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ABSTRACT: The timely dispatch of orders is vital for ensuring customer happiness and optimizing
operations as the number of food delivery services continues to expand. Traditional systems are rigid and
unable to change in response to changes in traffic or demand since they are built on tried and true principles.
The system can learn and adapt with the help of this research's more advanced reinforcement learning (RL)
technique. Dynamic improvement of dispatch decisions is achieved by Reinforcement Learning through
interaction and feedback with the environment. Based on real-time measurements, the system improves
routing, allocates delivery people, and prioritizes orders using deep reinforcement learning (DRL) and Q-
learning. With RL-driven dispatch, driver tasks are optimized, and deliveries are accelerated. The research
demonstrates how this method improves the efficiency and adaptability of complicated food distribution
systems. According to the simulations, RL-based dispatching is more effective than classical models.
Reinforcement learning's significance in SCM and logistics will grow as a result of technological
advancements. Intelligent, scalable dispatch systems that boost operations and customer happiness are laid
out in this research. The future of food delivery depends on adaptable, real-time decision-making powered
by AL

Index Terms: Reinforcement Learning, Order Dispatch, On-Demand Food Delivery, Q-learning, Deep
Reinforcement Learning (DRL), Optimization, Dynamic Routing, Delivery Efficiency, Logistics, Customer
Satisfaction

1. INTRODUCTION

The sophisticated machine learning framework
known as reinforcement learning (RL) helps
agents make better decisions by optimizing their
rewards over time, interacting with their
environments, and feedback.
Reinforcement learning can improve the
efficiency of on-demand meal delivery systems'
complicated decision-making procedures,
particularly the dispatch of orders. When it comes
to traffic, customer preferences, and delivery time,
static or heuristic order dispatch systems tend to
miss the mark. By adjusting to new conditions and
learning from data collected in real-time,
reinforcement learning enhances order dispatch.

Optimal dispatch algorithms consider factors
including vehicle capacity, location, and expected

receiving

arrival time for allocating delivery duties to
drivers in on-demand food delivery systems. By
learning to adapt and discover the optimum
solutions, reinforcement learning (RL) can
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enhance these algorithms. Order dispatch becomes
more cost-effective, time-efficient, and customer-
satisfying  through reinforcement learning's
iterative improvement of decision-making. By
exploring and exploiting its previous broadcasts,
the reinforcement learning model learns.

The optimization of delivery routes in relation to
both time and money is a major challenge for on-
demand food delivery services. To achieve a
better equilibrium, reinforcement learning can
determine the best dispatch techniques in terms of
cost and timeliness of delivery. The decision to
dispatch a driver is made by the RL agent using
real-time data such as traffic, weather, and order
density. Reinforcement learning is well-suited to
the unpredictable and sporadic nature of food
delivery services.

One area where reinforcement learning excels
above its predecessors is in personalizing dispatch
decisions based on drivers' preferences and past
performance. While some drivers prefer shorter

routes, others excel at specific jobs or are simply
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more efficient overall. Incorporating client
preferences into the dispatch algorithm is one way
the reinforcement learning model can improve
efficiency, decrease wait times, and increase
customer happiness. Scalable solutions are needed
by the rapidly expanding food delivery business.
Reinforcement learning is capable of processing
massive datasets and discovering patterns in
delivery requests.

Reinforcement learning can optimize the dispatch
of food delivery orders, but it requires data
gathering and model training. System intelligence
is enhanced by feeding the RL agent route data,
customer ratings, and traffic circumstances, which
allows it to make better decisions in different
situations. As a result, RL models can adjust to
new circumstances in order to enhance delivery
processes. By optimizing procedures with real-
world data and responding to new obstacles with
Reinforcement Learning (RL), on-demand food
delivery companies can boost operational
efficiency.

2. LITERATURE REVIEW

Farooq & Zainab (2020) Reinforcement learning
has the potential to enhance food delivery.
Restaurant availability, traffic, and customer
demand are all factors that the technology adjusts
to in real time. For better order allocations and
lower costs, use reinforcement learning methods
on historical data. Based on the findings,
reinforcement learning is a better method for
distributing food than the old ways. Their findings
are applicable and scalable in densely populated
cities.

Sharma & Singh (2020) Reinforcement learning
can be used to optimize the allocation of food
delivery orders. Using logistical data in real-time,
their system dynamically alters dispatch
regulations. The system is designed to adapt to
changing demand and unforeseen circumstances
by utilizing data from previous deliveries.
Compared to earlier approaches, both costs and
delivery times are significantly reduced. They find
innovative solutions to issues with food delivery.
Mishra & Patel (2020) Reinforcement learning
can help you optimize meal order allocation. It
uses data on customer locations and real-time
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traffic to optimize order allocation. A more

responsive system is one that learns from user
input and adjusts its decisions accordingly. Based
on their research, RL improves both delivery and
operational efficiency. The scalability of the
method is an advantage for large distribution
platforms.

Patel & Mehta (2021) Q-learning can help you
better assign food orders. Their system delicately
balances the availability of delivery agents, the
allocation of locations, and the ranking of
requests. Optimal dispatch mechanisms are
determined through exploration and exploitation,
which improves responsiveness. The results
demonstrate a considerable improvement in both
delivery time and platform performance. They
found that Q-learning has the potential to make
real-time food delivery better.

Lee & Park (2021) Present a real-time food
delivery dispatch system based on reinforcement
learning and traffic data. Their system for
dynamically assigning orders guarantees that
delivery agents will receive optimal routing.
Thanks to the technology's use of real-time traffic
information, wait times are reduced. The
simulation findings demonstrate a decrease in
operational expenses and an improvement in
productivity. They push forward -cutting-edge
delivery solutions that are data-driven.

Nguyen & Lim (2021) Efficiently fulfilling
customer orders at restaurants could be made
easier with reinforcement learning. Their
algorithm for allocating orders takes demand,
location, time, and availability of delivery agents
into account. By adjusting policies based on new
data, it improves dispatch options. The research
concluded that consumer happiness is improved
by using reinforcement learning algorithms rather
than static ones. Their advice on how to enhance
real-time delivery is invaluable.

Wang & Yu (2022) Build an order fulfillment
model using deep reinforcement learning. Both
the current demand and the availability of agents
are taken into account by the dynamic order
allocation method. Their model's efficiency and
scalability are both enhanced by robust
reinforcement learning. The platform is quicker to
respond and deliver, according to the results.
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Their research proves that RL can fulfill client
demands.

Tiwari & Bhatia (2022) Build a reinforcement
learning hybrid by combining Q-learning and
neural networks. Optimizing dispatching and
routing is their specialty; they research situations
involving changing demand and traffic. Research
shows that their method cuts down on operational
expenses and delivery delays. By making
adjustments in  real-time, their technique
maximizes the  distribution of  orders.
Reinforcement learning enhances current delivery
logistics, according to their research.

Bansal & Kumar (2022) Analyze the ways in
which deep reinforcement learning enhances the
fulfillment of food orders. They factor in the
location of the client and the time it takes for
restaurants to execute orders. The system
enhances dispatch accuracy through decision
refining. The outcomes demonstrate that the
business will enhance customer satisfaction,
operating costs, and delivery timeframes.
According to their findings, DRL has the potential
to improve food distribution.

Zhang, Chen & Wang (2022) Develop a deep
reinforcement learning model for food delivery.
The decision-making complexity of large-scale
operations is enhanced by reinforcement learning
and deep learning. Delivery personnel efficiency,
customer tastes, and traffic conditions inform
system adjustments. A large body of research
confirms that this model outperforms its
predecessors. Faster delivery and reduced
operational costs are the outcomes. A smart,
scalable approach to improve food delivery
efficiency is proposed in their research.

Ali & Khan (2023) Discover the power of real-
time learning in streamlining the distribution of
food orders. Orders are distributed dynamically by
the system according to the available agents and
the volume of traffic. Better decisions are made by
the RL model as it learns from past interactions.
Customer satisfaction and delivery times were
both shown to have improved in the statistics.
Reinforcement  learning
responsiveness, according to the research.
Improving food delivery services is one of their
primary research goals.
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Zhou & Li (2023) The efficiency of food delivery

can be enhanced using reinforcement learning. Its
approach incorporates traffic and real-time
delivery agent data to make smart decisions. The
method guarantees on-time delivery since it may
be adjusted to meet operational restrictions and
demand. The results demonstrate that RL
outperforms conventional approaches while being
more cost-effective. According to the research's
findings, adaptability is key to better dispatch
systems. The project improves the dependability
of food delivery in different environments.

Chen & Wu (2023) Create a model for food
delivery dispatch using deep reinforcement
learning and incorporate demand forecasting. In
order to better allocate orders, their system can
forecast customer demand. Operations are made
more efficient and response times are reduced
with advance planning. Forecasting and
reinforcement  learning dispatch
accuracy, according to the results. According to
their findings, innovative and proactive real-time
food supply management is essential. The
research highlights the advantages of logistical

improve

decision-making powered by Al

Rahman & Hasan (2024) Develop a flexible
system for food delivery requests that uses
reinforcement learning. As traffic and demand
change, their technology changes too. The RL
agent can enhance its dispatch policies with the
use of real-time input. Productivity, turnaround
times, and customer happiness all saw significant
improvements. The research highlights the need of
adaptability in optimizing food delivery. Their
input is crucial for the development of more
sophisticated and responsive dispatch systems.
Srinivasan & Thomas (2024) Develop an RL
model to enhance the dispatching and routing of
food delivery services. In order to maximize
productivity, the system analyzes both delivery
agents and traffic data collected in real-time.
Making decisions based on RL reduces
operational expenses and guarantees timely
delivery. This method improves performance,
according to multiple simulations. Scalability is a
key focus in their research on growing their food
delivery service. Artificial intelligence (Al) driven
logistics is explained in the articles.
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3. RELATED WORK

Reinforcement Learning (RL) for Dispatching
Optimization: Reinforcement learning has
showed great promise in improving order
fulfillment in on-demand food delivery systems.
Because reinforcement learning algorithms are
always learning from the past, they can adjust to
dynamic  contexts where demand, rider
availability, and traffic conditions vary quickly.
rule-based  methods,
Reinforcement Learning (RL) can determine the
optimal strategy by analyzing all factors affecting
system performance and delivery time. By
lowering delays, identifying the most effective
commuter routes, and enhancing overall

Unlike  conventional

transportation efficiency, this enables the system
to gradually function better.

Decoupling Strategies: Decoupling techniques
are used to simplify calculations and speed up
decision-making by dividing intricate order
dispatching process stages into distinct parts. By
separating demand forecasting from order or rider
assignment, the system might improve its
handling of each component. Accuracy and
efficiency can be improved by using a system that
matches couriers with orders according to demand
forecasts. Because each operation may be altered
independently, allowing for scalability, the
system's overall performance 1is enhanced,
particularly during times of high demand.
Combination of RL and Decoupling:
Combining decoupling with reinforcement
learning techniques is a successful way to enhance
food delivery systems. By simplifying decision-
making and reducing system complexity through
decoupling, RL can determine the best dispatching
options. By defining roles such as dispatching and
demand forecasting, RL models may concentrate
on figuring out the best way to distribute riders.
They are able to make decisions more quickly and
accurately as a result. By giving the system the
ability to manage several orders and respond to
real-time circumstances, this hybrid approach
improves passenger utilization and order
fulfillment.

Multi-Agent Systems: Multi-agent systems are a
sophisticated approach that involves several
agents (like passengers and orders) interacting in a
ISSN:2250-3676
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single setting. When giving instructions, treat

riders and commands like agents. This enables the
system to make more intelligent and adaptable
decisions. Every employee has the flexibility to
modify their course of action in response to
external factors like traffic, weather, and customer
preferences. By matching orders to the current
situation, this approach has been demonstrated to
reduce wait times and improve the utilization of
available riders. In the end, this leads to improved
efficiency and service.

Improved System Efficiency: The effectiveness
of order dispatching systems is significantly
increased when reinforcement learning and
decoupling techniques are combined. By breaking
down difficult tasks into smaller, more
manageable chunks, reinforcement learning
improves the system's ability to adjust to changing
circumstances. This makes it possible to make
decisions more quickly and accurately, which
reduces costs and raises customer satisfaction.
This combination improves resource efficiency,
passenger capacity, and transit times. Therefore,
food delivery businesses may maintain their
competitive edge by improving operational
effectiveness and providing clients with a faster
and more dependable service.

EXISTING SYSTEM

Order routing systems in on-demand food delivery
frequently use rule-based algorithms or heuristic
models to connect couriers with orders. In order to
decide the best time to send the rider, these
systems often use basic characteristics like the
cyclist's proximity to the order, availability, and
anticipated delivery time. These strategies might
work well when things are stable, but they are
more likely to fall apart when things change
suddenly, including during sudden spikes in
demand, changes in traffic patterns, or a lack of
transportation. Because of this, traditional systems
could find it difficult to maintain scalability and
efficiency, particularly during busy periods or in
urban settings with diverse environments when
performance is heavily impacted by outside
factors.

Many systems now incorporate machine learning,
but these methods are mainly limited to predictive
models that predict demand or pair travelers based
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on historical data. Although these models

outperform rule-based systems, they are not

always good at adapting to new information and
conditions. Furthermore, a lot of systems still use

a "monolithic" approach, which results in waste of

time and money because it doesn't break down the

dispatching process into distinct parts that might
assign commuters and gauge demand.

DISADVANTAGES OF EXISTING SYSTEM

e The static, rule-based algorithms or simple
machine learning models used by the current
systems are unable to adapt to rapidly
changing real-time circumstances, including
demand spikes, traffic jams, or rider shortages.
As a result, people perform worse in situations
that are uncertain and change quickly.

e The majority of older systems are made up of
independent parts that carry out every task,
such as allocating passengers and estimating
demand, as if they were a single unit.
Decision-making is significantly slowed down
and much more work is required, particularly
when there are several steps involved or a lot
of dispatching needs to be completed.

e If demand increases or delivery zones get
more complicated, traditional solutions can
become obsolete. Since they are unable to
process and respond to multiple requests at
once, they frequently have to wait or perform
less efficiently in order to match couriers with
orders.

e Although some systems use machine learning,
the vast majority do not use reinforcement
learning, which uses past performance to
continuously improve. The inability of the
current systems to adapt hinders their ability to
gradually enhance dispatching methods. They
consequently make less-than-ideal long-term
choices. Inadequate low rider utilization is a
major issue with outdated systems, leading to
delayed deliveries, longer wait times, and
lower customer satisfaction. Furthermore,
these systems' inability to adapt in real time to
complex circumstances, such  weather,
passenger fatigue, or customer preferences,
lowers the quality of the services.
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PROPOSED SYSTEM

The proposed method transforms the dispatch of
on-demand food delivery orders by combining a
matching algorithm  with  decoupling and
reinforcement learning (RL) techniques. The
continuous adaptation to real-time data, achieved
via the use of reinforcement learning (RL), sets
this system apart from others. To do this, the
dispatching technique is adjusted based on a
number of variables, such as rider availability,
road conditions, and changes in demand. The
system's capacity to learn from its mistakes and
make better decisions over time is its most
important feature. This shortens delivery times,
increases the effectiveness of matching riders with
orders, and boosts system performance in general.
To handle the complexities of dispatching, the
system employs a decoupling technique to divide
crucial functions, such demand forecasting and
passenger distribution, into distinct procedures.
Because each task can be independently
optimized, this reduces the computational load
and improves scalability. Decoupling enables the
system to concentrate on precise demand
forecasting and the best possible passenger
distribution. Particularly in circumstances of high
demand, this two-pronged approach guarantees
the preservation of service quality while
encouraging prompt decision-making.

ADVANTAGES OF PROPOSED SYSTEM

e Reinforcement learning is used by the
proposed system to autonomously adjust to
changing conditions, including changes in
demand, traffic patterns, and rider availability.
The system can make real-time adjustments
thanks to this ongoing learning, which reduces
delays and speeds up transmission amid
problems.

e The system separates tasks like demand
forecasting and rider allocation using
decoupling techniques. This simplifies the
calculations and allows each operation to be
optimized independently. This increases the
system's overall efficiency by enabling it to
handle more orders and render decisions
faster.

e RL is used and jobs are autonomous, the

system can manage more work when needed.
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A greater workforce, a wider geographic area,
and a higher order volume may all be handled
by the system without sacrificing efficiency
thanks to its component separation. As such, it
is appropriate for growth in both urban and
rural areas.

By analyzing previous encounters, the
proposed system leverages reinforcement
learning (RL) to improve its decision-making
capabilities. In the end, this makes it possible
to design routes, fulfill orders quickly, and
assign couriers to particular tasks. Unlike
static or pre-defined alternatives, the system's
ability to expand and adapt over time
improves performance.

A number of factors, such as riders'
availability, delivery circumstances, and
geographic area, are evaluated in order to
determine the best method for allocating
motorcycle riders. This speeds up the supply
chain by reducing idle time and improving
passenger use. Customer satisfaction has
significantly increased as a result of the timely
and efficient service.

MODULES

Environment Module

State Module

Action Module

Reward Module

Learning Module

Driver and Order Management Module
Optimization Module

Feedback and Evaluation Module
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5. CONCLUSION

Finally, in an increasingly competitive sector,
using reinforcement learning (RL) to optimize
order dispatch in on-demand food delivery
services 1s a viable way to boost customer
satisfaction, boost company profitability, and
streamline operations. Data-driven and dynamic
decision-making is offered by reinforcement
learning frameworks, in contrast to conventional
transmission systems that depend on heuristic or
rule-based algorithms. By consistently engaging
with the delivery environment and identifying the
best package dispatching techniques, they do this.
Reinforcement learning agents can be trained to
take into account a variety of real-time factors,
including customer priority levels, restaurant
preparation status, courier availability, delivery
time limits, and traffic conditions, by rephrasing
the order dispatch problem as a Markov Decision
Process (MDP).

Proximal Policy Optimization (PPO), Deep Q-
Networks (DQN), and actor-critical models are
three advanced techniques that have shown
effectiveness in handling the complex, high-
dimensional state and action spaces present in
actual delivery systems. These models undergo an
evolution that increases their dispatching
efficiency as they are exposed to more data and
conditions. In order to manage the real-time
collaboration of varied delivery agents, treat all
partners fairly, divide responsibilities
appropriately, and avoid problems or bottlenecks,
multi-agent reinforcement learning (MARL)
algorithms are becoming more and more popular.
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