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Delivery route optimization is a crucial concern in the logistics industry, affecting delivery times, costs, and
customer satisfaction. The conventional methods for optimizing delivery routes are time-consuming and require
substantial manual efforts. To address these limitations, they have increasingly used machine learning algorithms
for more efficient and effective optimization. This paper reviews modern techniques for delivery route optimization
using machine learning algorithms, including the key challenges faced by delivery companies. Metaheuristic
methods, reinforcement learning, and machine learning are discussed, along with their advantages and limitations.
In developing a delivery route optimization system, factors such as the number of vehicles, their capacity, delivery
time windows, road networks, and customer demand are considered. Different optimization objectives, such as
minimizing delivery time, reducing transportation costs, and maximizing customer satisfaction, are presented.
Finally, the paper highlights future research directions, including multi-agent systems, swarm intelligence, and hybrid
algorithms. This paper provides a comprehensive review of delivery route optimization using machine learning
algorithms and can be useful for practitioners and researchers in the logistics industry.
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Onmumi3ayisi mapwpymis 0ocmasku € KpUMUYHO BaXJIUBUM NUMAHHSM Y /102ICMUYHIU 2ay3i, OCKi/IbKU BOHa
BI/IUBAE Ha Yac docmasku, sumpamu ma 3a00B0/1eHiCMb K/aieHmis. TpaduyiliHi Memoou, Wo BUKOPUCMOBYBa/lU-
€S 8 MUHY/I0MY 07151 onmumi3ayii mapwpymig docmasku, 3alimaroms 6azamo yacy | sumazaroms 3Ha4HUX 3yCU/ib.
L1151 odos1aHHs Yux 06MexeHb BCe Yacmiule 3acmocoByombCsi a/120pUMmMU cmoxacmuyHoi onmumisayii i MawuH-
HO20 HasyaHHs1, sIKi 00380/15110Mb BUpIWYBamuU fpobemy onmumiszayii 6ibW eghekmusHo. Y yit cmammi rnpeo-
Ccmas/ieHo 02/1510 K/1acUuYHUX Memoois, makux sik MOHImopuHa mpadbiky 8 PeXumi peasibHO20 Hacy, BUKOPUCMAaHHSI
yacosux BIKOH ma Memoou 2pyrnosux 00CmasokK. Takox NpudiIeHo yBazy cydaCHUM Memoodig onmumizayii mapu-
pymis docmasku 3a 00MoMOo20K0 a/120pUMMIB MaWWUHHO20 HaB4YaHHs. Y cmammi po32/190aembcsi KOHUEnyisi ornmu-
Mmisayii mapwpymis docmasku ma I sax/usicms 8 s102icmuyHil 2asy3i. [pedcmas/ieHi K/l408i BUK/IUKU, 3 SIKUMU
cmukaromsCsi KoMnaHii, wo 30ilicHoroms docmasky npu onmumidayii ceoix Mapwpymis docmasku. Pose/isioaroms-
CS PI3HI munu as20pummis MaWUHHO20 Hag4aHHS, siKi 3a3sudali BUKOPUCMOBYHOMbLCS 07151 onmumidayii Mapwpymis
00CmaskKu, BK/IOHaKYU a120pummu MemaespuCmuKU, Has4yaHHs 3 MiOKPINIeHHAM | 21UbOKO20 Has4yaHHs. Ysazy
MpudineHo pi3HUYi Mix anzopummamu O62080pHIOMBLCS Nepesaau ma 0OMeXeHHsI KOXXHO20 mury an2opummis.
B cmammi 062080ptorombCs PisHi yini onmumisayil, siki MOXHa po32/1aHymu, maki ik MiHiMi3ayis yacy docmasku,
MiIHIMI3ayisi mpaHcrnopmHux sumpam i Makcumisayisi 3a008o/1eHocmi KieHmis. Cmammsi 3asepluyemscsi 062080-
PeHHsIM MalibymHix HarpsiMKig 00C/iOXeHb 8 0b1acmi onmumiszayii Mapwpymis 0ocmasku 3 BUKOPUCMAaHHSIM asn2o-
pUMMIB MaWUHHO20 Hag4aHHS. Lle BK/oYae BUKopUCMaHHs rnepedosux Memoodis, makux sik poliosud iHmesiekm ma
2I6pUdHI anzopummu. Takum YUHOM, daHa poboma Micmumb KOMI/EKCHUL 0271510 0CMaHHIX po3po6oK 8 obaacmi
onmumizayii Mapwpymis docmasku 3 BUKOPUCMAaHHSIM CmoxacmuyHUX Memoodis. BUCHOBKU yiei cmammi MOXymb
6ymu KOpuCHUMU 07151 OOC/TIOHUKIB ma npakmukis y 7102icmuyHili 2as1y3i, Wob Kpawe 3p03yMimu BUK/IUKU Ma MOX-
JIUBOCMI BUKOPUCMAaHHS a20pummis MaWUHHO20 HagYyaHHS 0719 onmumisayii Mapuwpymis docmasku.

Knrwuosi cnosa: /locicmuka, MawuHHe HasdaHHs, MoHImopuHe 8 peasibHOMY 4aci, MamepHu mpagiky,
Memaespucmuka.
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NPUORINPOBCbKA OEPXXABHA AKAOEMIA
BYOIBHULITBA TA APXITEKTYPU

Problem formulation. Delivery route optimi-
zation is a critical problem in logistics because it has
a significant impact on the overall performance of
delivery companies. Optimized delivery routes can
result in improved operational efficiency, reduced
costs, faster delivery times, and enhanced customer
satisfaction. One of the primary challenges in
optimizing delivery routes is the unpredictable
nature of demand. Delivery companies must be
able to predict demand accurately to optimize their
routes effectively. Another challenge in optimizing
delivery routes is the need to consider various
factors, such as traffic patterns, road conditions,
and delivery windows. The paper will review the
existing literature on these factors and the different
methods that have been proposed to optimize
delivery routes.

Analysis of recentresearch and publications.
Logistics problems have always been a priority for
economic researchers. One of the main tasks of
planning in trade logistics is to achieve the desired
level of service and quality of supply at the lowest
possible price level [1, p. 15]. Transportation
planning is one of the main challenges in logistics.
S. Nily, A. Federgruen, conducted a fundamental
study of optimization methods for cost reduction
in transportation. The paper provides a method
for minimizing transportation and inventory costs
for a distribution system with a depot and many
geographically dispersed retailers [2]. Ferrier
found that real-time traffic monitoring is beneficial
because it is fast and accurate [3]. An approach
of minimization of transportation risks based
on determining the shortest path presented
by Ukrainian researchers O. Yashkina and
D. Yashkin [4] method gives all possible routes
for cargo transportation with a corresponding
projected number of road accidents. Then finding
the route that has a minimal projected number
of road accidents at each stage. A later study of
optimization problems was integrally connected
with the development of computer technology.

In particular, machine learning algorithms.
Nemoto and Rothengatter [5] suggest using the
milk run method that involves multiple suppliers
and one route. It helps to minimize the total cost
spent in delivering goods by finding an optimal
combination of routes within the capacity of the
trucks' total volume. Last-Mile logistics should be
mentioned too. Last-mile logistics is the process
of delivering goods from a transportation hub to
their final destination. It typically involves multiple
steps, such as picking up orders at warehouses or
distribution centers and then transporting them to
customers' homes or businesses [6]. All of these
methods could potentially be effective ways to
optimize delivery routes.

Previously unsolved parts of the problem.
The main research gaps and limitations of the
current literature identified in this paper are the lack
of studies that consider multiple objectives, such

as cost, time window constraints, environmental
impact, etc. when optimizing last-mile delivery
routes. Limited use of machine learning algorithms
for real-world applications due to lack of data
availability or difficulty in obtaining accurate
predictions from existing models. Insufficient
attention is given to sustainability aspects like
energy consumption during the transportation
process, which can have a significant effect
on overall efficiency and performance metrics
associated with last-mile logistics optimization
techniques.

Formulation of the aims of the article.
This paper aims to summarize delivery route
optimization, highlighting the importance of this
problem in logistics and identifying the gaps in
existing research. The paper will be useful for
researchers and practitioners in the logistics
industry who are interested in optimizing delivery
routes to improve operational efficiency, reduce
costs, and enhance customer satisfaction.

The main research material. Optimizing
delivery routes is a complex problem that has
many different approaches. There are classical
methods such as real-time traffic monitoring,
group deliveries, delivery utilization, vehicle load
optimization, etc. Real-time traffic monitoring is
a technigue that enables delivery companies
to receive live updates on the current traffic
conditions. By leveraging this information, they
can reroute their vehicles to avoid congestion and
reduce delivery times. This can have a significant
impact on the overall performance of the delivery
network, as it helps to reduce delays and ensure
that deliveries are made on time [7]. Real-time
traffic monitoring can help drivers avoid congestion
and optimize their routes to reduce delivery times.

Group deliveries are another strategy that can
be used to optimize delivery routes. By combining
multiple deliveries into a single trip, delivery
companies can reduce the number of vehicles on
the road and save on fuel costs. Group deliveries
also help to reduce the overall delivery time, as
drivers can make multiple stops along their route.
This approach is particularly effective in urban
areas, where traffic congestion can be a major
issue. Grouping deliveries to specific locations can
help reduce the distance traveled and the number
of stops required, thereby improving the efficiency
of the delivery route.

Using delivery time windows is another way to
optimize delivery routes. Many customers have
specific time windows during which they would
like their deliveries to be made. By taking these
preferences into account and planning deliveries,
delivery companies can reduce the number of trips
and vehicles required to complete their deliveries.
This helps to reduce delivery costs and improve
customer satisfaction by ensuring that deliveries
are made within the specified periods. Setting
delivery time windows can help drivers plan their
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routes more efficiently and reduce wait times at
delivery locations.

Stochastic algorithms can be used to optimize
routes by finding the most efficient path between
two points. It works by randomly selecting and
evaluating different combinations or parameters
until it finds an optimal combination that maximizes
(or minimizes) some objective function. These
algorithms use random sampling techniques
such as genetic programming to explore different
possible paths, evaluate them based on certain
criteria (such as distance or time) and then select
the best route that meets those criteria. This
approach is often more effective than traditional
optimization methods since it takes into account
all of the variables involved in a given problem
instead of just one or two at a time. Stochastic
optimization can be applied in many areas, such
as Machine Learning, where there are multiple
variables with complex interactions between
them, which need to be optimized for maximum
performance [8].

The most effective and modern way for
delivery route optimization is Machine Learning
(ML). Machine learning algorithms have become
increasingly popular for optimizing delivery routes
because of their ability to overcome the limitations
of classical methods like real-time traffic monitoring.
Machine learning algorithms can optimize routes by
using data from past trips and applying predictive
models that learn patterns in the data. These
models can then suggest more efficient paths
for future journeys, considering factors such as
traffic conditions or weather forecasts [9]. Machine
Learning focuses on the development of algorithms
and models and making predictions or decisions
without being explicitly programmed to do so.
It uses techniques such as supervised learning
(where labeled training datasets are used for
model building) and unsupervised learning (where
unlabeled datasets are used). ML algorithms can
optimize delivery routes by predicting accidents
and analyzing the combination of high-frequency
risk factors throughout the entire process.
ML algorithms for delivery route optimization
typically require data, such as customer locations,
delivery times, and distances between customers.
They may also need information about the type
of goods being delivered (e.g., weight or size),
traffic conditions in certain areas, road restrictions
because of construction work, etc. All this data is
used by ML algorithms to calculate optimal delivery
routes that minimize cost while maximizing
efficiency and customer satisfaction. There are a
lot of modern algorithms which can be useful for
routes optimization. Machine learning algorithms,
such as Particle Swarm Optimization (PSO),
Ant Colony Optimization (ACO), and Genetic
Algorithms (GA).

These algorithms are inspired by natural
phenomena and are designed to solve complex
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optimization problems than
traditional methods.

Particle Swarm Optimization (PSO) is an opti-
mization technique that uses a swarm of particles
to search for the optimal solution in complex prob-
lems. It works by having each particle represent a
potential solution and then using its current posi-
tion, velocity, and personal best-known positions
as inputs into equations that determine how it
moves around the problem space. The goal is to
find solutions with higher fitness values than those
found previously until eventually converging on an
optimum value or set of parameters. PSO can be
used for route optimization by having each particle
represent an individual solution and then using its
position in space as well as information from other
nearby particles to update itself towards better
solutions over time. This allows the algorithm to
identify more efficient paths based on data about
past trips or traffic conditions, helping optimize
routes with ML algorithms.

Ant Colony Optimization (ACO) is a meta-
heuristic algorithm inspired by the behavior of ants.
It works by having each ant represent a potential
solution and then using its current position left
behind by other ants as inputs into equations that
determine how it moves around the problem space.
The goal is to find solutions with higher fitness val-
ues than those found previously until eventually
converging on an optimum value or set of parame-
ters. This allows the algorithm to identify more effi-
cient paths based on data about past trips or traffic
conditions, helping optimize routes with ML algo-
rithms. ACO can consider factors such as distance
traveled and the number of stops when optimizing
a delivery route, which makes it particularly useful
for this type of problem.

Large Neighborhood Search (LNS) is a meta-
heuristic algorithm used to solve complex optimi-
zation problems. It works by breaking down the
problem into smaller sub-problems and then using
local search techniques such as hill climbing, sim-
ulated annealing or tabu search to find solutions for
each of these sub-problems. The goal is to iden-
tify good quality solutions quickly while also being
able to escape from any local optima that may be
encountered during the process.

Genetic Algorithms (GAs) can be used for deliv-
ery route optimization by using a population of
potential solutions and then applying evolutionary
principles such as selection, crossover, and muta-
tion to the population to find an optimal solution.
This allows GAs to identify more efficient paths
based on data about past trips or traffic conditions
while also considering factors such as distance
traveled and the number of stops when optimizing
a delivery route.

Metaheuristic algorithms have several advan-
tages when it comes to route optimization. Firstly,
they are able to find approximate solutions quickly
and efficiently which makes them suitable for

more efficiently
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real-time applications such as delivery routing.
Secondly, metaheuristics can take into account
factors such as distance traveled and number of
stops when optimizing a delivery route which helps
make the solution more efficient overall. Finally,
these algorithms also require less computational
resources than traditional methods making them
ideal for large scale problems with many possible
solutions.

The main disadvantage of using metaheuristic
algorithms for route optimization is that they can
be computationally expensive and time consum-
ing. Additionally, metaheuristic algorithms may
not always find the optimal solution as there are
many possible solutions to a given problem, which
makes it difficult to identify the best one. Finally,
GAs require careful tuning in order to get good
results so this could also add extra complexity
when trying to optimize routes with reinforcement
learning algorithms.

We can use reinforcement learning for deliv-
ery route optimization as it helps in finding the
best path between two points while avoiding
congested areas or roads with heavy traffic. This
algorithm uses rewards and punishments to guide
their decisions on which action should be taken
next, based on previous experiences. This makes
them suitable for solving complex problems such
as optimizing routes since they can consider mul-
tiple factors like time constraints, fuel consump-
tion, etc. when deciding what paths should be
chosen during navigation through a network of
streets/roads [10].

Deep Learning is a type of Artificial Intelligence
(Al) that uses algorithms to learn from data and
make decisions. It can be used for delivery route
optimization by using the collected data about
customer pick-up points, traffic conditions, etc., in
order to determine an optimal path or sequence of
actions. The deep neural network will analyze this
information and use it as input into its algorithm
which then produces output such as optimized
routes with maximum profitability for taxi drivers
[11]. The difference between Deep Learning and
Reinforcement Learning lies in the field that deep
learning is used to learn patterns and relationships
in large amounts of data, while reinforcement
learning is used to learn from feedback in the form
of rewards and penalties. Both approaches can be
applied to route optimization, but they have differ-
ent strengths and weaknesses depending on the
specific problem and requirements.

Hybrid approaches combining traditional meth-
ods of machine learning have also been proposed
for variants of vehicle routing problems, which
involve synthetic case studies. They work by com-
bining the strengths of different algorithms to find
better solutions than any single algorithm could
provide on its own. For example, one approach
might combine genetic algorithms with particle
swarm optimization (PSO) and large neighborhood

search (LNS). This would allow for faster conver-
gence towards an optimal solution while also pro-
viding robustness against local optima that may be
encountered during the process [12].

Efficient delivery routes not only benefit delivery
companies but also their customers. Faster deliv-
ery times and lower costs can lead to increased
customer satisfaction, which is critical in the highly
competitive logistics industry. Additionally, optimiz-
ing delivery routes can reduce the carbon footprint
of delivery companies, leading to environmental
benefits.

Despite the potential benefits of using machine
learning algorithms to optimize delivery routes,
many delivery companies are still struggling to
implement these solutions effectively. There are
several factors contributing to this, including a lack
of expertise in data analysis and machine learning,
a lack of data infrastructure, and the need for sig-
nificant investments in technology and training.

Last mile logistics is crucial for delivery routes
optimization because it has a direct impact on the
customer experience. By optimizing last-mile deliv-
eries, companies can ensure that their custom-
ers receive their orders in an efficient and timely
manner while also reducing costs associated with
transportation. Additionally, by minimizing traffic
congestion and environmental pollution caused by
urban logistics operations, public administrations
are able to guarantee better quality of life for citi-
zens living in cities [13].

Conclusion. Delivery route optimization is a
critical problem in logistics that affects the over-
all performance of delivery companies. By using
machine learning algorithms, considering various
factors, and implementing strategies to optimize
delivery routes, delivery companies can improve
their operational efficiency, reduce costs, enhance
customer satisfaction, and contribute to a more
sustainable future.

To address these issues, delivery companies
have turned to machine learning algorithms to opti-
mize delivery routes and predict demand. By ana-
lyzing data on past deliveries and customer behav-
ior, these algorithms can help companies develop
more accurate demand forecasts, which can opti-
mize delivery schedules and allocate resources
more effectively. Machine learning algorithms can
identify the most efficient delivery routes, consider-
ing factors such as traffic patterns, road conditions,
and delivery windows.

To overcome these challenges, delivery com-
panies need to take a comprehensive approach
to implement machine learning algorithms. This
includes developing a robust data infrastructure,
investing in technology and training, and partnering
with experts in data analysis and machine learning.
With these steps in place, delivery companies can
unlock the full potential of machine learning algo-
rithms to optimize delivery routes and improve the
customer experience.
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