 1905.15
95% CI [1906.29, 1932.26] [1891.71, 1918.58]
Design Class 4…1…4 (5…0…3) 4…0…2
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Table A3.Optimisation results for 20/40 demand skewness.

Parameter New designs Traditional Design

Skewness 20/40 20/40
PL Size 2 2
E1, E2, E3, E4 0.12, 0.76, 0.27, N/A 0.916, 0.333, 0.833, 0.416
IX, IY 0.12, 0.88 N/A
Depot 0.120 0.625
Angles 124, 20, 114 90, 90, 90
# Locations 2001 2016
Shape Factor 0.64 0.70
Width 414.60 399.78
Depth 265.89 279.85
Area 110,238.78 111,876.30
H. Adjusters 0.59, 0.25, 0.68 0.7, 0.7, 0.7
V. Adjusters 0.81, 0.56, 0.08 0.3, 0.3, 0.5
Cost 463.54† (Š2.80%) 476.65
95% CI [458.90, 468.17] [471.74, 481.57]
Design Class 3…1…3 (3…0…2) 4…0…2

Skewness 20/40 20/40
PL Size 3 3
E1, E2, E3, E4 0.13, 0.65, 0.98, 0.41 0.916, 0.333, 0.833, 0.416
IX, IY 0.97, 0.81 N/A
Depot 0.126 0.625
Angles 72, 64, 67, 15 90, 90, 90
# Locations 2000 2006
Shape Factor 0.65 0.80
Width 422.20 367.84
Depth 272.58 294.27
Area 115,084.92 108,242.85
H. Adjusters 0.48, 0.64, 0.41, 0.37 0.5, 0.5, 0.5
V. Adjusters 0.33, 0.47, 0.41, 0.12 0.7, 0.5, 0.5
Cost 586.44 (Š0.76%) 590.90
95% CI [580.48, 592.40] [585.06, 596.73]
Design Class 4…1…4 (4…0…3) 4…0…2

Skewness 20/40
PL Size 5 5
E1, E2, E3, E4 0.11, 0.39, 0.29, 0.81 0.916, 0.333, 0.833, 0.416
IX, IY N/A N/A
Depot 0.113 0.625
Angles 113, 1, 131, 105 90, 90, 90
# Locations 2000 2006
Shape Factor 0.70 0.80
Width 405.50 367.84
Depth 284.38 294.27
Area 115,315.43 108242.85
H. Adjusters 0.90, 0.28, 0.06, 0.85 0.5, 0.5, 0.5
V. Adjusters 0.36, 0.12, 0.47, 0.39 0.7, 0.5, 0.5
Cost 747.72 (0.29%) 745.57
95% CI [741.57, 756.03] [738.53, 752.62]
Design Class 4…0…3 4…0…2

Skewness 20/40 20/40
PL Size 10 10
E1, E2, E3, E4 0.35, N/A, 0.45, 0.85 0.916, 0.333, 0.833, 0.416
IX, IY 0.02, 0.08 N/A
Depot 0.616 0.625
Angles 70, 82, 73, 76 90, 90, 90
# Locations 2002 2016

Shape Factor 0.80 0.70
Width 383.96 399.78
Depth 307.63 279.85
Area 118,117.90 111,876.30
H. Adjusters 0.46, 0.20, 0.50, 0.03 0.5, 0.5, 0.5
V. Adjusters 0.91, 0.64, 0.58, 0.17 0.7, 0.5, 0.5
Cost 1029.00 (Š0.41%) 1033.24
95% CI [1019.40, 1038.59] [1023.80, 1042.69]
Design Class 3…1…4 (4…0…3) 4…0…2

(continued)
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Table A3.Continued.

Parameter New designs Traditional Design

Skewness 20/40 20/40
PL Size 30 30
E1, E2, E3, E4 0.31, 0.89, 0.43, 0.26 0.916, 0.333, 0.833, 0.416
IX, IY 0.11, 0.69 N/A
Depot 0.111 0.625
Angles 81, 92, 90, 101 90, 90, 90
# Locations 2000 2025
Shape Factor 0.57 0.5
Width 459.21 478.26
Depth 263.47 239.13
Area 120,988.48 114,366.11
H. Adjusters 0.10, 0.83, 0.82, 0.43 0.5, 0.5, 0.5
V. Adjusters 0.91, 0.52, 0.70, 0.88 0.5, 0.5, 0.5
Cost 1759.82 (Š0.2%) 1765.19
95% CI [1742.06, 1777.58] [1748.72, 1781.66]
Design Class 4…1…4 4…0…2

All costs represent optimisedtravel cost(pick list distance). Reported values are sample means with 95% con“dence intervals. Di�erences between New Designs
and Traditional were evaluated using Welch•s two-samplet-test on independent pick lists. A dagger (†) indicates a statistically signi“cant di�erence (p< 0.05).
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Table A4.Optimisation results for 20/60 demand skewness.

Parameter New designs Traditional Design

Skewness 20/60 20/60
PL Size 2 2
E1, E2, E3, E4 0.96, 0.63, N/A, 0.12 0.916, 0.333, 0.833, 0.416
IX, IY 0.59, 0.69 N/A
Depot 0.111 0.625
Angles 155, 39, 48 90, 90, 90
# Locations 2000 2025
Shape Factor 0.65 0.5
Width 405.98 478.26
Depth 265.09 239.13
Area 107,623.26 114,366.11
H. Adjusters 0.47, 0.40, 0.27 0.5, 0.5, 0.5
V. Adjusters 0.50, 0.84, 0.13 0.5, 0.5, 0.5
Cost 381.02 (Š0.7%) 383.83
95% CI [376.47, 385.56] [378.97, 388.69]
Design Class 3…1…3 4…0…2

Skewness 20/60 20/60
PL Size 3 3
E1, E2, E3, E4 0.79, 0.35, N/A, N/A 0.916, 0.333, 0.833, 0.416
IX, IY 0.87, 0.24 N/A
Depot 0.133 0.625
Angles 102, 115, 169 90, 90, 90
# Locations 2000 2025
Shape Factor 0.59 0.5
Width 432.95 478.26
Depth 256.41 239.13
Area 111,013.55 114,366.11
H. Adjusters 0.70, 0.71, 0.63 0.5, 0.5, 0.5
V. Adjusters 0.67, 0.27, 0.44 0.5, 0.5, 0.5
Cost 481.97 (Š0.5%) 484.37
95% CI [476.15, 487.79] [478.11, 490.63]
Design Class 2…1…3 4…0…2
Skewness 20/60 20/60
PL Size 5 5
E1, E2, E3, E4 0.78, N/A, 0.31, 0.91 0.916, 0.333, 0.833, 0.416
IX, IY 0.04, 0.88 N/A
Depot 0.122 0.625
Angles 88, 122, 72, 93 90, 90, 90
# Locations 2000 2009
Shape Factor 0.69 0.6
Width 405.11 430.30
Depth 277.90 258.18
Area 112,579.46 111,095.51
H. Adjusters 0.18, 0.98, 0.76, 0.75 0.1, 0.1, 0.1
V. Adjusters 0.41, 0.33, 0.25, 0.85 0.9, 0.9, 0.5
Cost 629.91 (Š0.85%) 635.28
95% CI [622.32, 637.49] [62,776, 642.80]
Design Class 3…1…4 (3…0…2) 4…0…2
Skewness 20/60 20/60
PL Size 10 10
E1, E2, E3, E4 0.92, 0.85, 0.11, 0.41 0.916, 0.333, 0.833, 0.416
IX, IY 0.97, 0.70 N/A
Depot 0.117 0.625
Angles 94, 66, 40, 75 90, 90, 90
# Locations 2000 2016
Shape Factor 0.73 0.7
Width 396.88 399.78
Depth 290.55 279.85
Area 115,315.43 111,876.30
H. Adjusters 0.64, 0.47, 0.97, 0.75 0.7, 0.7, 0.7
V. Adjusters 0.15, 0.75, 0.33, 0.25 0.3, 0.3, 0.5
Cost 885.32 (Š0.98%) 894.08
95% CI [875.36, 895.28] [883.98, 904.17]
Design Class 4…1…4 (4…0…3) 4…0…2

Skewness 20/60 20/60
PL Size 30 30
E1, E2, E3, E4 0.07, 0.39, 0.85, 0.96 0.916, 0.333, 0.833, 0.416
IX, IY 0.95, 0.72 N/A
Depot 0.114 0.625
Angles 92, 74, 76, 68 90, 90, 90
# Locations 2001 2009 (continued)
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Table A4.Continued.

Parameter New designs Traditional Design

Shape Factor 0.59 0.6
Width 449.31 430.30
Depth 263.41 258.18
Area 118,354.49 111,095.51
H. Adjusters 0.83, 0.47, 0.19, 0.49 0.1, 0.1, 0.1
V. Adjusters 0.24, 0.41, 0.92, 0.48 0.9, 0.9, 0.5
Cost 1546.57 (Š0.77%) 1558.63
95% CI [1526.14, 1567.01] [1539.45, 1577.81]
Design Class 4…1…4 4…0…2

All costs represent optimisedtravel cost(pick list distance). Reported values are sample means with 95% con“dence intervals. Di�erences between New Designs
and Traditional were evaluated using Welch•s two-samplet-test on independent pick lists. A dagger (†) indicates a statistically signi“cant di�erence (p< 0.05).
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Table A5.Optimisation results for 20/80 demand skewness.

Parameter New designs Traditional Design

Skewness 20/80 20/80
PL Size 2 2
E1, E2, E3, E4 0.25, 0.32, N/A, 0.88 0.916, 0.333, 0.833, 0.416
IX, IY 0.68, 0.77 N/A
Depot 0.621 0.625
Angles 92, 81 90, 90, 90
# Locations 2000 2025
Shape Factor 0.50 0.5
Width 463.17 478.26
Depth 230.28 239.13
Area 106,658.51 114,366.11
H. Adjusters 0.07, 0.10 0.5, 0.5, 0.5
V. Adjusters 0.34, 0.50 0.5, 0.5, 0.5
Cost 277.54 (Š1.71%) 282.36
95% CI [273.16, 281.91] [278.07, 286.65]
Design Class 3…1…3 (2…1…2) 4…0…2
Skewness 20/80 20/80
PL Size 3 3
E1, E2, E3, E4 N/A, 0.44, 0.88, N/A 0.916, 0.333, 0.833, 0.416
IX, IY 0.59, 0.21 N/A
Depot 0.126 0.625
Angles 92, 83, 97 90, 90, 90
# Locations 2000 2028

Shape Factor 0.48 0.5
Width 475.38 478.26
Depth 242.58 239.13
Area 115,315.43 114,366.11
H. Adjusters 0.45, 0.02, 0.13 0.5, 0.5, 0.5
V. Adjusters 0.44, 0.92, 0.48 0.5, 0.5, 0.5
Cost 358.63 (Š2.41%) 367.50
95% CI [353.03, 364.23] [362.13, 372.87]
Design Class 2…1…3 4…0…2

Skewness 20/80 20/80
PL Size 5 5
E1, E2, E3, E4 0.78, 0.96, N/A, N/A 0.916, 0.333, 0.833, 0.416
IX, IY 0.94, 0.32 N/A
Depot 0.130 0.625
Angles 97, 85 90, 90, 90
# Locations 2001 2025
Shape Factor 0.61 0.5
Width 429.11 478.26
Depth 260.52 239.13
Area 111,793.76 114,366.11
H. Adjusters 0.50, 0.88 0.5, 0.5, 0.5
V. Adjusters 0.67, 0.00 0.5, 0.5, 0.5
Cost 471.67 (Š4.6%)† 494.64
95% CI [463.58, 479.75] [488.48, 502.80]
Design Class 2…1…2 (3…0…2) 4…0…2

Skewness 20/80 20/80
PL Size 10 10
E1, E2, E3, E4 N/A, N/A, 0.85, 0.40 0.916, 0.333, 0.833, 0.416
IX, IY 0.57, 0.22 N/A
Depot 0.125 0.625
Angles 101, 90, 86 90, 90, 90
# Locations 2000 2025

Shape Factor 0.57 0.5
Width 441.88 478.26
Depth 253.25 239.13
Area 111,905.67 114,366.11
H. Adjusters 0.04, 0.27, 0.42 0.5, 0.5, 0.5
V. Adjusters 0.18, 0.38, 0.68 0.5, 0.5, 0.5
Cost 698.48 (Š2.05%) 713.11
95% CI [687.16, 709.80] [701.66, 724.55]
Design Class 2…1…3 4…0…2

(continued)
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Table A5.Continued.

Parameter New designs Traditional Design

Skewness 20/80 20/80
PL Size 30 30
E1, E2, E3, E4 0.40, 0.67, 0.13, 0.83 0.916, 0.333, 0.833, 0.416
IX, IY 0.00, 0.24 N/A
Depot 0.137 0.625
Angles 53, 109, 71, 53, 80 90, 90, 90
# Locations 2000 2009
Shape Factor 0.61 0.6
Width 441.61 430.30
Depth 269.62 258.18
Area 119,607.11 111,095.51
H. Adjusters 0.45, 0.56, 0.89, 0.88, 0.52 0.1, 0.1, 0.1
V. Adjusters 0.20, 0.75, 0.08, 0.25, 0.32 0.9, 0.9, 0.5
Cost 1222.37 (Š0.04%) 1222.82
95% CI [1201.27, 1243.46] [1200.40, 1245.24]
Design Class 3…1…5 (4…0…4) 4…0…2
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