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Abstract: We present an integrated omnichannel framework designed for coordinating and improving
shopping experience in the Health and Pharma (H&P) sector. The architecture of this unified
purchasing system is composed by macros and subsystems designed for the scalability and flexibility
of the framework in the specific context of H&P. In addition, we introduce an optimization algorithm
specifically designed for the storage operations in a dark-store, with the aim of optimizing operational
efficiency and reducing related costs. In the present study we propose two product allocation
strategies in a vertical carousel warehouse, based on correlations between products. We show that the
proposed optimized allocation strategy significantly reduces picking times compared to the random
allocation strategy. Moreover, these results indicate that taking into account the correlation between
products in past orders and the optimization of product arrangements within the warehouse can
significantly improve the efficiency of the picking process.

Keywords: omnichannel; optimization; warehouse; SLAP

1. Introduction

Evolving shopping habits and the growing online presence of consumers has raised a new
challenge in customer management: the creation of a customer-centric and seamless omnichannel
selling experience across all business touchpoints. Omnichannel emerges as a fundamental prerequisite
for establishing robust relationships between consumers and brands [1], offering companies
the opportunity to expand their business in an increasingly interconnected digital environment
characterized by rising customer expectations [2].

Recently, the growing focus on the implementation of omnichannel architectural systems has
fostered the interest of the expert community by generating several research and application studies.
These investigations have improved the development of a broader understanding of omnichannel
effects on business efficiency, customer shopping experience and evolution of markets [1–10]. Despite
the aforementioned achievements, some gaps persist in the application of omnichannel approaches
in the domain of health and pharma. As a matter of fact, these sectors, characterized by a wide
and complex network of stakeholders and digital technologies, have experienced a steady growth of
expectations from customers and business operators [11,12]. In such a challenging environment, the
need of providing a personalized and efficient shopping and service experience is an emergent issue,
representing an area of growing interest and relevance [13].

In recent years, the implementation of omnichannel systems has attracted significant attention
in a variety of domains outside the "Health & Pharma" sector. This surge of interest has triggered
numerous studies and research exploring the omnichannel approach in different contexts. These
investigations have contributed to an enhanced comprehension of how omnichanneling can impact
business efficacy, customer interactions, and the dynamics of evolving markets [1–10,14]. Although
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these surveys did not specifically address the "Health& Pharma" (H&P) sector, they still provided
essential reference points for understanding the basic principles of omnichanneling. In particular, the
following key points have emerged from these studies:

1. The omnichannel approach aims to enable customer to interact with the brand seamlessly
across multiple business channels, ensuring consistency in the information and experience
offered [1,5,6,13].

2. Advanced technology platforms, data management systems [7,15] and automation solutions are
essential for smooth transition between channels and efficient resource management.

3. A pivotal aspect of omnichanneling is the capacity to personalize interactions and offerings for
individual customers, thereby enhancing customer satisfaction and brand loyalty. [1].

4. The implementation of omnichannel systems can contribute to more efficient inventory
management, process optimization and cost reduction, emphasizing the importance of proper
data and resource management [7,15].

To date, the Health & Pharma (H&P) sector has been characterized by a continuous customer service, a
large distribution and logistics network, and the adoption of emerging technologies such as artificial
intelligence and telemedicine. In this sector, the adoption of omnichannel systems is strongly related
to the evolution of digital technologies and changes in industry dynamics, highlighting the H&P
responsiveness to contemporary technological advancements [11,12]. The need to deal with the
technological evolutions represents a challenge and an important opportunity to improve operational
efficiency and to address customer requirements.

The emergence of e-commerce and the surge in online shopping have spurred the establishment
of warehouses, including dark stores, strategically located in urban centers [16,17]. The dark stores,
conceived in the UK in 2009, facilitate ultra-fast delivery of online orders through instant delivery
systems [18,19]. They optimize order preparation by reconfiguring shelf layouts based on logistical
efficiency rather than consumer-facing logic [19]. Leveraging software and hardware tools, dark stores
enhance operational efficiency and customer service by implementing advanced technologies such as
Machine Learning Algorithms, Data Mining, and Warehouse Management Software [20,21]. These
technologies enable real-time inventory synchronization, demand forecasting, and efficient space
management [22]. Vertical Lift Modules (VLMs) are commonly utilized as Automated Storage and
Retrieval Systems (AS/RS) in dark stores, offering space optimization and quick access to stored
items [23]. Several methodologies exist for product classification and storage location assignment,
commonly known as the Storage Location Assignment Problem (SLAP), which aim to minimize
material handling costs and optimize space utilization [24]. In the present work, we explore SLAP
approaches and propose an optimized allocation strategy, offering insights through a comparative case
study. Moreover, we present the framework “ReDiT” (A new strategy of Retail in Digital Transformation
era) designed to orchestrate and unify business processes to deliver an omnichannel shopping
experience through a series of interconnected macros and subsystems. After a description of the logic,
architecture, and key flows of the proposed omnichannel system, we introduce an efficient product
allocation strategy based on product correlations inferred from an analysis of past orders, aiming to
significantly enhance the efficiency of allocation and retrieval processes within Dark Stores. The paper
is organized as follows. Section 2 introduces the ReDiT proposal with the architectural overview and
the optimization approach for the storage phase in dark stores. In Section 3, after a description of
the operational processes and data flows as a result of the development of the omnichannel spider, a
perfomance analysis of the automatic warehouse optimization algorithm is detailed. Finally, Section 4
discusses the main results.
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2. Materials and Methods

2.1. ReDiT Proposal

In this study, the challenge of implementing an omnichannel approach in the Health and Pharma
sector is addressed by defining, designing, and implementing an integrated framework, termed
as "ReDiT." The proposed architecture aims to optimize the shopping experience by creating a
more unified business management framework, customized to fulfill the sector’s specific contextual
requirements.

The ReDiT solution comprises multiple macro-systems and subsystems that cooperate to improve
context-specific flows and processes. The technical proposal outlined in this study consists of two
macro-systems (see Figure 1).

• The "ReDiT Omnichannel Spider" (ReDiT-OS) macro-system is designed to deploy a stand-alone
architecture supporting a "unified commerce" sales solution capable of managing cross-channel
transactions;

• The "ReDiT Automatic Warehouse" (ReDiT-AW) macro-system is tailored to implement a
dedicated solution for dark-store picking in e-commerce. The framework consists of an
automated system comprising a picking warehouse and conveyor belts for package handling,
designed for streamlining and automating the process of picking and order fulfillment.

Figure 1. ReDiT Framework

2.1.1. Architectural Overview of the "ReDiT" Solution

ReDiT Omnichannel Spider

The "ReDiT Omnichannel Spider" macro-system consists of several subsystems including (see
Figure 2):

• ReDiT Middleware. The central component driving the system and serving as the pivotal
orchestrator for facilitating communication among different units of the framework. This
architectural unit enables efficient automation of processes, reducing human error and ensuring
optimal connectivity between different components.
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• ReDiT Product, Order and Warehouse Management (ReDiT-POW). This subsystem has the
ability to autonomously and centrally manage: product, order and warehouse data in the
specific context. Core modules include the Product Information Management (PIM) dedicated
to a structured and organized aggregation of product information, the Order Management
System (OMS) for centralized order processing, and the Warehouse Management System (WMS)
dedicated to the operational management of physical flows in warehouses.

• ReDiT Customer and Resource Management (ReDiT-CARM). Implementing omnichannel
approaches in the "Health & Pharma" industry requires rigorous integration and synchronization
of data across various communication and distribution channels. In order to ensure a seamless
and personalized shopping experience across all channels, the adoption of centralized data
management becomes mandatory. Data centralization, particularly within the health and
pharmaceutical sectors, is acknowledged as a crucial requirement for enhancing operational
efficiency, guaranteeing personalized customer experiences, ensuring regulatory compliance
and protecting data security and integrity. In this scenario, the ReDiT-CARM subsystem is
designed to synchronize and centralize relevant data, including customer data, with the aim
of enabling automatic customer recognition and optimizing administrative, accounting, and
customer service activities. This subsystem includes:

– the Customer Relationship Management (CRM) to manage customer interactions across
various channels;

– the Enterprise Resource Planning (ERP) for centralized management of inventory
engagement, accounting, and administrative tasks;

– the Retail Omnichannel (RO) dedicated to recording transactions at checkout, facilitating
omnichannel sales processes, improving inventory management, and elevating both in-store
operational efficiency and the overall customer shopping experience. The inclusion of the
RO module constitutes a significant transformation of the traditional point-of-sale paradigm.

• ReDiT Marketing Management (ReDiT-MM). This module supports advanced omnichannel
marketing management, by incorporating other submodules, such as the Loyalty Engine
dedicated to omnichannel customer recognition and retention. Additionally, the ReDiT-MM
includes the Marketing Automation and Marketing Intelligence modules designed to automate
and analyze marketing campaigns across multiple distribution channels.
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Figure 2. Component Diagram.

ReDiT Automatic Warehouse

The "ReDiT Automatic Warehouse" macro-system consists of the following subsystems:

• ReDiT Automatic Pick&Place System (ReDiT-APEPS). This component includes a vision system
able to identify the precise location of individual products within the handling area in order to
pick them up and create the order cart. In addition, this system includes a robotic arm equipped
with the capability to receive commands for picking and positioning products associated with a
specific order.

• ReDiT Dark Store Optimization (ReDiT-DSO). This subsystem is critical for the long-term
optimization of the time associated with the order fulfillment process. This module is also
equipped with an artificial intelligence system that identifies the best configuration to store
individual products based on customers’ preferences and their typical spending patterns.
Warehouse optimization constitutes an essential element of the ReDiT system because it directly
affects the speed of order fulfillment and total service costs.

• ReDiT Warehouse Orchestrator (ReDiT-WO). As the core of the entire ReDiT Automatic
Warehouse, it is responsible for coordinating the actions of the ReDiT-DSO and ReDiT-APEPS
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according to the requests communicated by the ReDiT Middleware. In particular, two basic tasks
are in charge to the ReDiT-WO:

– Receiving orders from the ReDiT-Middleware module and coordinating the picking
operations from warehouse and the order preparation by means of the ReDiT-APEPS
subsystem.

– Defining product pickup and storage schedules by coordinating ReDiT-APEPS and
ReDiT-DSO.

According to the architecture of aforementioned solution, the ReDiT-Middleware and the
ReDiT-WO subsystems represent the core nodes of the ReDiT system architecture as they
provide the integration and coordination of diverse modules regardless of the type of product
to be handled and the channels used. The proper development of these two subsystems
allows the entire framework to handle with different volumes of orders/goods and different
product families (e.g., belonging to the pharmaceutical, electronic, and food fields). Therefore,
a well-designed architecture for these modules provides the ReDiT system with flexible and
scalable characteristics.

2.1.2. Integrated Technical Architecture of the "ReDiT Omnichannel Spider"

The architecture of the "Omnichannel Spider" macro-system has been designed in order to ensure
an effective integration among the various components. Specifically, the technology of each component
has been selected according to its technical characteristics and functionalities, in order to optimize the
performance and ensure efficient management of information and operations.

The PIM (Product Information Management) component is implemented by means of the open
source software "Pimcore." This platform offers a modular component-based architecture and leverages
the PHP Symfony framework to handle HTTP requests, database interactions, and adoption of
the Model-View-Controller (MVC) framework. The presence of RESTful APIs enables seamless
external integrations, offering significant advantages such as centralized information management,
task automation, tailored customization, integration with enterprise solutions, and strong support
from the developer community.

The CRM component relies on the "Salesforce" platform and, in particular, on the "Service
Cloud" module. This cloud-based solution provides scalable database, advanced customization,
APIs for integrations, multitenant architecture, and a "Lightning Experience" interface. Furthermore,
Service Cloud provides a complete customer service management experience, integrating advanced
technologies and flexible features to improve operational efficiency.

For the omnichannel e-commerce / fidelity app component, "Magento 2" technology is adopted
with an interface developed through Progressive Web App (PWA). "Magento 2" is open-source, flexible
and customizable platform whose functionality can be extended through plugins. PWA integration
provides a mobile app-like user experience characterized by speed, responsive design, and support for
modern features.

The e-commerce component, on one hand furnishes a wide range of functionality for omnichannel
online commerce, on the other hand is responsible for providing the main operational functioning
expected for the Order Management System (OMS) component. Therefore, the resulting system
facilitates unified and optimized order management, ensuring a consistent and efficient workflow
within the Omnichannel Spider ecosystem. The integration of OMS functionality into the e-commerce
platform aims to maximize operational consistency and to improve the overall system efficiency.

The Loyalty Engine component is developed in PHP, an open-source language widely used for
complex web applications.

The "Salesforce Marketing Cloud" platform is implemented to realize the Marketing Automation
component, offering advanced features for creating, planning and executing automated and
customized marketing campaigns. Modules such as "Email Studio" and "Journey Builder" are
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implemented to support the sending of personalized emails and the creation of customized marketing
pathways.

The "Marketing Intelligence" component is based on "Tableau Server" for marketing data analysis.
This cloud-based platform offers advanced functionality such as the ingestion and connection of
different data sources, the creation of interactive visualizations and a real-time monitoring.

In order to ensure an efficient integration of the WMS, ERP, Retail omnichannel components,
ad hoc connectors are developed within the Middleware, by following a communication protocol
well-calibrated according to the specific integration flow.

Finally, the Middleware, implemented in Java via the Spring Boot framework, orchestrates
the data integration flows. This technology offers a comprehensive standard library, automatic
memory management and multithreading support. Moreover, the T3 large virtual machine on Amazon
EC2 provides flexibility and scalability, ensuring optimal performance and security for the Spring
Boot-based application within the Omnichannel Spider project.

2.1.3. Component Diagram

The Component Diagram (Figure 2) offers a comprehensive view of the diverse entities engaged
in the system and illustrates the pivotal function of the Middleware orchestrator in enabling
communication between the modular units.

The system consists of the following flows:

1. Unidirectional flow from the PIM. In the proposed omnichannel system, the PIM establishes
a unidirectional flow of communication with the Middleware. This one-way communication
enables the PIM to consistently transmit product data, facilitating efficient product lifecycle
management across all relevant business components.

2. Two-way flow from/to the WMS. This flow enables a two-way exchange of data which is
critical for efficient management of warehouse operations. The Warehouse Management System
(WMS) receives relevant information concerning availability, inventory, and goods movements.
It also sends inventory updates, thereby ensuring synchronized and streamlined warehouse
management.

3. Two-way flow to/from ERP. This two-way communication enables automatic stock updates
as a response to sales or returns. This synchronism aims to prevent undesirable scenarios,
such as out-of-stock sales or overstocking. Two-way flow to/from ERP also includes the
communication of pivotal aspects such as internal movement of goods and synchronization of
accounting/administrative documents, contributing to an optimized management of business
activities.

4. Two-way flow to/from the cash system. Bidirectional communication between the cash system
and other components is essential for delivering an omnichannel shopping experience and for
optimizing business operations. This communication allows both online and offline sales data
(including returns) and customer master records to be synchronized between the components in
charge.

5. Two-way flow to/from e-commerce. The flow to/from e-commerce allows for automatic
sharing of customer data, leads, orders, and returns made online. This data sharing facilitates
customer service in accessing up-to-date information, making it easier to handle inquiries, resolve
problems, and provide personalized customer service. Moreover, this communication is crucial
for implementing omnichannel loyalty programs and effectively managing loyalty activities.
Synchronizing this data with analytics and monitoring tools is also essencial for obtaining
comprehensive insights into system performance and user experience on e-commerce platforms.
Furthermore, sharing this data is important for crafting targeted campaigns, enhancing customer
engagement, and optimizing online sales strategies.

6. Two-way flow to/from the Loyalty Engine. Two-way communication with the Loyalty Engine
system plays a crucial role in the effective creation and management of loyalty programs. Indeed,
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the Loyalty Engine imports and synchronizes customer data as it enables the creation of detailed
customer profiles and the implementation of loyalty programs. On the other hand, the Loyalty
Engine provides the data needed to create interactive reports and dashboards in the Marketing
Intelligence system. These reports include key metrics such as program participation, points
earned and redeemed, popular rewards, and purchase trends. Such two-way communication
facilitates analysis of customer purchasing activities, segmentation, identification of effective
loyalty models, and evaluation of loyalty program performance.

7. Two-way flow to/from CRM. Automatic data sharing to/from CRM includes detailed
information on customer contacts, interactions, purchase history, and leads generated by
marketing activities. This communication also facilitates the automation of marketing campaigns,
empowering the creation of lead nurturing campaigns that automatically send personalized
emails tailored to the actions and attributes of contacts registered in the CRM, thereby improving
the generation of qualified leads and enhancing campaign effectiveness. Additionally, the
streamlining of lead scoring management enables the assessment of lead quality derived from
marketing initiatives. Data on leads collected within the Marketing Automation system can
be seamlessly transferred to the CRM, where it undergoes scoring. This approach assists in
identifying the most promising leads and improving sales opportunity management processes.

8. Two-way flow to/from marketing intelligence system and marketing automation tool. The
Marketing Automation platform collects data on customer behaviors and interactions, such
as email opens, link clicks, site visits, and conversions. This data are then used to construct
comprehensive contact profiles, enriching the understanding of individual customers. Marketing
Intelligence leverages the acquired data to conduct in-depth analysis, identify behavior trends,
analyze the customer journey, identify customer segments and discover cross-selling and
upselling opportunities. Data communication between the Marketing Automation system and
the Marketing Intelligence system enables the personalization of communications based on the
acquired data and insights. Targeted messages and offers can be created to improve engagement,
increase conversions and develop deeper customer relationships. The integration also enables
automated data-driven decision making, such as sending follow-up messages, scoring leads,
and launching specific campaigns in response to customer behavior. Finally, communication
between the two components enables accurate measurement of the performance of marketing
activities. Data collected is used to calculate crucial KPIs such as conversion rate and ROI of
campaigns, providing clear evidence of the effectiveness of marketing strategies and guiding
future decisions.

A proper management of these flows is paramount to guarantee streamlined operations, an optimal
customer experience, and a robust groundwork for sales and marketing strategies.

2.1.4. Analysis of the Technical Architecture and operational processes within the "ReDiT Automatic
Warehouse"

As part of the project "ReDiT," a novel algorithm was developed to optimize the storage phase in
the dark-store, a facility dedicated to handling e-commerce orders. This dark-store is characterized by
a mechanized system comprising an automatic picking warehouse and conveyor belts to facilitate the
handling of packages. The pick station, served by this system, allows the picker to assemble orders,
which are then fulfilled.

In this study, we refer to an automated vertical warehouse. Based on previous research regarding
optimization according to product characteristics (weight and size) [25–28], optimization by picking
distance [29–31], demand-based optimization [32–37], multi-criteria optimization [38,39] and dynamic
or chaotic storage (also known as random storage) allocation [40–43] the goal is to define a scenario
representative of real industrial picking processes. This will allow a problem to be addressed that
is meaningful in operational terms and fully reflects the complexity of the industrial environments
under consideration. The study considered a vertical rotating warehouse, called “Vertical Carousel”,
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schematized in Figure 1. The warehouse’s storage capacity is set at 1200 SKUs, as the warehouse
consists of 40 levels, each containing a tray with a maximum capacity of 30 SKUs. Picking uses
an "order-to-order" strategy, in which the picker reads the order, the software identifies the trays
containing the required products, and a conveyor belt transports the trays to the opening point. Once
the tray reaches the opening point, the operator picks the product from the tray and proceeds to the
next tray as necessary to complete the order.

Figure 3. Representation of the vertical carousel.

The background assumption is that the products to be allocated have the same picking frequency
and, therefore, the same turnover rate. The turnover rate of products within a warehouse is a measure
that indicates how often and how quickly products are picked and subsequently sold. The approach
for developing and implementing the optimization algorithm in the scenario involves three distinct
phases, illustrated in Figure 4.
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Figure 4. The methodological approach.

The first phase of the analysis encompasses the preliminary steps. These include generating a
set of customer orders and establishing the allocation and picking strategy, which remains consistent
throughout the process. The subsequent steps involve developing the optimized and random
algorithms for allocation and picking. The algorithms are executed using a randomly generated
dataset, and the outcomes are compared and evaluated. The entire analysis was conducted using
Python 3.0 and Microsoft Excel™ for support.

2.2. Algorithmic Approach

The core aim of the analyzed algorithm is to enhance operational efficiency and reduce the costs
related to picking drawers/pallets from the warehouse. This approach involves assessing the layout of
materials within the warehouse and, when determining the allocation of different products within
the same drawer/pallet, identifying the optimal combination of products to be stored together. In the
context of the "ReDiT" project, the traditional arrangement logic based on product rotation index is
expanded by attempting to consolidate products frequently purchased together into the same container.
This aspect constitutes an innovation in the reference scenario, as it represents an improvement on
current systems.

The practical implementation of this algorithm faces challenges related to data availability and
requires the development of a Machine Learning methodology. This methodology must balance
customer preferences with the product turnover index, ensuring an efficient system that can improve
warehouse management in the omnichannel context proposed by the "ReDiT project." The experiment
conducted with this algorithm aims to empirically evaluate the application of the "ReDiT solution,"
thereby contributing to the consolidation of existing scientific literature and offering practical insights
into the efficacy of the proposed solution within a real-world business setting.

Methodology

The process starts with generating a dataset containing a list of past orders and a list of pending
orders to be picked. To generate orders consistent with past orders, a Python script is developed. This
script creates a random list of 1000 orders, with 800 of them constituting the dataset of past orders, and
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the remaining 200 forming the dataset of orders to be picked. Product correlations have been randomly
defined, determining which products were commonly purchased together. Each order is generated
based on these defined correlations, allowing for the random addition or removal of products. A 20%
probability is considered for a product to be added to the group, while a 10% probability is considered
for a product to be removed from the group. It is assumed that there are 13 types of products denoted
by letters from A to M in the alphabet.

Allocation phase

After order generation, allocation and picking strategies and constraints are defined. For the
allocation phase, the following rules are established:

• A maximum of 3 types of products can be placed in each tray.
• A maximum of 10 units can be inserted for each product type.

Two methodologies will be discussed, with the first one involving random allocation, whilst the
second one involves optimized allocation. An initial assumption is that the warehouse starts empty,
and that all types of product have to be allocated with defined, random quantities as shown in Table 1.

Table 1. Products to be allocated.

ID-product Quantity

A 70
B 90
C 100
D 80
E 70
F 40
G 100
H 90
I 6
J 50
K 40
L 120
M 150

Before proceeding with the definition of the two methodologies, the constraints to be respected,
which are used in both cases, are defined:

• tray_capacity: 30 (maximum capacity of a single tray)
• products_per_type: 10 (number of products per type in a single tray)
• types_per_tray: 3 (number of product types in a single tray)
• num_trays: 40 (number of trays)

The random product allocation logic is outlined in Figure 5.
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Figure 5. Flowchart of the random allocation algorithm.

For each product type, in the products_to_allocate dictionary, a loop is triggered. Different
variables are initialized at the beginning of the loop, such as the total number of units to be allocated
for the current product type. Subsequently, the loop enters a while loop, which will continue as long
as units of this product type are allocated. Within this while loop, another for loop iterates through the
available trays (1 through num_trays). The algorithm calculates the number of units to be allocated for
this product type in each tray. This calculation is based on several conditions, including the maximum
number of units allowed for that product type, the remaining units to be allocated, and the tray’s
capacity. If it is possible to allocate units within that tray, the program proceeds to distribute the
units of that product type in that tray. After the allocation of products, the program updates the
relevant variables. This involves reducing the total number of units to be allocated and keeping track
of the last tray allocated for the following calculation. The while loop continues until all units for
this product type have been allocated or until no more units can be allocated in the trays. After all
units for this product type have been allocated, the loop repeats for the following product type in the
products_to_allocate dictionary. In summary, the loop for each product type ensures that all product
types are allocated in the trays according to the conditions specified in the algorithm.

The allocation generated by the algorythm is shown in Figure 6
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Figure 6. Final configuration after random allocation of products, where "vassoio" stands for "tray".

In the case of optimized allocation, subsequent to parsing the constants and quantities of products
slated for allocation, a dataset comprising past orders is analyzed to discern product correlations.
Thus, the algorithm takes into account the occurrence count between pairs of products within orders.
The algorithm selects the tray with the fewest products allocated and space left, starting with the first
product to be allocated. It then calculates the number of units to be allocated based on various criteria,
such as the maximum capacity of the tray and the remaining amount of product to be allocated. If the
defined conditions are met, it assigns the units to the selected tray and updates the remaining quantity
accordingly. If the tray can still allocate additional products, the algorithm assigns related products
based on the correlations retrieved from the file. The same criteria used for allocating the primary
product are applied to the correlated products. The loop continues until all units of the selected product
type have been allocated, and then it moves on to the next product type. The final configuration of
products in the trays is printed at the end of the algorithm. The algorithm is schematized in Figure 7.
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Figure 7. Flowchart of the optimized allocation algorithm.
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The logic of the implemented code is as follows:

• Initialization of Trays: An array of strings representing the trays is created using list
comprehension. Each element has the form "Tray[i]", where i is the tray index. This initialization
is based on the variable num_trays.

• A dictionary named allocated_products is created with keys representing the trays and initially
empty values (empty lists) representing the products assigned to each tray.

• A while loop is used to assign products to trays until there are still products to allocate. The tray
chosen for allocation is determined using the min function, which selects the tray with the fewest
products already assigned.

• The remaining space in the tray (space_left) is calculated, which is the maximum capacity of the
tray minus the length of the list of products already assigned to the tray. The number of products
to allocate (to_allocate) is then calculated as the minimum between the maximum quantity of
products per type, the remaining quantity of that type of product, and the remaining space in the
tray. If to_allocate is equal to the maximum quantity of products per type, the allocation is made,
and the remaining quantity of that type of product is updated.

• If there are correlated products defined in the correlations variable, a similar check is made to
allocate correlated products if there is available space in the tray.

• The final arrangement of products in the trays is printed, showing the products assigned to each
tray.

• A dictionary named initial_configuration is created to represent the initial configuration by
copying the allocated_products dictionary.

In practice, this phase involves the creation of a list of orders and a correlations dictionary that
tracks correlations between products based on their frequency of being purchased together. It utilizes
an "orders" list to store all orders as lists of products and employs a "correlations" dictionary where
the keys are main products, and the values are "Counter" objects. For each line in the file, all products
in the order are added to the "orders" list. Then, all possible combinations of products within each
order are examined using "combinations." For each combined pair of products, the correlation count is
incremented in their respective Counter objects. For example, if the order contains "A, B, C, D," the
combinations (A, B), (A, C), (A, D), (B, C), (B, D), and (C, D) are computed. For each product pair
within the order, the count is incremented in their respective Counter objects based on the correlation
principle. For instance, if the pair (A, B) is found in an order, the count for both (A, B) and (B, A) is
increased by 1 in their respective Counter objects. This keeps track of the fact that products A and B
have been ordered together in an order. At the end of this process, the correlations dictionary will
contain all correlations between pairs of products along with the count of how many times they have
been ordered together. This is useful for identifying products that are often correlated and can be
allocated together to optimize the picking process or other order management activities.

The final configuration generated in the case of an optimized solution is depicted in Figure 8,
where products are arranged based on the defined correlations.

The assumption is that products commonly bought together are:

commonly\_bought\_together = [
[’A’, ’F’, ’C’],
[’D’, ’E’, ’B’],
[’G’, ’H’],
[’I’, ’J’],
[’K’, ’L’, ’M’],
[’B’, ’G’, ’H’],
[’E’, ’I’, ’M’]
]
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Thus, products A, F, and C are placed together in trays 1 through 3; similarly, products D, E, and B are
allocated in the same trays, and so forth.

Figure 8. Resulting configuration from the optimized allocation of products.

Figure 9 depicts the final configuration, highlighting correlated products. This configuration
reveals that nearly all products are paired with related items.
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Figure 9. Correlations among the products in the configuration obtained after optimized allocation.

After defining the allocation of products in both the random and optimized solutions, the
allocation times were calculated by means of an algorythm with the following logic:

• Definition of he function "calculate_tray_time": this function computes the total movement time
between trays, considering the round-trip time as well. If the previous tray_index is None, it
indicates the first tray, and the round-trip time is calculated solely based on the tray_index. If
the previous tray_index is not None, it calculates the movement time between the two trays and
adds the round-trip time.

• Use of defaultdict for allocation_times: defaultdict is employed to manage the allocation_times
dictionary, which automatically initializes values to zero for new keys.

• Iteration over products in unique_products_list: Iteration is based on the sorted list
unique_products_list, which contains all the products present in the trays.

• Calculation of allocation times for each product: The code iterates through the trays, and for each
product, it calculates the allocation time using the calculate_tray_time function and adds the
cobot time (cobot_time). Cobot_time is the time to perform the product allocation task, assumed
to be carried out by a cobot. The total time for each product is then added to the allocation_times
dictionary.

The variables considered in the code are "allocation_times," which is a defaultdict with values
initialized to zero. It is used to track the allocation time for each product type; "unique_products" is
a set used to collect all product types present in the trays. The set "unique_products" is converted
into a sorted list "unique_products_list" to facilitate accessing products in order. The defined function
"calculate_tray_time" takes as input tray_index (the index of the current tray) and tray_index_previous
(the index of the previous tray). If tray_index_previous is None, the code returns the round-trip time
for the first tray, calculated as the product of the tray index by 5. Otherwise, the code calculates the
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total movement time between the two trays, considering also the round-trip time. The one-way time is
set to 5 if there is movement between trays, otherwise it is set to 0. For each product type, the code
iterates through the trays in initial_configuration to determine if the product is present in each tray. If
the product is present in a tray, the code calculates the allocation time using the calculate_tray_time
function and adds the cobot time (cobot_time). The variable tray_index_previous is updated each
time the tray changes. The allocation_times dictionary is updated with the allocation time for each
product type, and the variable total_time with the total allocation time for all products, printing the
final results.

As described above, two different configurations are generated by applying these algorithms to
a randomly generated dataset. Figure 10 shows an example of the tray 1 configuration. On the left
side, the "Random Allocation" solution displays products placed sequentially in Tray 1. On the right
side, the "Optimized Allocation" solution showcases a configuration where products A, C, and F are
grouped in Tray 1. This optimized arrangement leverages correlations between frequently purchased
products, enhancing efficiency and order fulfillment.

Figure 10. Comparison of Tray Configurations.

Picking Phase

In a vertical carousel warehouse, the picking process starts with reading the order. This
step involves scanning the products specified in the order and identifying all the required trays.
Subsequently, it checks the presence of the products in these trays and determines the optimal tray
through an optimization function. After defining the allocation of products and calculating the time
required for all products to be arranged in the warehouse, the code for product retrieval was defined.
The picking algorithm remains consistent in both the configurations shown in Figure 10, with the
difference being the placement of products within the warehouse. Figure 11 shows the flowchart of
the picking algorithm.
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Figure 11. Flowchart of the algorithm for picking products.

To define the logic of the picking algorythm, the first step is to enstablish essential variables that
encompass product details, tray assignments, and corresponding quantities. Thus, three maps are
initialized whith the following variables:

• all_products: a set of all products present in the trays.
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• product_to_trays: a dictionary mapping each product to the trays where it is present.
• tray_to_quantities: a dictionary mapping each tray to a Counter object that tracks the quantities

of each product in the tray.

Subsequently, orders are read from an external file, and the loop that iterates over each order is started.
A list of trays is created for each product in the order. A Counter object (tray_ranking) is also created
to keep track of how many times each tray appears. Subsequently, the function that calculates the
distance between trays is defined, using the tray indices. Two variables representing the current and
next trays are initialized. current_tray is modified during the execution of the algorithm. The available
trays for the product are obtained, sorted based on tray ranking and distance from the current tray. The
best tray is selected through the get_optimal_tray function, and the value of current_tray is updated.
The quantity of the product in the tray is reduced, and the association is removed if the quantity
is less than or equal to zero. The get_optimal_tray(product) function is responsible for finding the
optimal tray for a given product. The available trays for the current product are obtained using the
product_to_trays dictionary. If the product is not present in the warehouse, available_trays will be an
empty list.

The list of available trays (available_trays) is sorted based on two key criteria:

• tray_ranking: this sorts the trays in descending order according to their tray ranking
(tray_ranking). Essentially, trays with higher rankings, which have been frequently selected in
the past, are positioned at the top of the list.

• tray_distance: in cases where there is a tie in the ranking, trays are organized based on the
distance between the current tray (current_tray_force_low) and the tray under consideration (x).
This preference is designed to select the tray that is closest to the current tray.

The first tray from the sorted list (ranked_trays) is assigned. If the list is empty (no available trays),
optimal is set to None. Finally, the optimal tray (optimal) is assigned to the global variable current_tray.
This will be the tray used as "current" for the next allocation. If no tray is available, current_tray is set
to None. Thus, once the optimal tray has been determined, it moves toward the picking point (where,
in a real scenario, an operator retrieves the required products). If the tray is emptied of all products, it
is removed from the list of available trays. A subsequent check is performed to verify if all the products
specified in the order have been picked. If additional products are to be collected, the same picking
logic is applied iteratively. On the other hand, if all products in the order have been successfully
picked, the process proceeds to the following order. If a product is not available, a message is printed.

After defining the logic for product retrieval, the retrieval time is calculated. The first step of the
algorythm is the initialization of the necessary variables:

• total_time: A variable to track the total time spent in order picking.
• current_tray: The current tray from which the picking sequence starts.
• visited_trays: A set to keep track of the trays already visited during picking.
• sequence: A list to record the picking sequence, containing tuples with information about the

tray and associated products.

Next, a loop is defined that continues as long as there are trays (tray_to_products) from which to
pick products. The next tray (next_tray) from which picking initiates is selected. The choice is based
on the distance between the current tray and the remaining trays. Subsequently, the time to move
between the current tray and the next tray (time_to_move) and the time to pick the products from the
next tray (time_to_pick) are calculated. The total_time variable is then updated with the time taken
to move and the time taken to pick, current_tray is updated with the next tray and visited_trays is
updated with the next visited tray. The next tray is removed from tray_to_products since it has been
visited. Then, the total picking time is printed for the current order, signaling whether all products
have been successfully retrieved. The total picking time for the current order is added to the total
picking time across all orders, which is then finally printed.
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3. Results

3.1. Operational Processes and Data Flows in the "ReDiT Omnichannel Spider" Corporate Macro-System

Within the ReDiT Omnichannel Spider Macro-System, data flows have been implemented to
manage all phases of the omnichannel shopping experience, from order to delivery and potential return
management. Data Flows of the "ReDiT Omnichannel Spider" are composed of several operational
processes that can be represented by UML diagrams. Through a comprehensive examination of UML
diagrams, it is possible to explore the complex operational dynamics involved in the centralized
management of product master data, orders, marketing campaigns, customer service, and inventory
within the Health and Pharma sector’s omnichannel framework. As a result of the "ReDiT Omnichannel
Spider" realization, the following subsection is devoted to the discussion of operational processes
implemented in this macro system together with the detailed UML diagrams of the most relevant ones.

Creating Product Master Data

The product master data creation process is depicted in the UML diagram in Figure 12. In
this phase, the operator initiates the procedure within the PIM system, where products destined for
both online and offline sales are inputted and saved. Then, this data is shared via the Middleware
orchestrator to the sales channels and to the ERP system for efficient stock management.

Figure 12. Product Master Data UML

Creating Omnichannel Customer Master Data

The UML diagram in Figure 13 provides an overview of the customer master data creation
process within the omnichannel system. When customers register on the e-commerce platform, they
are automatically enrolled in the loyalty program. This action triggers the generation of customer
master data across multiple components, including the Business-to-Consumer (B2C) module, the
omnichannel checkout system, the loyalty engine for managing loyalty rewards, and the CRM system.
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The CRM system serves as a central repository for compiling all pertinent information related to
individual customers, facilitating a comprehensive understanding of their preferences and interactions
across various touchpoints.

Figure 13. Customer Master Data UML

Online Order Generation, fulfillment and delivery

The sequential stages of online order generation and fulfillment are outlined in the UML diagrams
in Figure 14 and Figure 15. Beginning with a loyal customer’s order placement on the e-commerce
platform, these diagrams illustrate the transmission of order data via Middleware to key business
components including the checkout system, the CRM platform, the ERP system, and the WMS system.
By showcasing this interconnected flow of information, the diagrams offer insights into how orders
are processed and managed seamlessly across multiple channels within the omnichannel framework.
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Figure 14. Online Order Generation UML

Figure 15. Online order fulfillment UML.
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Offline Order Creation and Management

This process concerns the in-store purchase by a loyalty customer, from order processing by the
checkout system to communication with the loyalty engine. All the interactions between different
business components are orchestrated by the Middleware.

Return Request Management.

The process of managing a return request, initiated by a loyal customer for a purchase made on
e-commerce, can be delineated into two distinct subprocesses.

1. Authorization of the return request The flow is composed by the following steps:

• The loyal customer submits a return request directly from their e-commerce private area.
• The e-commerce handles the request.
• The request data is transmitted to the components responsible for handling it, including the

loyalty engine, so that the the loyalty data associated with that order are updated; to the
cash system in order to achieve omnichannelity; to the ERP in order to update stocks and
process accounting documents; to the CRM for updating the customer file.

• The e-commerce platform sends the data of the return order to the courier software which is
responsible for generating the shipping label.

• The shipping label is transmitted to the e-commerce platform, and it becomes available in
the customer’s private area where the customer can access and print the label to be used
for preparing the pakage to be consigned to the designated shipper. This process simplifies
the return procedure, allowing customers to facilitate return shipping without additional
complexity.

2. Receiving the returned goods in the warehouse and generating the refund:

• After the loyal customer entrusts the returned items to the courier, the courier takes care of
delivering them to the destination, which typically is the warehouse of the company that
originally fulfilled the order.

• Once the goods are back at the warehouse, a company operator verifies their condition and
suitability.

• Subsequently, the goods are loaded into the WMS for proper inventory management.
• Next, the operator accesses the ERP system to initiate the refund process for the customer.
• The return status is updated to "completed" and is notified to the pertinent component,

such as the e-commerce platform, the cash system, and the CRM platform, ensuring that all
systems are updated to the latest status of the return transaction.

Creating and Analyzing Marketing Campaigns

This operational process delineates the flow of information required to develop and evaluate
a successful omnichannel marketing campaign, including both the campaign preparation and the
marketing automation tool responsible for gathering data from the CRM system.

Service Ticket Creation and Management

This process involves the creation and management of support tickets. The flow is based on the
interaction between customer, CRM and operator in the whole process including customer contact,
customer service and ticket resolution.

Inventory generation and update

This operational process concerns the flow that includes: arrival of goods at the warehouse,
updating of quantities, communication with the ERP system, cash system, and e-commerce platform.
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3.2. Performance Analysis of the "ReDiT Automatic Warehouse" Optimization Algorithm

To assess the effectiveness and efficiency of the proposed model, a case study was conducted
using a randomly generated dataset using Python. The performance metric under consideration is
the time. Consequently, the time needed for product allocation and picking was computed for both
solutions. The total time for each product to be allocated or picked is the sum of time required to move
between two trays, time to get the tray out (outward), time to get the tray back in (return), and cobot
time. The time calculation is expressed in the following algorythm:

time_total = time_moved_between_trays + time_ outward + time_return + cobot_time
where
cobot_time= (num_products) * T
time_moved_between_trays = abs(tray_index - tray_index_previous) * T

if abs(tray_index - tray_index_previous) > 0:
time_outward = T

else:
time_outward = 0

time_outward = time_return

Cobot_time refers to the time for allocating or picking a product, which can be done by a cobot or
manually by an operator. In the conducted case study, T was set to 5 seconds. The algorithms were
iterated 10 times. This repetition is related to the nature of the input data. Dealing with a randomly
generated dataset, the results may exhibit variations between different runs because of the inherent
stochastic nature of the dataset. For a more precise evaluation of the algorithms’ performance and to
reduce the influence of the stochastic nature of input data, it is recommended to run the algorithms
multiple times. This allows for calculating an average from the results obtained in different runs,
providing a more reliable estimate of the algorithms’ performance. The results obtained after the 10
iterations of the two solutions are presented in Table 2 for the random solution and in Table 3 for the
optimized solution, which allows a comparison of the allocation and picking times of the two solutions.
Figure 16 shows a cumulative column chart comparing the total times of the two solutions for each
iteration.

Table 2. Allocation times and picking times for the random solution.

Iterations Allocation time (sec) Picking time (sec)

1 7080 62675

2 7080 65115

3 7080 62280

4 7080 62175

5 7080 63850

6 7080 60535

7 7080 63310

8 7080 61420

9 7080 59320

10 7080 62600
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Table 3. Allocation times and picking times for the optimized solution.

Iterations Allocation time (sec) Picking time (sec)

1 7485 54905

2 7490 59685

3 7330 54750

4 7300 57360

5 7375 53935

6 7195 52735

7 7260 58090

8 7195 52960

9 7730 47125

10 7325 54515

Figure 16. Comparison of total times for the two solutions for each iteration.

In the case of the optimized solution, the allocation time is slightly longer than that of the random
solution, but the difference is not significant. In contrast, the optimized picking time is significantly
shorter than the random picking time. The optimized solution consistently results in a lower overall
time, which is the sum of allocation and picking times, than the random solution. Therefore, the
optimized solution results in an average efficiency improvement of 10.76% compared to the random
allocation solution.

4. Discussion

In this study an advanced, integrated, omnichannel framework has been designed and
implemented for improving the shopping experience in the Health and Pharma sector, by establishing a
more cohesive business infrastructure. This solution comprises multiple interconnected macro-systems
and subsystems, working in synergy to enhance specific processes and flows in order to: (i) provide
effective communications among different units; (ii) improve product, order and warehouse efficient
management; (iii) offer personalized shopping experience through customer data and resource
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management; (iv) optimize marketing management, automatic pick&place and dark store. This
well-designed architecture allows the entire framework to handle with different volumes of orders
across diverse product categories and provides the ReDiT system with flexible and scalable attributes,
ensuring its capability to accommodate evolving demands and market dynamics. Notably, two key
macro-systems have been developed: the "ReDiT Omnichannel Spider" (ReDiT-OS) and the "ReDiT
Automatic Warehouse" (ReDiT-AW). While ReDiT-OS focuses on creating a unified commerce platform
capable of seamlessly managing transactions across various channels, ReDiT-AW is dedicated to
optimizing e-commerce operations through automated dark-store picking. This involves deploying a
cutting-edge system equipped with a picking warehouse and conveyor belts, specifically designed to
streamline and automate the process of order fulfillment. Within the ReDiT-AW, a novel algorithm has
been designed and developed to enhance the storage phase in the dark-store. This algorithm optimizes
the allocation and picking of products swiftly and efficiently, ensuring rapid processing times. Indeed,
travel time represents a substantial portion of the time required for order picking operations, and its
reduction brings clear benefits to warehouse operations cost and order fulfillment time. The research
and analysis conducted during this study have contributed to a comprehensive understanding of the
importance of optimal product allocation within vertical carousel warehouses, particularly in Dark
Stores contexts. Adopting advanced product allocation strategies can significantly improve operational
efficiency, aiding in optimizing picking times and maximizing customer satisfaction. This study
proposes two product allocation strategies in a vertical carousel warehouse. Based on correlations
between products, the optimized allocation strategy significantly reduced picking times compared
to the random allocation strategy. These results indicate that considering the relationships between
products and optimizing the arrangement of products within the warehouse can significantly improve
the efficiency of the picking process. This can be particularly important when picking times directly
affect customer satisfaction and overall operational efficiency. Future research could explore more
advanced approaches to optimizing product layout and consider additional factors that influence the
picking process.
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