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Abstract: These In the field of supply chain management, making sure products get to people efficiently is not easy. There are issues
like customers being unhappy, figuring out the optimizing itinerary of trucks, how much they can carry, and optimizing the delivery time.
In this paper, we are introducing a smart system that makes the whole delivery process smoother, starting from managing inventory to
reaching the customers. Our system leverages clustering techniques to automate and simplify this complex process. We collected data
and tested our approach on a mass retail company in Casablanca, Morocco. This data includes information about customer locations,
order details, and the available delivery trucks with their capacities. At the core of our solution lies a unique clustering algorithm,
custom-made to handle our specific challenges. The approach starts by defining how far apart cus-tomers' locations can be, ensuring we
don't group locations that are too distant from each other. Then, we use a straightforward method to create these groups based on
proximity between locations and order details. This ensures the efficient allocation of customer orders to clusters, maximizing truck fill
rates. In short, our innovative approach streamlines delivery operations, reduces cus-tomer complaints, optimizes fleet management and

guarantees on-time, cost-effective deliveries with a highly satisfactory service rate.
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1. Introduction

Distribution, often synonymous with delivery systems,
serves as a pivotal component of modern supply chain
management. It encompasses the intricate processes by
which goods journey from manufacturers to the ultimate
consumers. Paramount among the considerations of any
company is ensuring the seamless accessibility of their
products to consumers. Central to achieving this goal is the
selection of an optimal delivery route, which not only
influences the distance covered but also the accompanying
costs [1-3].

The supply chain process, from stock to delivery,
encompasses several vital steps. It begins with stock
management, where inventory is acquired, stored, and
managed effectively to meet customer demands.

Once inventory is in place, the supply chain process
progresses to order processing, where customer orders are
received, validated, and processed for fulfillment. Next, the
process moves into the production or procurement phase,
where products are manufactured, assembled, or sourced
from suppliers to meet the demand generated by customer
orders. Quality control and assurance measures are often
integrated into this phase to ensure that products meet
predetermined standards.
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After production or procurement, the supply chain process
transitions to warehousing and distribution. In this stage,
products are stored in strategically located warehouses or
distribution centers to facilitate efficient order fulfiliment.
Inventory management plays a critical role here, as it helps
maintain optimal stock levels to meet customer demand
while minimizing carrying costs.

The final steps in the supply chain process revolve around
order picking, packing, and shipping. Products are selected
from the warehouse, packed according to specific customer
requirements, and then shipped using chosen transportation
methods.

Deliveries can be executed through drones [4,5] or
motorcycles [6], eliminating the need for a local delivery
system as they typically transport a single product per
customer. However, for larger-scale deliveries to markets
within neighborhoods and streets, vehicles like trucks are
essential to transport maximum units in minimal time.
Real-time tracking and visibility mechanisms become
pivotal in monitoring shipment status, ensuring timely
deliveries, and offering customers precise delivery
estimates [7-10].

Currently, many companies grapple with manual and
sporadic delivery processes, wherein goods travel from
depots to consumers incurring significant time and cost
implications [11,12]. In essence, these delivery systems
often entail a complex web of logistical challenges. So, we
can see that the delivery systems take a big part in the
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process of the supply chain.

To build a streamlined and effective delivery system, it is
imperative to carefully consider various critical factors.
Among these, the accurate localization data of customers,
whether they are individual clients or patrons of
supermarkets, plays a pivotal role [14,15]. Leveraging this
geographical information, advanced algorithms can be
applied to create clusters, facilitating the segmentation of
customers into groups with common characteristics, such
as proximity [16,17]. This approach enhances the precision
and efficiency of the delivery system by tailoring services
to specific customer clusters. In this context, unsupervised
learning algorithms, a subset of Machine Learning, become
useful in this scenario [18]. A prominent example is K-
means [19], which employs Euclidean distance to organize
data into clusters.

In the case of K-means, it is instrumental to delve deeper
into its functionality. K-means is an iterative algorithm that
partitions a dataset into 'k’ clusters, where each data point
belongs to the cluster with the nearest mean. The algorithm
starts by initializing 'k’ centroids, typically randomly.
Then, it assigns each data point to the nearest centroid and
recalculates the centroids' positions based on the data
points within their respective clusters. This process iterates
until the centroids no longer significantly change [20].

Hierarchical clustering is another clustering technique
worth mentioning, as it constructs a hierarchy of clusters
by iteratively merging or splitting existing clusters based
on certain criteria [21]. Besides K-means and hierarchical
clustering, there exist various other clustering techniques,
each with its own strengths and applications [22].

Despite all these approaches, there are not several works
that exploit unsupervised learning in order to create an
intelligent delivery system to control and optimize this
operation of the supply chain. Actually, there are some
basic applications that have been used for several years.
The idea is to use an electronic system and connect it to
GPS to get data and recommend roads to the conductor of
the delivery truck. But here the problem is: how the
conductor can choose the best starting point, and how can
control the point of delivery? Also, sometimes, there are
some products that need to be delivered in the minimum of
time, especially perishable goods like milk, yogurt, and
more [23] . So here, we need a local system that divides
the customers (supermarkets) into several groups to
recommend the itinerary to the conductor. In most cases,
there is a team inside the company that does this manually
based on their experience. To automate this process, the
use of clustering algorithms is necessary [5].

In this way, Taeho Kim et al. Introduced a clustering-based
multiple ant colony algorithm to optimize delivery
operations. The research aims to address the complex

logistics challenges associated with delivering home
appliances in Korea. The proposed algorithm combines
clustering techniques with ant colony optimization to
improve the efficiency and effectiveness of delivery routes
[24].

Also, the paper of Bosona et al. presents a comprehensive
approach to enhance the local food supply chain through
the strategic utilization of clustering techniques within the
context of food delivery logistics. By initially identifying
and mapping local food producers and distribution centers,
the study lays the foundation for more efficient logistics. It
introduces clustering methodologies to categorize
producers into clusters, promoting better coordination.
Furthermore, the research addresses the optimization of
Collection Center (CC) locations and the mapping of
efficient routes for product collection and delivery [25].

On the other hand, Dhirendra et al. introduced a clustering-
based routing heuristic (CRH) for fresh food delivering.
The proposed CRH optimizes vehicle routing by clustering
demand nodes, ensuring efficiency with single-vehicle
serviceability. The algorithm's computational efficiency
stands out, providing optimal solutions swiftly across
various scenarios [26].

Despite these various applications, the intricate nature of
delivery logistics for small urban markets, especially for
daily items like milk, bread, and croissants, presents a
significant challenge. The distinct product quantity
requirements of each market pose difficulties in
incorporating them into clustering algorithms based on
customer locations, impeding the efficient determination of
maximum truck delivery quantities.

However, within these challenges lies an opportunity for
improvement through thoughtful analysis. The automation
of manual operations, including customer clustering and
truck recommendation based on optimal delivery
capacities, becomes crucial in addressing diverse daily
delivery needs. This streamlining enhances overall
efficiency in last-mile logistics.

This paper introduces an innovative approach to tackle
these distribution challenges, focusing on the Capacity
Vehicle Routing Problem (CVRP) and a tailored clustering
algorithm.

In contrast to previous attempts using generic clustering
methods struggling with varying client orders, our
personalized algorithm effectively overcomes this obstacle.
By leveraging client data, GPS coordinates, and truck
specifications, we not only define clusters based on
geographic proximity but also introduce an additional layer
of complexity by aligning these clusters closely with the
capacity constraints of delivery trucks.

Our method, which is a meticulous step-by-step process of
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data sorting and allocation, results in the creation of
distinct groups of stores. Each of these groups is carefully
constructed to align with the quantities of products that
will be delivered, closely matching the capacity of the
respective delivery truck.

These tailored groupings are preserved for further
optimization as we proceed to generate efficient delivery
routes using Open Route services APl (ORS) [27].

Thus, our comprehensive approach not only promises to
minimize distances, reduce costs, and save time but also
offers a tailored solution to the intricate challenges of
modern distribution systems, ensuring that clusters are
formed with precision based on both geographic proximity
and the crucial constraint of truck capacity.

In the forthcoming sections, we will delve into the heart of
our research. In Materials and Methods section, we will
provide an in-depth exploration of our data collection
process and unveil the inner workings of our custom
clustering algorithm designed to address specific
challenges in supply chain logistics while adhering to our
constraints. The Results and Validation section will
showcase the outcomes of our approach and reveal how we
substantiated the effectiveness of our intelligent delivery
systems through user applications and practical
construction. Finally, in the Conclusion, we will draw
together the threads of our study, highlighting its
implications for modern delivery systems and supply chain
management, all while offering a glimpse into potential
future developments.

2. Method
2.1. Proposed research

The proposed research entails the development of an
intelligent system leveraging the capabilities of
unsupervised machine learning to optimize product
distribution for large companies. The primary objective is
to facilitate rapid, precise, and cost-effective product
delivery. To realize this system, a series of well-defined
steps (Figure 1) were meticulously followed.

Data Collection: The foundation of our optimization
process lies in the acquisition of comprehensive data. This
dataset encompasses crucial factors related to product
delivery, including

client information (with an emphasis on client locations),
order details (quantity and specifics), available delivery
vehicles, and the respective capacities of these vehicles.
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Fig 1 : Workflow of the proposed approach

Cluster Segmentation: To initiate the optimization
process effectively, data segmentation was performed
based on the types of delivery trucks available. Each truck
type possesses its unique capacity constraints.

Reference Geodistance: A pivotal aspect of our
methodology involves the calculation of the reference
geodistance [28]. This metric represents the maximum
geometric distance that two data points within the same
cluster should not exceed. The geodistance metric, integral
in the field of geometry, is determined using the geopy
module and the longitude and latitude coordinates of each
store (data point), and the mathematical formula as bellow:

a = sin® (%) + cos(latl).cos(lat2) .sin® (Aizon) M
c = 2.atan2(+/a, /(1 — a) 2
d=R.C

3)

Where: d is the geodistance (distance between points on
the Earth's surface), R is the Earth's mean radius
(approximately 6,371 km or 3,959 miles), latl and lat2 are
latitudes of the two points (in radians), Alat and Alon are
the difference in latitudes and longitude, c is the central
angle between the two points (in radians) and atan2 is the
arctangent function.

Clustering Algorithm: At the core of our approach lies a
clustering algorithm, which plays a pivotal role in
identifying groups with inherent similarities within the
dataset. While we initially explored established
unsupervised learning algorithms such as k-means and
hierarchical clustering, we encountered limitations. These
algorithms primarily base their clustering on inputs alone
and cannot account for constraints during the process,
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which proved insufficient for our needs.

They did not adequately consider the quantities associated
with each client, a critical aspect of our constraints.

To address this limitation, we embarked on the
development of our proprietary clustering algorithm
(Figure 1).

This algorithm is specifically designed to consider both
geographical proximity and the quantities of products
associated with each client. By harmonizing these essential
factors, our custom clustering algorithm enables us to
create clusters that optimize spatial efficiency while
adhering to truck capacity constraints.

2.2. Data

The data used in this project pertains to a milk distribution
company in Morocco. Given the perishable nature of milk,
timely delivery is of utmost importance. Consequently, our
system has been designed to prioritize robustness,
efficiency, and speed in the delivery process.

The collected data encompasses various aspects, primarily
focusing on the localization of shops (Figure 2).
Additionally, it includes information regarding the types of
vehicles employed for milk delivery, tailored to the
specific requirements of each shop.

For instance, smaller shops necessitate compact vehicles
capable of navigating narrow streets, while larger vehicles
are allocated for delivering substantial quantities to larger
outlets such as markets. In addition to shop information,
the dataset includes daily order quantities for milk boxes
and specifies the type of truck responsible for product
delivery to each shop. Moreover, the maximum number of
available delivery trucks, along with their respective
capacities.

It also defines the maximum distance each vehicle must
traverse from the factory to individual shops, considering
the time required for unloading goods at each location.

Regarding data cleanliness, it's noteworthy that the dataset
has undergone meticulous preparation and cleaning.
Experts in the field of logistics and milk delivery have
ensured that the data is devoid of missing values or
outliers, as working with erroneous data can significantly
impact the system's performance. Furthermore, it's
important to acknowledge that the data is dynamic in
nature, subject to modifications as the business
environment evolves.

For instance, when a shop closes, it must be removed from
the dataset. Conversely, when a new shop opens, it must be
added as a new client. Similarly, any adjustments to order
guantities or other relevant data are accommodated. These
modifications can be seamlessly incorporated into the
dataset, allowing our system to adapt and generate updated

clusters with essential output information as needed.
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Fig 1 : Customer locations — Casablanca Morocco
2.3. Store clustering algorithm

The clustering process began by computing the reference
distance, determined as the maximum geodetic distance
allowable between two data points within the same cluster,
with technical guidance from my supervisor. Subsequently,
we applied a straightforward clustering algorithm with key
steps: copying data into a separate dataframe and sorting it
by coordinates in ascending order, initializing cluster
numbers, iterating through stores to allocate them based on
distance and order constraints, updating the cluster count,
and repeating these steps until the dataframe is empty. The
algorithm'’s details are outlined algorithm 1.

Algorithm 1: Store Clustering for Efficient Product Delivery

Input (df):
Stores coordinates: Latitude and longitude

Reference distance: The maximum allowed geodistance between
stores in a cluster.

Truck capacity: The maximum number of orders a delivery truck
can handle

Output: Clusters of stores optimized for delivery.

Algorithm Steps:
Step 0: Initialize clusters

clusters =[], current_cluster =[]
Step 1: Sort data based on coordinates
sorted_df = sorted (df)
Step2: Initialize cluster variables
c=1,cluster_ c=[]
Step3: Iterate through stores
for store in sorted_df:
distance_to_cluster = [geodistance (store, s) for s in
cluster_c]
if not cluster_c or all
d <= Reference_Distance for d in distance_to_cluster)
sum  (store.orders for store in cluster ¢) <=
Truck_Capacity:
cluster_c.append(store)
else:
clusters. append(cluster_c) and cluster_c = [store]

Step4: Add the last cluster
clusters.append(cluster_c)

Step5: Dataframe Management and Cluster Increment

for cluster in clusters:
for store in cluster:
sorted_df.remove(store)
sorted_df.reset_index(drop=True)
c+=1
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Step7: Compare geodistances and create clusters
while sorted_df:
cluster c =[]
for store in sorted_df:
distance_to_cluster = [geodistance(store, s) for s in
cluster_c]
if not cluster_c or all(d <= Reference_Distance for d in
distance_to_cluster) and
sum(store.orders  for store in
Truck_Capacity:
cluster_c.append(store)
clusters.append(cluster_c)

Step8: Dataframe Management and Cluster Increment
for cluster in clusters:
for store in cluster:
sorted_df.remove(store)
sorted_df.reset_index(drop=True)
c+=1

cluster ¢c) <=

2.4. Road mapping

This crucial step involves the establishment of optimized
routes for the trucks to efficiently deliver products,
specifically milk in our context. To accomplish this, we
leveraged the Open Route service library, which harnesses
real-time satellite data to provide valuable insights into
directions, optimal routes, distances between points, and
time-related information.

Our road mapping process commenced by charting out the
routes for each cluster, commencing from the factory and
navigating through the various shop locations before
returning. These routes were generated as both visual
maps, illustrating the path the trucks would follow, and
detailed Excel files. These files include essential
information such as the estimated arrival times at each
store, unloading durations, and the respective quantities of
orders for each store. This meticulous road mapping
ensures timely and efficient product deliveries.

3. Results and discussion

To assess the efficacy of our solution, we conducted
testing using a subset of the data comprising 55 stores for
one type of truck and 24 stores for another, all located
within the city of Casablanca in Morocco (Figure 2). This
test scenario was characterized by specific constraints:

a maximum cluster size (representing each truck's
capacity) of 20 units for the first type of truck catering to
specific stores, and 30 units for the second type.
Additionally, each delivery operation had a fixed duration
of 180 minutes, which included the time required for
unloading goods at each store.

Our system was rigorously evaluated based on its ability to
cluster input data effectively, optimizing the utilization of
available trucks' capacities, streamlining delivery routes,
and providing precise delivery and turnaround times. This
testing process aimed to validate the system's performance

and its capacity to efficiently manage a complex
distribution network.

Based on the simulation results presented in Figure 3, our
system demonstrates impressive performance in optimizing
the distribution process. Specifically, it successfully
divides the delivery task into distinct clusters, tailored to
the capabilities of two types of trucks employed in the
operation. For the first type of truck, a total of eight
clusters are formed, with seven of these clusters being fully
occupied, accommodating precisely 20 orders each. The
eighth cluster handles the remaining 15 orders, further
showcasing the system's adaptability in addressing varying
order quantities.

Fig 3 : Simulation results

Similarly, for the second type of truck, responsible for a
total of 24 orders, the system efficiently creates three
clusters, two of which operate at full capacity, each
accommodating 10 orders, while the third cluster manages
the remaining four orders. These results underscore the
effectiveness of our clustering algorithm in optimizing
truck assignment, minimizing empty spaces in delivery
vehicles, and ensuring a resource-efficient distribution
process.

These outcomes are particularly promising in terms of
supply chain logistics, as they indicate that a significant
portion of the delivery trucks are operating at full capacity.
This not only enhances the efficiency of the distribution
process but also contributes to notable cost reductions
within the supply chain, ultimately translating into
increased operational efficiency and customer satisfaction.

After obtaining the groups for each type of truck as an
Excel file, we employed the Open Route Service (ORS)
API, specifically utilizing the Folium mapping system, to
construct the routes that drivers would follow for delivery.
Figure 4 provides an example of one group, illustrating the
mapped routes on the map, and the corresponding table. In
this example, we set the starting time for the trajectories at
06:00, and the arrival time at each store is displayed in the
table, along with the quantities of requested items. This
approach greatly facilitates precise and efficient deliveries.
These routes trace the paths originating from the factory,
passing through all the shops, and returning upon the
completion of stock deliveries.
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Fig 2 : Example of truck trajectory

Finally, the obtained results were tested within the city of
Casablanca, Morocco, over the course of one week in
collaboration with our milk delivery partner. The results
proved to be highly satisfactory, resulting in a significant
reduction in customer complaints. Previously averaging 10
complaints per week, this number was reduced to just 3
complaints per week. The primary cause of these
complaints was the timeliness of deliveries, a critical factor
for our customers who prioritize receiving products
promptly to facilitate early sales.

Furthermore, our optimization efforts have enabled the
company to operate with a minimal fleet of trucks,
reducing dependence on excess resources and positively
impacting overall turnover. Additionally, our system
provides decision-makers with a clear view of truck
trajectories, allowing for the prompt detection of any
anomalies related to the road, thereby facilitating swift
decision-making. Moreover, it offers an intuitive graphical
interface that enhances the satisfaction of drivers as they
carry out their responsibilities.

4. Conclusion

In conclusion, our innovative intelligent system represents
a significant leap forward in automating the order delivery
process. Leveraging a groundbreaking algorithm
developed through extensive research and utilizing data
collected in Casablanca, Morocco, our system has
redefined how deliveries are managed.

Our system streamlines the entire process, optimizing
delivery routes, and minimizing costs. Through rigorous
testing within the bustling city of Casablanca, our system
has demonstrated remarkable efficiency, significantly
reducing customer complaints from an average of 10 per
week to a mere 3 per week. Timeliness in delivery, a
critical concern for our customers, has been greatly
enhanced, allowing them to access their products promptly,
thereby facilitating early sales.

One of the standout advantages of our system is its ability
to reduce the number of trucks required for deliveries
while simultaneously optimizing the shipping and delivery
processes. Additionally, it offers precise road tracking,
ensuring that deliveries are made with utmost efficiency.

As we look to the future, our vision extends beyond the
achievements of today. We are committed to integrating
our system into an embedded platform with a user-friendly
control interface for real-time truck management. This
integration will revolutionize how delivery operations are
monitored and controlled.

Furthermore, we envision creating a robust communication
database that fosters seamless interaction between drivers
and the supply chain department. This open line of
communication will enable rapid response to any
unforeseen challenges and enhance the overall efficiency
of the system.

A particularly exciting prospect for the future is the
integration of customer order requests directly into our
system. By automating the process of collecting and
incorporating customer orders before delivery, we aim to
further streamline operations and provide an even higher
level of service.

Finally, our system has already made substantial strides in
modernizing the delivery process, and our commitment to
ongoing innovation promises to shape the future of supply
chain management, offering increased efficiency, customer
satisfaction, and adaptability in a rapidly evolving business
landscape.
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