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ABSTRACT Order picking is a critical and labour-intensive warehouse management operation that involves
removing items from storage locations to fulfil customer orders. This paper analyses a new order-picking
problem based on the real case of a Canadian shoe manufacturer characterised by a warehouse with random
storage, where different product types can be assigned to a single storage location. While maximising space
utilisation, considering the high number of Stock Keeping Units, this storage approach makes the creation of
efficient picking routes challenging, increasing the effort needed to complete picking orders. To address this
challenge, we present the Genetic Route Optimisation algorithm for optimising order-picking routes. Our
methodology involved testing the proposed algorithm using real-world data derived from the company’s
Warehouse Management System. The results demonstrate a reduction in picking distances, highlighting the
effectiveness of the Genetic Route Optimisation algorithm in optimising picking routes in a random storage
environment. As well as presenting a practical application case, the study highlights the potential of the
proposed algorithm to improve operational efficiency in warehouse environments. It also paves the way
for future research in warehouse logistics, especially by adapting similar algorithmic strategies to various
complex and dynamic warehouse environments, thus advancing the field of warehouse management.

INDEX TERMS Random storage location, mixed shelving, picker routing, genetic algorithm.

I. INTRODUCTION
To meet customer demand and stand out, warehouses
face various challenges when developing their operational
strategy [1], [2]. In supply chains where product handling
is critical, warehouse activities such as receiving, storage,
order picking (OP) and shipping are fundamental for
operational efficiency [3]. Among these, OP - commonly
defined as removing items from their storage locations in
response to customer orders - is considered one of the most
time-consuming and labour-intensive [4]. In most cases,
a customer order is transformed into a picking list, which
includes information on the location, quantity, and order in
which items are to be picked, a process known as discrete
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order picking [5]. In particular, picker-to-part OP systems
are significant resource users, where operators travel to
product locations to pick them up manually [6]. This type
of system is widely adopted for its flexibility and capability
to manage diverse items and orders while requiring a lower
investment [7]. However, the efficiency of these systems
depends heavily on optimising the picking routes [8].
The literature on OP identifies four main sub-challenges:

order batching, batch assignment, batch sequencing, and
picker routing [9]. Concerning picker routing - which is the
focus of this study - the main objective is to minimise the
total distance travelled due to its high proportion in total
picking time. However, other performance indicators are
equally important [3]. These include reducing delays [10],
reducing fatigue [11], minimising queues [9], using resources
efficiently [12], increasing picking productivity [13], and
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optimisingwork in progress [14]. However, distance travelled
remains one of the most critical indicators, as it is directly
related to travel time and overall process efficiency, especially
with arbitrary warehouse configurations, including multiple
high storage areas and multiple parallel aisle warehouses [2].

This emphasis on reducing travel distance highlights the
complexity of warehouse layout and product location [15].
Specifically, product location’s arbitrary and often unpre-
dictable nature, especially in warehouses with randomised
storage systems, presents significant challenges [16]. Opti-
mising picking routes becomes a challenging task in a random
storage environment, where different types of products can
be assigned to a single storage location [17]. Operators
must travel longer distances to pick up the required items,
increasing the time and effort needed to complete orders [18].
In addition, the lack of a fixed standard for product location
makes creating efficient and consistent routes difficult,
requiring dynamic and adaptable approaches to minimise
travel distances [19], [20].

The logistics industry has a growing interest in the random
storage strategy, since it significantly optimises warehouse
space, allowing companies to accommodate more products
without the need for physical expansion [21]. In addition,
it offers unprecedented flexibility in inventory management,
making it easier to adapt to changes in market demand [22].
However, while these managerial and operational advantages
are widely documented, they introduce substantial complex-
ities in picking routing [23]. The unpredictable nature of
product location and the need for adaptable picking routes
make route optimisation a considerable challenge [24].
A particularly challenging aspect of random storage

arises when a single storage position can contain multiple
products. This scenario amplifies the complexity of the
order-picking process by requiring more sophisticated route
optimisation strategies to handle the increased variability
and unpredictability in product locations. While there is
existing research on order picking in environments with
mixed storage [25], our study addresses a specific operational
context where combining random storage and multiple
products per position necessitates new approaches. This
distinction characterises a new OP problem in the literature
because it integrates the challenges of randomised storage
location with the need to optimise routes for multiple
products within single storage locations, which needs to be
sufficiently explored in practical warehousing scenarios [26].
This gap underscores the relevance of our paper, inspired

by a real industrial case observed by the authors in a Canadian
shoe manufacturer warehouse with a mixed shelving system,
where each storage position can contain multiple products.
Based on the characteristics of the warehouse, this paper
proposes the Genetic Route Optimisation Algorithm (GRO).
In addition, we provide a practical framework for implement-
ing picking routing strategies, detailing the steps required
to adapt and apply the GRO algorithm in real operational
scenarios. To achieve this, we analysed the process developed
and its application in the specific operational context,

in which we determined a route to reduce travel distances
in the warehouse and establish a picking order to facilitate
movement in the warehouse by simplifying the sequence
in which items are selected for orders. A key contribution
of our research is the proposition of using GRO to solve a
real-life problem using real data and situations encountered in
a real warehouse environment. This approach offers practical
insights and solutions that can be directly applied in similar
industrial contexts. By working with real-world instances
and data, our study bridges the gap between theoretical
research and practical application, providing a tested solution
for optimising order-picking processes in warehouses with
random storage systems and multiple products per storage
position.

In the following sections, we describe the picking route
problem. Section III reviews the related literature. Section IV
presents the GRO framework we designed. Section V applies
our approach to the warehouse configuration of a shoe manu-
facturing company using a dataset to evaluate its effectiveness
in generating improved solutions to the problem. Section VI
discusses GRO performance. To conclude, we summarise
the study’s main findings, discuss its implications and
limitations, and offer suggestions for future research in
Section VII.

II. PROBLEM DESCRIPTION AND FORMULATION
Our study aimed to increase the efficiency of the picking route
process in a warehouse characterised by a complex layout
and random storage policy. This warehouse features multiple
blocks, parallel aisles, and multi-level racking systems, all
stocking a diverse range of products. The random storage
location assignment policy adds to the complexity of the
task, as each item may be located in different storage
locations, and each storage location may contain multiple
products. This configuration poses a challenge to devising
an effective route planning strategy, as it requires navigating
through a constantly changing set of locations. Specifically,
we aimed to minimise the travel distance required for order
picking. By reducing the distance travelled, we sought
to enhance the performance of the order-picking process.
Additionally, we aimed to generate a visual solution to
facilitate the identification and navigation of optimal picking
routes within the warehouse. It is intended to assist operators
in following the most efficient paths, thereby streamlining
the order-picking process and reducing operational time and
effort.

Figure 1 shows the parallel-aisle warehouse studied in
this article. It contains cross aisles to the left and right of
the picking aisles, as in Figure 1(a), and includes a central
cross aisle that divides the warehouse perpendicularly and,
therefore, divides the aisles into picking sub-aisles. The
warehouse consists of three blocks: A, B and C. Block A has
seven sections, each containing six shelves with double-sided
storage spaces, a configuration repeated in block B. However,
block B has nine sections, as does block C. Each section
can accommodate a variety of products. The aisles in the
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warehouse are organised in vertical and horizontal lines that
meet at specific points. These intersection points are indicated
in blue circles, forming the pathways of the picking aisles
and facilitating efficient movement and item retrieval in the
warehouse. These aisles contain sets of ‘‘item points’’, which
determine the specific positions for picking items from each
section’s shelves.

Figure 1(b) shows a representation of the warehouse under
analysis, providing a visual perspective to understand the spa-
tial layout and structural characteristics relevant to the study.
This system directly retrieves items from shelves comprised
of four levels. Levels three and four primarily house stocks
to replenish levels one and two, where picking items are
stored. The nature of the work requires orders to be collected
manually. In particular, products are distributed randomly on
the racks, accessible from both sides, maximising the use of
space but presenting a unique challenge for the picker-to-
part order-picking system. In addition, the warehouse has a
single entry/exit (I/O) point, which serves as the start and end
point for all pickers. Order picking is carried out in waves,
with each picker responsible for a specific set of assigned
orders. The pickers have a trolley, capable of carrying up to
25 items, to help organise and transport the collected items
to the drop-off point. An Automatic Guided Vehicle (AGV)
takes the loaded trolleys to the expedition area. This method
is strategic for managing workflow and optimising picking
time. However, the efficiency of this approach depends on
the route chosen by each picker to complete their task.

Additionally, we use a representation that allows each
position (i) to be designated by its coordinates (xi, yi, zi),
signifying its position along the x and y axes and its z-
level in the storage system. Within these storage positions,
products are inserted randomly and can vary in quantity, with
each position accommodating up to eighteen distinct products
(i.e., boxes containing pairs of boots). This randomness in
product placement within positions adds complexity to the
optimisation of picking routes, requiring algorithms to adapt
to variable item retrieval sequences.

Although routing heuristics are a widely adopted approach
to optimising picking routes in warehouses, as discussed
by [27], we chose not to use them in this study, prioritising
the minimisation of distance travelled. This decision is based
on the specific nature of our target warehouse, which has a
complex multi-block layout and a randomised stock system
with multiple products on the shelves. In such scenarios,
the effectiveness of conventional routing heuristics is often
limited due to the unpredictability and variability of item
location [28]. Nevertheless, minimising the travel distance
offers an objective and quantifiable criterion that can be
optimised more effectively in a non-deterministic storage
environment [29]. By reducing the distance travelled by
the pickers, we aim to develop a solution that improves
operational efficiency to deal with the complexity and
randomness inherent to the warehouse configuration with
multiple products on each storage position. This strategy

allows us to formulate a solution approach directly aligned
with the specific characteristics and operational challenges
of the warehouse studied, focusing on practical applicability
in storage environments.

Our warehouse logistic operations face a routing challenge
extending beyond the traditional Travelling Salesman Prob-
lem (TSP) or its variant, the Family Travelling Salesman
Problem (FTSP). The FTSP is a complex variant of the
well-known TSP, which seeks to identify the most efficient
route to visit a set of locations. However, in the FTSP,
these locations are grouped into distinct sets or ‘families,’
which requires visiting each family of locations in a specific
sequence [30]. The key distinction from the TSP lies in the
FTSP requirement to not only visit each location within a
family at least once but also to ensure that all members of a
given family are visited in succession before moving on to the
next family and ultimately returning to the starting point [31].
This sequential visiting of families adds a layer of complexity
to route optimisation, accommodating the unique operational
challenges presented by our warehouse [32].

In the picking operations within our warehouse, we cus-
tomise the FTSP to better suit the picking process’s specifics.
Here, ‘‘families’’ are defined as locations where specific
products are stored, as listed for picking. Unlike the standard
FTSP, where each family is a separate group with no overlap,
our warehouse scenario introduces a complexity where the
same product might be found in multiple locations, leading
to potential overlaps between these families. Consequently,
the challenge is to traverse these overlapping families to
pick all listed items efficiently. To effectively address the
challenges posed by random storage and multiple products
in a single position, we adapted the FTSP to reflect the
specificities of our picking process. This adaptation considers
the reality of our warehouse, where individual storage bins
may house various items, often stored on multi-level shelves
and accessible from both sides of the aisle. By integrating
this feature into the FTSP, we introduce a new layer of
complexity: the need to navigate efficiently through locations
with groupings of several products. The main objective of
this strategic adaptation is to optimise the picking route,
simplifying route planning to minimise distances travelled
while ensuring adequate access to these densely populated
storage areas.

Thus, our problem is formulated as follows: given a
list of products to be picked in a warehouse with random
storage and multiple products per position, what is the
optimal sequence for visiting the locations to minimise
the total length of the picker’s route? The picker routing
challenge is a complex optimisation problem with direct
applications in warehouse management and order picking
systems [33]. Specifically, this problem involves solving two
interconnected optimisation sub-problems: first, determining
the optimal order in which to visit the pick points, taking
into account the overlap of product ‘‘families’’, and second,
establishing the most efficient route for the picker to travel
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FIGURE 1. Schematic layout of the warehouse (a) and photo of the warehouse (b) with multiple products per storage location.

between these selected points, ensuring adequate access to
areas with clusters of various products [32]. This formulation
accounts for our warehouse’s unique storage setup and the
practical need to optimize picking routes.

The optimisation problem is formulated as follows,
adapted from Daniels et al. [34] and Moran et al. [30].
Let P represent the set of products that need to be picked,
also known as the picking list, and V denote the vertices
representing specific positions in front of the warehouse
shelves. The set E consists of edges representing the aisles

or cross-aisles that structure the layout of the warehouse,
allowing us to construct a graph G(V ,E) that represents this
layout comprehensively. For each product p, Sp defines the set
of all positions where that product can be found. Additionally,
we define D = [di,j] as the adjacency matrix associated with
the graph G(V ,E), where each entry di,j corresponds to the
distance between positions i and j within the warehouse. The
quantity of product p available at position i is denoted by
qp,i, while rp represents the quantity of product p required
according to the picking list P. The optimisation problem is
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formulated as follows:

min
∑

(i,j)∈E

di,jzi,j (1)

Subject to the following constraints:∑
i∈Sp

qp,iyi ≥ rp, ∀p ∈ P (2)

∑
i∈V\{j}

zi,j = yj, ∀j ∈ V (3)

∑
j∈V\{i}

zi,j = yi, ∀i ∈ V (4)

∑
i∈V (C)

∑
j∈V (C)

zi,j ≤ |C| − 1, ∀C ∈ Ct (5)

zi,j ∈ {0, 1}, ∀(i, j) ∈ E (6)

yi ∈ {0, 1}, ∀i ∈ V (7)

The objective function in equation (1) minimises the
total travel distance by the picker. Here, di,j denotes the
distance between two positions i and j in the warehouse,
and zi,j is a binary variable set to 1 if the picker travels
directly from position i to j. Thus, this objective function
sums up the distances for each step in the picker’s route,
aiming to minimise the total travel distance. Equation (2)
represents the demand fulfilment constraint, ensuring that
a sufficient number of positions are selected to cover the
required quantity rp for each product p in the picking list
P. This is achieved by summing the quantities qp,i available
at the selected positions i (where yi = 1) and ensuring that
this sum meets or exceeds rp. Equations (3) and (4) are the
flow continuity constraints, which maintain route continuity.
Equation (3) ensures that if a position j is selected for the route
(i.e., yj = 1), exactly one edge zi,j must lead into j. Similarly,
equation (4) requires exactly one edge zi,j to lead out of each
selected position i. Together, these constraints guarantee that
each selected position is entered and exited once, ensuring a
continuous route. Equation (5) enforces sub-tour elimination
by preventing disconnected cycles within the picker’s route.
Here, V (C) denotes a subset of nodes, and this constraint
ensures that any subset C cannot form a closed loop unless
it includes all nodes in the full route. This guarantees a
single, continuous tour that spans all selected positions.
Finally, equations (6) and (7) define the binary nature of the
decision variables. Specifically, zi,j takes a value of 1 if the
picker directly travels from position i to j, and 0 otherwise.
Similarly, yi is set to 1 if position i is included in the picker’s
route and 0 otherwise. These binary constraints clarify which
positions and connections are part of the final optimized
route. Despite the model’s effectiveness in producing optimal
picking routes, the computation time required to solve them is
high. In particular, solution times have increased significantly
for instances involving more than four families, which is in
line with the results of Moran et al. [30].

III. LITERATURE REVIEW
Solution approaches for picker routing can be differentiated
into exact, heuristic, metaheuristic algorithms, and simula-
tion [35], [36], [37], [38]. Although exact algorithms provide
a straightforward solution to the problem, it is essential to
recognise that they generally face scalability and computation
time challenges, especially when dealing with large-scale
instances of the problem [39]. Heuristic routing policies
have been instrumental in tackling the challenges of routing
order pickers in warehouses, but their inherent limitations
in guaranteeing optimal solutions have led researchers to
explore advanced methodologies, emphasising metaheuristic
approaches that offer ways to improve solutions [40].
By taking advantage of iterative processes and heuristic-
driven strategies, metaheuristics aim to overcome local
optima by considering larger solution spaces to refine routing
solutions [41]. In addition, the complexity inherent in the
combinatorial nature of this problem makes the application
of metaheuristics a viable alternative [42]. These methods
offer adaptive and exploratory approaches to optimise routes
in challenging environments, such as those with a random
arrangement of products [43].
The use of metaheuristics in the picking route problem

has been widely explored in the literature, demonstrating the
effectiveness of these approaches in various storage scenar-
ios. Among the most widely used metaheuristics are genetic
algorithms (GAs) [44], variable neighbourhood search (VNS)
[45], particle swarm solution (PSO) [46], ant colony optimi-
sation (ACO) [47], and hybrids approaches [48]. In conduct-
ing this study, we adopted a systematic review approach based
on the methodology proposed by Massae et al. [2], which
provides a comprehensive framework for identifying relevant
research on exact algorithms, heuristics and metaheuristics in
the context of optimising picking routes in warehouses. With
a specific focus on metaheuristics, we conducted a thorough
search of the relevant literature published up to 2024.
We reworked the proposed protocol, selecting studies that
use these techniques to solve picking routing problems. This
process resulted in the selection in Table 1, representing a
broad spectrum ofmetaheuristic approaches and applications.
The Table 1 categorises the selected studies based on critical
characteristics, such as warehouse configuration, storage
system, level of mechanisation, specific objectives, and
methodologies applied, as proposed by [49].
Each category in Table 1 represents an essential attribute

of the studies, providing a detailed context for each
approach. ‘‘Warehouse’’ refers to the structural layout, such
as single-block or multi-block designs, which impacts routing
complexity. The ‘‘Storage’’ indicates whether products are
stored in dedicated or random locations, influencing retrieval
strategies. The ‘‘Mechanisation’’ differentiates betweenman-
ual, semi-automated, and fully automated environments,
affecting the choice of optimisation techniques. ‘‘Objective’’
captures the primary goals—typically minimising travel dis-
tances, picking time, or operational costs. Finally, ‘‘Method’’

170872 VOLUME 12, 2024



R. F. D. Assis et al.: Optimising Warehouse Order Picking

TABLE 1. Related studies.

lists the specific metaheuristic approaches, highlighting the
diversity of algorithms used to address the varied challenges
in optimising warehouse picking.

Tsai et al. [44] developed a dual genetic algorithm (GA)
approach to address the challenges of both order batching and
picker routing, aiming to minimise travel costs and manage
early/late penalties effectively. The study first applies a GA
to batch orders, followed by a second GA to determine the
optimal route for the picker, tailored to the specific items
in each batch. Conducted in a warehouse with a rectangular
layout and parallel aisles, the research focuses on a dedicated
storage system where each location accommodates only one
type of item, stored exclusively in a single position. In a
similar line of research, Rubrico et al. [50] utilized a tabu
search algorithm to address picker routing, prioritizing the
reduction of total execution time, or makespan, within a
dedicated storage setup. Chen et al. [51] later applied an ant
colony optimisation (ACO) technique to minimise customer
order delays, building on dedicated storage principles.
Extending this work, Chen et al. [47] proposed a hybrid
model that combines ACO and GA to reduce picking
time and alleviate congestion in warehouses with narrow
aisles. Both Chen et al. studies highlight the effectiveness
of combining metaheuristic approaches to optimize picker
routing in dedicated storage environments.

Chabot et al. [54] investigated large neighbourhood search
techniques to reduce travel distances in warehouses with
dedicated storage systems, demonstrating the method’s
effectiveness in optimizing picker routes. Bottani et al. [60]
later applied Harmony Search algorithms to similar dedicated

storage contexts, further optimising travel distances and
overall warehouse efficiency. In a comprehensive study,
Cortés et al. [52] tackled the order picker routing problem
with an emphasis on creating optimized tours, accounting
for multiple factors such as product attributes (e.g., weight
and volume), storage location heights, inventory levels, and
the diversity of material handling equipment available. Bódis
and Botzheim [56] used a bacterial memetic algorithm
to optimize picker routing by focusing on pallet load
characteristics, item properties, and pick list structures.
Their approach emphasized ensuring stable pallet config-
urations to prevent product damage, using a matrix-based
format to illustrate optimal pallet loading and pick
sequences.

Li et al. [55] used an ACO approach combined with local
search to solve the order routing problem in a warehouse with
two blocks and a single storage location. De Santis et al. [5]
introduced a new hybrid metaheuristic (combines ACO with
the Floyd-Warshall algorithm) approach to improve order
picker routing in a narrow-aisle warehouse scenario charac-
terised by two distinct blocks operating in a single low-level
storage environment. Chen et al. [48] developed a hybrid
algorithm combiningACOwith GA to optimise order picking
in multi-block warehouses characterised by ultra-narrow
aisles and access restrictions. Van Gils et al. [59] used a
large-neighbourhood search to address similar challenges in
automated multi-block warehouses. Schrotenboer et al. [53]
present a hybrid GA designed to optimise picking and return-
to-stock routes, considering interactions between order
pickers in multi-block warehouses.
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Ardjmand et al. [10] addressed logistical challenges in rect-
angular, single-block warehouses by combining Lagrangian
decomposition heuristics with particle swarm optimisation
(PSO). This approach tackled order grouping, batch assign-
ment, and order picker routing, focusing on minimising the
time required to complete all order batches, considering
the involvement of multiple operators. Lin et al. [46] also
examined the joint optimisation of order batching and
picker routing within a single-block warehouse with a single
depot. Further extending this work to multi-block ware-
house environments, recent studies, including Wu et al. [65],
Wu et al. [45], Cergibozan and Tasan [63], Gil-Borrás et al.
[61], and Ardjmand et al. [58], have also combined these
optimisation problems, highlighting the complexity and scal-
ability considerations unique to multi-block configurations.

Cano et al. [64] conducted a study focused on minimising
travel time within high-level, multi-block storage systems
by solving the picker routing problem (PRP) through the
use of genetic algorithms (GA) and ant colony optimisation
(ACO). This approach considers height restrictions and
aisle configurations unique to complex warehouse layouts.
Düzgit et al. [62] proposed a hybrid metaheuristic combining
tabu search and an iterated greedy algorithm to optimize
order-picking in a multi-block warehouse, targeting the
most efficient sequence of items from a pick list to
reduce total travel distance in low-level manual picking
systems. Weidinger [57] developed a nearest-neighbour-
based metaheuristic to enhance picker routing in warehouses
with mixed-shelf storage. His method assesses the impact
of various mixed-shelf scenarios, providing comparative
insights with traditional storage policies to optimize urgent
order assembly.

While the studies presented in Table 1 demonstrate a
variety of metaheuristic approaches applied to order-picking
routing problems, our study stands out by explicitly address-
ing the challenge of random storage and the operational
complexity associated with multiple products per storage
position. In contrast to the predominant literature focused
on more predictable and dedicated storage scenarios, our
work introduces an innovation by adapting the FTSP to
address the specificities of random storage. This innovation is
developed with GRO, a genetic algorithm to optimise picking
routes in complex storage environments. Thus, the main
contribution of our study lies in the practical application of
GRO in a real industrial scenario, using authentic warehouse
data, an approach rarely explored in previous research. This
validates our method’s effectiveness in an operational context
and offers insights for managing warehouses facing similar
challenges.

An important aspect to consider in the context of travelling
and picker routing is the type of picker involved, whether
human or robotic (e.g., AMR - automated mobile robot).
Our study specifically focuses on human order pickers
operating within a complex warehouse environment. This
distinction is crucial, as the optimisation strategies and
challenges can differ significantly between human and

robotic pickers. Human pickers provide the flexibility and
adaptability to navigate the random storage and varied
product types typical of the warehouse we studied. This
focus aligns with studies such as Battini et al. [66], which
highlight the ergonomic and efficiency challenges faced by
human pickers, and Grosse et al. [67], which emphasize the
importance of optimising travel distance to reduce physical
strain and improve productivity. Additionally, most of the
studies analysed in Table 1 indicate that thework is performed
manually and the distance travelled factor is the most
analysed measure in these cases, reinforcing the relevance
of focusing on human order pickers. Our research aims to
develop practical solutions that enhance route efficiency and
operational performance in real-world warehousing scenarios
by addressing human pickers’ unique needs and capabilities.

IV. SOLUTION APPROACH
In this section, we summarise the solution approach proposed
by the study, focusing on GRO, a metaheuristic methodology
designed to efficiently address the complexities of ware-
houses with random storage andmultiple products per storage
position. GRO is based on GA, a widely used method to
solve optimisation problems [68].GA was selected for the
development of the GRO due to its adaptability to deal with
the complex and randomised storage environments present in
our case study.

Thus, GRO starts with a population of candidate solutions,
evolving through selection, crossover and mutation processes
to meet the challenge of optimising picking routes for
warehouses with random storage and multiple products per
location. This iterative method allows it to adapt dynamically
to the complexities of storage and classification demands,
continually refining the solutions [69].
Figure 2 illustrates the process of our solution approach,

starting with data gathering on the warehouse layout, start
and end points of the route (i.e., depot) and list of items
to be collected. This is followed by a phase of technical
adjustments and pre-processing of this data to prepare it
for the GRO application. After running GRO, the process
is completed by generating a detailed picking report and
a visual map highlighting the storage positions to be
visited to optimise the picking route in the warehouse.
In the following sections, we detail each stage of this
approach, clarifying how GRO dynamically adapts to the
storage complexities and picking requests to reduce picking
distances.

Table 2 presents a detailed nomenclature essential for
understanding GRO operating parameters. Each algorithm
component is discussed in the following sections, highlight-
ing aspects such as initial population generation, genetic
operator selection and convergence strategies.

A. INITIAL SETUP
Identifying a finite set of data points is essential in adapting
our approach to various warehouse layouts. These data
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FIGURE 2. Flowchart of the proposed approach.

points must uniquely define the warehouse layout and be
mathematically expressible, allowing algorithmic processing.
To represent the problem, which aims to minimise the
total distance travelled by pickers, it is necessary to know
precisely the distances between all pairs of storage locations
(or storage bins) within the warehouse under study [70].
The warehouse has several parallel aisles intersecting with
cross aisles. The horizontal aisles are designed to be narrow,
enabling operators to access items from both sides. The
shortest picking route problem must be solved to calculate
the distances between various locations. It is important to
note that pickers can navigate the side aisles and the central
aisle when transitioning between different locations, often
resulting in varying distances.

To implement GRO, we defined a set of preliminary steps.
The first stage involves a detailed configuration of the ware-
house layout, precisely defining shelf dimensions, aisles, and
the exact location of each picking bin. Subsequently, the start
and end points of each picking cycle are determined, typically
based on the warehouse entry/exit locations, to ensure an
efficient picking route andminimise turnaround time. Finally,
the list of products to be picked needs to be compiled and
optimised, considering the ideal sequence to minimise total
travel distance, taking into account the location of each
product within the warehouse. From there, using the pick
list established from the company’s Warehouse Management
System (WMS), we associated each product picking location
with a specific point. This allowed us to assign distances to
each position to be visited on the pick list.With this approach,
we calculated the total distances required to collect all the

products listed, resulting in an efficient and detailed analysis
of the necessary route for the picking tasks.

In developing GRO, we adapted metaheuristic strategies,
including the FTSP concept, to address warehousing chal-
lenges with random arrangement and multiple products per
position. The integration of FTSP allows GRO to effectively
manage the complexity of visiting ‘‘families’’ of products,
ensuring a solution adapted to the specific needs of our
warehouse and highlighting our study’s practical contribution
to warehouse management.

B. PRE-PROCESSING
In the pre-processing stage, the regular structure of the
warehouse was modelled on a Cartesian plane, making it
easier tomap shelves, aisles and storage areas accurately. This
representationmakes it possible to assign specific coordinates
to each element within the warehouse, representing the
location of each product by its coordinates (xp, yp, zp).
Here, xp and yp refer to the product’s position on the x and
y axes, respectively, while zp refers to the storage system
level where the product is located. This approach allows
an accurate representation not only of the physical space
of the warehouse, but also facilitates the identification and
calculation of the most efficient paths between products,
taking into account the three-dimensional layout of the
environment.

In addition to spatial modelling, we established an initial
representation of the stock that mirrored the configuration
found in the company during data collection. This detailed
representation included the identification of storage shelves
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TABLE 2. Nomenclature.

holding multiple products, a distinctive feature of our ware-
housing challenge. By simulating the current arrangement
and quantity of products in each location, we created an
overview of the stock, which is essential for the subsequent
optimisation of the picking process. This initial study
captures the diversity and distribution of products within the
warehouse. It serves as the basis for the GRO algorithm
to identify optimised pick routes that minimise the travel
required to reach all the items on the pick list.

C. GENETIC ROUTE OPTIMISATION
The pseudo-code outlines a portion of GRO, as shown in
Algorithm 1, an algorithm for generating a picking route.
In the initial phase, a population of candidate solutions
is represented as individuals, where each individual corre-
sponds to a possible picking route. Each individual’s fitness
is calculated using a fitness function, which considers the
distance travelled around the warehouse during the picking
process. Subsequently, the algorithm develops the population
in three main steps: selection, crossover and mutation.

In the selection step, a set of individuals is chosen based
on their fitness, using a selection mechanism favouring
individuals with better fitness values. Next, in the crossover
step, pairs of individuals are combined to produce new
individuals, which can be the offspring of both parental

Algorithm 1 Genetic Route Optimisation
Function GA (T , P, α, β, γ , ω, λ)

I ← w (T , V , P, α) // Initialise population

for z ∈ {1, . . . , β} do
fitness← f (I ) // Calculating
fitness
N ← ∅ // Initialise new population
N ← s (I , λ) // Perform selection
N ← c (N , γ, α) // Perform crossover
I ← m (N , ω) // Perform mutation

end
Result: {f (I )} // best individual in I

solutions. The algorithm controls the crossover rate through
the parameters γ and α. Finally, in the mutation step,
some new individuals are randomly modified to introduce
diversity into the population. These steps are repeated over
several generations (β) to find the best picking route. The
final result is the individual with the lowest fitness in
the population after completing the iterations. The GRO
algorithm is a promising approach to efficiently solve the
challenging problem of warehouse product picking routing,
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combining natural selection, recombination and mutation to
find increasingly better solutions over generations.

The following topics analyze the functions used in the
algorithm. We will explore selection, crossover and mutation
operations, fitness function, and best individual selection,
highlighting how these steps combine to find optimised
solutions in complex warehouse picking routing problems.

1) INITIAL POPULATION GENERATION
The Algorithm 2 is called ‘‘Initialise Population’’ and is
critical in the GRO algorithm in addressing warehouse
product picking routing problems. This function generates an
initial population of candidate solutions, each representing a
potential picking route.

Algorithm 2 Initialise Population
Function w (T , V , P, α)

I ← ∅ // Initialise a population

V ∗← Permutation (V ) // Change the
order of V

while |I | < α do
i← ∅ // Initialise an empty
individual
for p ∈ V ∗ do

Gp← ∅ // A set of points is
initialised
for t ∈ T do

if the product p is available at t then
Gp← Gp ∪ {t} // Add t to Gp

end if
end for
i← i ∪ Sample(Gp, 1) // A sample in
Gp

end for
I ← I ∪ {i} // Add i to I

end while
Result: I

The algorithm begins by initializing an empty set, denoted
as I , which will hold the population of individuals. To intro-
duce diversity in the initial solutions, the order of product
set V is randomised by applying a permutation operation,
identified as Permutation (V ). This randomisation step
is often used in algorithms to introduce randomness and
diversity, which can be beneficial in exploring different
solutions, especially in optimisation problems [71].
Next, an empty individual, represented as i, is initialised

within this loop. For each product p in the randomized order
ofV ∗, a setGp is initialised to store possible points (locations)
where product p is available for collection. The algorithm
iterates over the points slots t in set T (representing available
picking positions) and checks if product p is available at
position t . If it is available, the position t is added to the
set Gp. A sample operation, denoted as Sample(Gp, 1),

randomly selects one point from the set Gp and adds it to the
individual i. This step represents the selection of a specific
location to collect each product in the route.

Figure 3 illustrates the strategy adopted to generate the
initial population in GRO. Each family represents a set of
available storage positions within the warehouse where the
specific product p can be found. This approach allows to
identify all possible locations for each item. Once these
families are formed, the next step is to generate individuals
for the algorithm’s initial population, where each individual’s
gene symbolises a specific collecting position for a product.
The selection of the position for each product on the picking
route is carried out randomly, guaranteeing diversity in the
initial solutions and promoting a broad exploration of the
search space.

FIGURE 3. Strategy for generating the initial population in the GRO.

2) FITNESS VALUE EVALUATION
The ‘‘Fitness’’ function, shown in the Algorithm 3, primarily
calculates the fitness of each route (represented by i) within
the population I . The fitness value measures the performance
of a given picking route concerning the defined objectives
and constraints of the problem and influences the selection
of routes for the next generation.

The ‘‘Fitness’’ function, as outlined in Algorithm 3,
calculates the fitness of each route in a set of candidate
routes I . The fitness value measures a route’s efficiency in
minimising the travel distance for product collection. This
calculation considers the positions of consecutive points in
the route, determining whether they are in the same aisle
or different aisles. The Distance function determines the
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Algorithm 3 Fitness Function
Function f (I )

foreach i ∈ I do
fitnessi← 0 // Initial fitness
value
foreach h ∈ {1, 2, . . . , |i| − 1} do

point1← ih
point2← ih+1
dist← Distance(point1, point2)
fitnessi← dist // Add distance

to fitness
end foreach

end foreach
Return fitness

distance between two points, computed as follows. If two
points are in the same aisle, the distance is calculated using
Eq. 8:

Distance =
√
(x2 − x1)2 + (y2 − y1)2 (8)

where (x1, y1) and (x2, y2) are the coordinates of the points in
the same aisle.

If the points are in different aisles, the distance is calculated
as the sum of the vertical distance (dy) and the minimum
horizontal distance (dx) to reach either the aisle’s right or left
end, using Eq. 9 and Eq. 10, and the result is shown in Eq. 11:

dy = |y2 − y1| (9)

dx = min(|xr − x1| + |xr − x2|, |x1 − xl| + |x2 − xl|)
(10)

Distance = dy+ dx (11)

where xr and xl represent the coordinates of the right and left
ends of the aisle, respectively.

The function CalculateDistance determines the
fitness of a route, directly influencing the efficiency with
which the GRO algorithm identifies and selects optimal
routes for subsequent genetic operations.

Suppose two consecutive points belong to different aisles.
In that case, the fitness value accounts for the vertical distance
between them and the minimum horizontal distance to reach
either the right aisle (xr ) or the left aisle (xl). The fitness
values computed for all candidate routes play a key role
in the following stages of the GRO algorithm. Routes with
lower fitness values, indicative of superior performance in
minimising travel distance, are prioritised during subsequent
genetic operations such as crossover and mutation.

3) SELECTION
Algorithm 4, called ‘‘Selection’’, plays a fundamental role in
the evolutionary process, as it is responsible for selecting a
subset of individuals from the current population to form the
basis of the next generation of potential solutions.

Algorithm 4 Selection
Function s (I , λ)

N ← ∅ // Initialises a population N
D← ∅ // Initialises a list of
positions D

for i ∈ I do
D← Sample (I , λ) // The tournament is I
o← argmind∈D{f (d)} // Select d with
shortest picking route
N ← N ∪ {o} // Add o to N

end for
Result: N

This algorithm takes two input parameters: the current
population I and parameter λ, which determines the size
of the tournament selection group. The function begins by
initialising two empty sets, N and D, which are used to
store the individuals selected for the next generation and the
positions of individuals in the tournament selection group,
respectively. The function creates a tournament selection
group for each i in the current population I by randomly
sampling λ individuals from I . This sampling process is
accomplished using the Sample(I , λ) operation.

The algorithm identifies the individual o within each
tournament selection group with the optimal performance,
which in this context is the shortest picking route, determined
by argminf (D). Here, f (D) represents the distance values of
the individuals within the group D. The individual o, having
the optimal shortest picking route, is then included in the next
generation (N ), contributing to the evolution of the population
in the subsequent iteration.

4) CROSSOVER AND MUTATION OPERATION
Algorithm 5 is responsible for recombination or crossover,
where pairs of individuals are selected from the current
population to produce offspring that inherit characteristics
from both parents.

This algorithm uses three input parameters: the current
population N , a crossover probability parameter γ , and a
population size parameter α, which determines the size of
the next generation. Initially, the function uses a loop that
iterates from i = 1 to α

2 . In each iteration, it selects a pair
of individuals (a, b) randomly from the current population I
using the Sample(I , 2) operation.

For each selected pair of individuals, a probability check
is performed using the rand(0, 1) function, comparing the
result to the crossover probability γ . A crossover occurs if the
random value is less than γ . This probability check introduces
a level of randomness into the crossover process. The function
proceeds with the crossover operation when the crossover
probability condition is met. It first determines a crossover
point h∗ as half of the length of individual a. Then it creates
two new individuals, Child01 and Child02,by combining the
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Algorithm 5 Crossover
Function c (N , γ, α)

for i = 1 to α
2 do

(a, b)← Sample (I , 2) // Select a pair
from I
if rand (0, 1) < γ then

h∗← [ |a|2 ]
a← [a1, . . . , ah∗ , bh∗+1, . . . , b|V |]
// Child01
b← [b1, . . . , bh∗ , ah∗+1, . . . , a|V |]
// Child02

end if
N ← N ∪ {a, b} // Update a and b in N

end for
Result: N

first part of one parent with the second part of the other parent.
This swapping of genetic material between parents generates
two offspring that inherit characteristics from both parents.
The offspring individuals, a and b, are added to the next
generation, N , effectively replacing the worst parents in the
population.

Choosing a crossover point among the individuals is based
on exploring new areas of the solution space and exploiting
existing solutions [72]. This half-point crossover strategy
aims to effectively combine the attributes of the parents
to produce offspring that inherit significant characteristics
from both, increasing the chances of generating high-quality
solutions, allowing an equitable distribution of route parts
to the offspring, favouring the retention of beneficial point
sequences that may have been established in previous
generations [73]. In addition, this approach helps maintain
genetic diversity within the population, avoids premature
convergence toward local optima, and guarantees a broad
exploration of the search space [74].
Following the crossover process, the genetic algorithm

proceeds to the mutation phase, as described in Algorithm 6.
Mutation is another mechanism for introducing diversity and
exploring new genetic material within the population. This
phase ensures that the genetic algorithm does not become
stuck in local optima and continues to search for novel and
potentially improved solutions.

The Mutation function takes two essential input parame-
ters: the populationN and the mutation probability parameter
ω. The function prepares for potential mutation for each n in
the population N . It calculates a midpoint h∗, representing
half the length of an individual’s genetic representation.
To introduce diversity, a random probability check is
performed for each individual. Mutation is initiated if a
randomly generated value from rand(0, 1) is less than the
mutation probability ω. This probabilistic approach ensures
that not every individual undergoes mutation, preserving
a balance between exploration and exploitation. Mutation
involves selecting two indices, sindex and x, within the

Algorithm 6Mutation
Function m (N , ω)

foreach n in N do
h∗← [ |n|2 ]
if rand (0, 1) < ω then

s_index, x ← randint(h∗, |n|)
// Exch.index

aux ← n[x]
n[x]← n[s_index] // Swap gene values
n[s_index]← aux // Update n

end if
end foreach
Result: N

individual’s genetic representation. These indices determine
the positions where gene values are exchanged. The swap
operation effectively alters the individual’s genetic makeup.
Subsequently, the mutated individual is updated within the
population N .
The implemented mutation strategy is designed to inject

diversity into the population and avoid premature conver-
gence toward sub-optimal solutions [73]. This approach
ensures that the metaheuristic continues to explore new
possibilities for choosing solutions, even at advanced stages
of evolution, when genetic variability tends to decrease,
providing an effective mechanism for escaping local minima
and allowing the exploration of unvisited areas of the search
space [72]. According to Engelbrecht [74], this strategy
makes it possible to balance stability and innovation for new
solutions, ensuring that changes are preserved while new
route configurations are tested.

Upon completing the GRO iterations, the final step is
determining the best solution among the individuals. This
solution is identified by finding the individual within the
population with the shortest picking route, calculated using
the f (I ) function. In this context, shorter distances corre-
spond to superior solutions to the optimisation problem. The
individual with the shortest picking route, obtained through
the argmin{f (I )} operation, represents the optimal picking
point sequence. This sequence provides a clear and practical
route for warehouse product picking, efficiently minimising
travel distances and improving overall operational efficiency.

D. POST-PROCESSING
After applying GRO to optimise the product-picking route in
the warehouse environment, the next step was transforming
the GRO results into a practical route for the operator.
We generated the graph edges to represent the connections
between the picking locations previously identified as key
points. The points in GRO served as nodes in the graph
while we calculated the edges to represent the distances and
the optimal order in which the points should be visited.
This approach allowed us to create a targeted route for the
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TABLE 3. Warehouse parameters.

collection tasks, optimising the process of picking products
from the warehouse.

V. ANALYSING THE PRACTICAL CASE
After detailing GRO, we expanded our analysis to a
broader set of tests. This section presents a comprehensive
analysis covering large-scale tests to evaluate the proposed
algorithm’s effectiveness and adaptability in different sce-
narios and data sets. The results of these tests offer a
more comprehensive view of the method’s performance and
viability in different contexts.

A. WAREHOUSE CONFIGURATIONS AND METAHEURISTIC
PARAMETERS
The warehouse operational characteristics play a key role
in determining the effectiveness of routing and picking
strategies. Bidirectional aisles characterise the warehouse
configuration and a regular rectangular architecture with
three blocks and transverse aisles, as shown in Figure 3.
This configuration was converted into parameters, shown in
Table 3, in which the information on aisles and shelf levels
was converted into points on the Cartesian plane.

Thus, the GRO algorithm aims to optimise the first
two storage levels, to reduce the distance travelled by
the selection operators, where each point on the selection
list symbolises a specific destination. Also considered is
the configuration of the warehouse’s longitudinal aisles,
designed to allow easy access to items from both sides.
This analysis focuses on operations with one operator at
a time, minimising concerns about congestion. Another
relevant aspect is operator mobility, who can change their
route in the aisles. The procedure starts and ends at the
warehouse base, with the operator returning after completing
the picking of items. The aisles are bidirectional, and the
warehouse architecture is characteristically regular, usually
with a rectangular layout and parallel longitudinal aisles.

Each picker receives a picking list containing 15 to
27 products, in which each position retrieved from the WMS
must be visited. Armed with specially designed trolleys
that support the collection of items, operators head to the
warehouse to start picking. These trolleys are specifically
developed to carry cartons, enhancing the efficiency and
organization of the picking process. It is worth noting that
there is no specific heuristic that dictates the path to be
taken by the picker when selecting products. The route is

TABLE 4. Values of GRO parameters.

based on the operator’s intuition and experience, allowing
flexibility in the picking process and enabling dynamic
adaptations depending on the layout of the products in the
warehouse. However, this flexible approach can result in
two main challenges. First, the lack of a predefined strategy
can generate significant variations in picking times, leading
to inconsistencies in operational efficiency. In addition,
reliance on operator intuition can lead to sub-optimal routes,
increasing the likelihood of rework or travelling longer
distances, potentially having a negative impact on operational
productivity.

In addition, the list of products to be picked is a parameter
that guides the picking process and the efficiency of the
GRO algorithm. For each order, the list specifies a series
of picking locations in the warehouse and the corresponding
products that must be picked. Each entry in the list details
the sequential order of picking, starting with the first item
and progressing to subsequent products. This order defines
the formulation of the routing problem and evaluates the
algorithm’s effectiveness in minimising the total route and
picking time. The complete list contains 15 to 27 items,
each associated with a specific location and order number,
including at least four different positions to be visited, with
several products sometimes located in the same position, up to
amaximum of 27 different positions. Analysing these picking
lists allows us to test and validate the applicability of our
GRO algorithm in practical scenarios, taking into account
variations in product locations and picking patterns.

The effectiveness of GRO in our study depends on
the precise calibration of parameters detailed in Table 4,
we present the final parameters that emerged from this
calibration process.We adjusted the parameter values through
an iterative calibration process to optimise the algorithm’s
performance, seeking an ideal balance between exploring
new solutions and exploiting promising routes. These include
population size (α), which determines the number of
candidate routes considered in each generation; the number of
genetic iterations (β), which reflects the number of selection,
crossover and mutation cycles carried out; the size of the
tournament selection (λ), which directly affects the selective
pressure when choosing parents; as well as crossover (γ )
and mutation (ω) rates,which are fundamental for defining
the frequency of genetic operators. This calibration process
ensured that GRO could deal efficiently with the complexity
and variables of storage environments in the context of our
study.
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B. GRO PERFORMANCE
To evaluate the effectiveness and adaptability of GRO in the
real operational environment under study, we conducted an
empirical analysis using real picking data. This evaluation
focused on a diverse set of 51 picking lists, each reflecting
a unique picking scenario in the warehouse. The lists
were extracted from the company’s warehouse management
software (WMS), which is under investigation and covers
various picking situations. The selection was made using a
stratified random sampling method to accurately represent
the diversity of picking scenarios in the warehouse. This
method involved categorizing the picking lists based on
key variables, such as the size of the order, the diversity
of products and the complexity of the storage location,
and then randomly selecting samples from each category.
This approach ensured that the 51 chosen lists encompassed
the range of operating conditions faced by the company,
making the sample representative of overall picking oper-
ations. By covering this range of variables, the selected
samples provided a comprehensive view of the company’s
daily picking operations, allowing for detailed comparative
analysis and ensuring that the conclusions and optimisations
derived from the GRO could be generalized to improve the
efficiency of the overall picking process.

To ensure our statistical comparisons’ validity and subse-
quent analyses’ suitability, we performed normality tests on
the company’s current picking distances and those obtained
by the GRO, using the Shapiro-Wilk test. These tests aimed
to determine whether the data followed a normal distribution,
a crucial assumption for many parametric statistical tests.
Establishing the normality of the data allows us to apply
these tests confidently and accurately compare the GRO’s
performance with current picking methods. We obtained a
statistical value of 0.9727 and a p-value of 0.2850 for the
current distances, indicating a normal distribution. The sta-
tistical value of the distances generated by GRO was 0.9589,
with a p-value of 0.0752, suggesting normality. Histograms
and comparative density lines (Figure 4) represent these
results. The analysis showed that current distances range up
to around 100 metres. At the same time, those optimised by
GRO are concentrated in a narrower range, indicating a trend
toward shorter distances (Figure 4a). The Kernel Density
Estimate (KDE) applied to the distances (Figure 4b) showed
a steeper GRO curve, with a higher density for distances
up to 50 metres, reflecting GRO’s effectiveness in reducing
collection distances.

The results of the descriptive statistics, as shown in Table 5,
reveal important insights into the distances. The company’s
average distance practised was approximately 79.63 m, with
a standard deviation of 41.37 m, indicating considerable
dispersion around the average. The shortest picking route
recorded was 11.05 m, while the longest was 205.84 m.
Similarly, the distances obtained by the genetic algorithm
had an average of 62.52 m, with a standard deviation of
32.35 m, and ranged from 12.03 m to 171.04 m. Both data
sets showed coefficients of variation of around 51.95% and

TABLE 5. Descriptive statistics.

51.75%, respectively, suggesting a similar relative variation
regarding their averages. After implementing GRO, the
average collection distance was reduced from 79.63 metres
to 62.52 metres, increasing efficiency by approximately
21.48%. This improvement highlights the effectiveness of
GRO in reducing collection distances, emphasising its impor-
tance for faster and more economical operations. A paired
t-test was conducted to check for statistically significant
differences between the actual distances and those optimised
by GRO. The results indicated a significant difference (t-
statistic= 9.1355, p-value= 0.000), confirming the statistical
discrepancies between the mean distances.

When analysing the descriptive statistics, we noticed a
dispersion in the actual distances practised by the company
and those optimised by GRO, indicated by the standard
deviation values. Figure 5 compares the actual distances with
those optimised by GRO, indicating GRO’s ability to reduce
the total picking distance in various scenarios. Figure 5(a)
shows the dispersion of the points, indicating improvements
in most of the collection lists. However, in others, the gains
are more modest, reflecting that factors can influence the
algorithm’s effectiveness. This point-by-point analysis makes
it possible to assess the applicability of GRO. Figure 5(b)
compares, through overlapping bars, the distances used by
the company and the results generated by GRO for each pick
list, showing that the reduction observed was 56.77 metres,
while the smallest significant reduction, excluding negative
values, was just 0.56 metres. On average, GRO’s reduction in
collection distances was approximately 17.11 metres.

Figure 6 highlights the differences in picking distances
before and after applying GRO. The distances optimised
by GRO show a narrower concentration around the median
(Fig. 6(a)), suggesting improved route consistency and
efficiency.While the accurate distances vary widely, reaching
a significant maximum of 205.84 metres, the GRO-optimised
distances have a narrower range, with a maximum of
171.04 metres. Comparing quartiles between both data sets
highlights the improvement, with GRO producing shorter
distances at each reference percentage point, optimising
picking routes. Figure 6(b) represents the ascending linear
trend, highlighting the effectiveness of GRO in reducing
picking distances compared to the company’s previous
practices for varying pick list sizes.

The relationship between the size of the picking lists and
the execution time to generate GRO results was analysed
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FIGURE 4. Distribution of distances with histogram and comparative density.

FIGURE 5. Comparison of the distances practised by the company and GRO.

using a notebook with a 1TB hard drive, a 10th-generation
Core i9 processor and 16 Gb of memory. The results showed

a variation in response time with list size: for 23 items,
the minimum time recorded was 112.14 seconds, while for
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FIGURE 6. Boxplot and Scatter of the distances practised by the company and GRO.

27 items, the maximum was 157.20 seconds. The average
time for the lists tested was around 135.69 seconds, indicating
that longer pick lists increase processing time.

The comparative analysis between the picking routes
generated by GRO and current practises demonstrates the
potential of GRO to optimise logistics processes, showing an
improvement in operational efficiency through a reduction
in average collection distances. However, the similarity in
the coefficient of variation between both data sets underlines
a constant functional variability influenced by factors such
as product diversity and stock dynamics, which persists
regardless of the methodology applied. Therefore, despite the
advances made by GRO, its effectiveness must be considered
in conjunction with these variabilities, emphasising the need
for adaptive and flexible strategies for effective warehouse
management.

VI. DISCUSSIONS
A detailed analysis of the GRO performance revealed an
optimisation of the picking routes within the warehouse
studied, evidenced by a substantial reduction in average
distances travelled to collect items. Compared to current
practises, GRO reduced picking distances by an average of
21.48%. This result validates GRO’s effectiveness in optimis-
ing picking routes and suggests an operational improvement
that could reduce picking times and costs associated with
movement within the warehouse. Reducing picking distances
has direct implications on warehouse operational efficiency.
First, there are immediate savings in the time operators spend
picking items, allowing resources to be reallocated to other
critical logistics activities. Second, reducing the physical
effort required of operators can contribute to less fatigue and,
potentially, a decrease in error rates, increasing the accuracy
of picking operations.

GRO’s innovation in integrating an extended version of
FTSP concepts into its development process is advantageous
in tackling the challenges of warehouses with random stock
and multiple products per position. By grouping picking
locations into families based on criteria such as product
category, FTSP allows for a more structured approach
to optimising picking routes. This methodology makes it
easier to locate and pick products within a complex storage
environment and ensures that pick routes are logically
organised to minimise unnecessary movement. The ability
to dynamically adapt picking routes in response to changes
in product location or order composition demonstrates
significant operational flexibility, essential for warehouses
facing regular fluctuations in stock and demand.

The process of implementing GRO-optimised results
begins with the generation of picking lists by the WMS,
reflecting the warehouse’s daily operational demands. The
manager then forwards these lists to GRO, which applies its
metaheuristics to analyse and optimise the picking routes.
This procedure results in up-to-date picking lists and detailed
maps, which outline the picking points sequentially. This
approach significantly facilitates the task of the pickers,
providing clear guidance throughout the warehouse and
ensuring a more efficient and systematised picking operation.

This transformation in operational efficiency is particularly
critical in contexts where pre-defined handling patterns
are non-existent, as observed in the company under study.
The lack of a structured routing system often resulted
in inefficiencies and picking errors, reducing operational
productivity and accuracy. Figure 7 illustrates a section of
the optimised route map generated by GRO, highlighting
the picking positions used. The company adopts a pattern
to identify a stocking position. For example, a typical
representation would be J-10-21. Where: J indicates aisle J,
10 indicates that it is in the tenth compartment of aisle J,

VOLUME 12, 2024 170883



R. F. D. Assis et al.: Optimising Warehouse Order Picking

FIGURE 7. Section of the product picking map.

2 indicates that it is on level 2 (second floor), and 1 indicates
that this is the first location in that compartment and on that
floor (there can be several locations in the same compartment
and on the same floor).

Figure 7 illustrates the optimised separation route gener-
ated by GRO. Starting from the entry point, highlighted in
red, theGROalgorithm applies genetic principles tominimise
the distance travelled in an ordered sequence of locations
numbered 1 to 8. GRO identifies a near-optimal path that sys-
tematically reduces unnecessary movement and maximises
efficiency by iteratively refining the possible routes. The
sequence incorporates support points strategically positioned
along the side and centre aisles, designed to make navigation
easier for operators. Each numbered point corresponds to the
precise order of product collection, structuring the process
into a logical flow that is predictable and efficient. As the
company currently operates without a standardised picking
sequence, this optimisation demonstrates GRO’s ability to
transform warehouse operations by applying data-driven
picking processes to improve real-world efficiency.

When comparing theGRO computational timewith similar
studies, we noticed that, despite being applied to instances
involving up to 2000 storage positions, our algorithm
maintained times in the 135 seconds range, in line with the
results of [56], [63], [64], and [65] for similar capacities.
Interestingly, studies that looked at warehouses with more
than 5000 positions, such as those by [58], [60], and [61],
reported shorter computational times. However, these stud-
ies implemented complementary computational efficiency
strategies, such as ACO,which, when combinedwithGA, can
significantly reduce search times by dynamically adjusting
the search space size for more promising solutions. This
approach suggests a potential avenue to further optimise
GRO performance in future research, adapting to increasing
complexity without compromising operational efficiency,
especially in large-scale warehouses.

In addition to the time efficiency highlighted, GRO
demonstrates its quality through its robustness and flexibility
when dealing with significant variations in the size and
composition of collection lists. While previous studies, such
as those by [45], [53], [55], and [62], predominantly focused

on scenarios with static or limited collection parameters,
GRO was designed to dynamically adapt to a wide range
of operational scenarios, reflecting the real complexities of
warehousing environments. This ability to adjust in real-time
increases GRO’s efficiency and highlights its applicability
in warehousing environments that face constantly changing
picking demands, an everyday reality in modern logistics.

The application of the GRO in the warehouse environment
highlights the critical interplay between engineering princi-
ples and management practices. We addressed a technical
challenge by optimising picking routes while providing sig-
nificant managerial insights. Reducing travel distance trans-
lates into increased operational efficiency, lower labour costs,
and improved worker productivity, showcasing the tangible
benefits of integrating advanced engineering solutions into
warehouse management strategies. Additionally, the visual
solutions generated by the GRO enabled better oversight
and planning, allowing managers to identify bottlenecks and
areas for further optimisation. This case study underscores the
necessity of combining engineering innovations with strate-
gic management to enhance overall warehouse performance,
demonstrating the practical significance of research at this
intersection.

Tests of GRO have shown it to be an effective strategy for
optimising picking routes in a specific warehouse scenario,
resulting in improved operational efficiency. However, the
diversity of warehouse configurations present in modern
industry suggests that the adaptability of GRO to different
operating environments merits in-depth investigation. Ware-
houses vary significantly in layout, size, type of stock and
degree of automation, each presenting unique challenges
for route optimisation. Although our study was based on a
warehouse with a specific layout, the GRO algorithm was
designed to be adaptable. By modifying the input parameters
to reflect the structure of the warehouse, GRO can be adjusted
for traditional warehouse layouts, such as those with one
or two blocks. For one-block warehouses, where the layout
is more straightforward and often linear, the algorithm can
focus on optimising the sequence of picking locations within
a single block. While in two-block warehouses, it can include
optimised transition points to minimise the total distance
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travelled. Exploring the applicability of GRO in different
warehouse configurations will allow us to identify the need
for adjustments or modifications to the algorithm to ensure its
effectiveness in a broader range of operational scenarios. This
research not only increases the practical usefulness of GRO
but also contributes to a more comprehensive understanding
of how metaheuristics can be adapted to meet the specific
needs of different warehouse operations.

This paper contributes to the literature on warehouse
logistics by addressing the problem of optimising picking
routes in a random storage environment where mixed
shelving configurations allow multiple product types in a
single storage position. We present a new variant of the
FTSP that incorporates two elements: the co-location of
multiple products in shared storage bins and prioritising
quantity-specific picking requirements. Unlike the original
FTSP, which assumes a clear separation between families
of nodes, our model dynamically selects picking points
from variable storage configurations, ensuring that specific
quantities of each product are picked while minimising travel
distance.

In managerial terms, the study provides practical insights
for improving warehouse operational efficiency by signif-
icantly reducing average picking distances. This reduction
translates into faster picking times and has indirect benefits
related to quality, health, and safety (QHS), improving
picker well-being and reducing the likelihood of errors.
The implementation of GRO offers warehouse managers
a structured route planning framework that reduces the
inefficiencies associated with unstructured, intuition-based
picking methods. However, this research has limitations,
particularly in addressing the dynamic nature of warehouse
layout changes and the solution’s adaptability over time.
While product diversity does not directly impact the model,
the ability to quickly adjust to layout modifications and shift-
ing storage requirements remains a challenge. Although the
GRO parameters were calibrated for the specific warehouse
configuration in this study, further research is needed to
develop approaches that can generalize and adapt to larger
warehouses or those with frequently changing layouts and
operational structures. Other metaheuristics, such as hybrid
heuristics, can be investigated in future studies to improve the
proposed approach’s computational performance.

VII. CONCLUSION
This study represents a development in warehouse logistics
optimisation literature, explicitly addressing the underex-
plored challenge of picking routing in the context of
random storage with multiple products per storage location.
The complex scenario encountered in a Canadian shoe
manufacturer warehouse motivated the development of the
GRO algorithm. This approach stands out for its ability to
effectively deal with the additional complexity that arises
when multiple products are located at the same storage point,
a situation common in many modern warehouses but often
overlooked in previous research.

Implementing GRO in a warehouse with random stock
offers practical and theoretical insights. From a practical
point of view, applying GRO promotes more efficient picking
operations management, significantly reducing the time and
effort required to process orders. Theoretically, our study
contributes to the warehouse management literature by
introducing a new order-picking problem and offering a
solution to pickingmultiple products in a single position. This
research expands current knowledge on route optimisation
strategies in complex warehouse environments, highlighting
the importance of adapting optimisation approaches to the
characteristics of random inventories with multiple products
per storage position. In addition, the results obtained with
GRO reinforce the applicability of metaheuristics to real
logistics problems, demonstrating how algorithmic solutions
can be calibrated to address specific operational challenges
and significantly improve logistics processes.

Empirical testing on selected product pick lists demon-
strated GRO’s superiority over existing practices, signifi-
cantly reducing average pick distances. Statistical analyses,
including a paired t-test, substantiated these improvements,
illustrating a significant optimisation over the company’s
prior methods. These findings underscore GRO’s potential
in diverse operational contexts, suggesting avenues for
further research, particularly in adapting GRO to varied
warehouse configurations and exploring synergies with other
metaheuristics to improve solution generation efficiency.

Throughout this study on the implementation of GRO in
a warehouse scenario with random stock, we encountered
several noteworthy limitations. Accurately modelling real
warehouse conditions posed a significant challenge, espe-
cially given the complexity introduced by multiple products
in a single position. Additionally, balancing the algorithm’s
accuracy with computational efficiency required careful
calibration of GRO parameters to ensure optimized results
without excessive processing time. Collecting and analyzing
real warehouse picking data also presented difficulties,
particularly ensuring that the dataset captured a broad range
of picking scenarios without introducing bias. While these
limitations underscore the significant contributions of this
study, they also point to crucial areas for further research and
refinement in GRO and similar optimisation methods. Future
studies could explore the potential of alternative algorithms
to address these challenges, potentially uncovering solutions
that enhance adaptability and computational efficiency in
dynamic and complex warehouse settings.
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