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Abstract:- Reinforcement Learning for Autonomous
Drones are quite appealing topic. It includes training a
model. However, these approaches tend to be sensitive
to mistake by the teacher and don't scale well to
different environments or vehicles. To the present
finish, we have a tendency to propose a standard
network architecture that decouples perception from
management, and is trained mistreatment empiric
Imitation Learning, a novel imitation learning variant
that supports online coaching and automatic choice of
the best behavior from perceptive multiple academics.
We have a tendency to apply our planned methodology
to the difficult downside of remote-controlled aerial
vehicle (UAV) sport. We are developing a machine that
permits the generation of enormous amounts of
artificial coaching information (both UAV captured
pictures and its controls) and conjointly permits for on-
line learning and analysis. Our proposed system will
intelligently navigate in indoor and outdoor
environment. It also involves association of assistants
like Alexa, Google Assistant, Bixby etc. The Integration
of Mapping with the help of SLAM algorithms through
IMU sensors. The System relies on End device and
Cloud For Computation. User Control is provided from
Android Device. User Tracking and Waypoint
navigation with the autonomous flight is additional
enhancements to the Drone.
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I.  INTRODUCTION

UAV or Drones are a word we see pretty often in
today’s popular culture, but drone seem to extremely
diverse species. The term drone originated from the
military referring to UAV with a pre-programmed path,
basically no human control. Today the term has broadened
to include anything from the highly sophisticated Global
Hawk to teeny tiny UDI 839 quadcopter UAV where
originally developed for military missions, which are
dangerous for humans. Later on by observing there
advantages it is now also used in scientific, agriculture,
commercials, surveillance, product deliveries, aerial
photography, and other applications.

As drones are used in many fields there is a need for
most effective and highly intelligent services. The basic
requirement for UAV system is indoor navigation,
collision detection, collision avoidance, stable flight and to
operate in unstructured open-world environment. The
system with the help of Reinforcement Learning should be
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able to learn and use its previous knowledge and
experience to compile the current task with more
efficiency. So, the time needed to train the model is saved.
There have been continuous research and efforts taken to
make drone highly intelligent with the help of various
emerging technologies.

In our project, we have a tendency to build a software
for operating an autonomous drone. Which can survive in
any environment , to be most effective and intelligent
drone to assist human/users in there day-to-day activities

The importance of this topic is we are using drones in
military, commercials, aerial photography etc but later on it
can also be used by human to perform his day-to-day task
as an assistant.

Il. RELATED WORK

In this work, the combination of deep reinforcement
learning with flying a drone in an indoor environment,
touches upon the broad fields of robot learning and UAV
control. We quickly depict these works and their
associations with our strategy.

A. UAV Control

Nowadays, controlling drones is an area which is
widely researched. This is because of its increasing
applications in reconnaissance and shipments. Drones
should be able to fly independently detecting the
hindrances and avoiding them. This can be done with the
help of remote sensors. This is the most common approach.
However, the UAVs that are available have low battery life
and low load carrying capacity. so far, number of strategies
have been defined which may use many different sensors
to choose control factors for a drone.. This causes increase
in expense, poor realtime reaction and bulkier frameworks.

Previous researchers utilized modest, light optical
stream sensors to supervise drone indoors. However, this
motive was not fully achieved because it could not
accomplish tasks without human help. Monocular camera
based techniques utilize disappearing focuses fr direction
to fly drone in indoor condition, yet at the same time
depend on range sensors for crash escaping. Scientists have
utilized impersonation learning techniques to exchange
human exhibits to self-governing route. This anyway
neglects to gather any negative precedents, since people
never crash rambles into avoidable snags. In light of this
information, these strategies neglect to sum up to
directions outside the preparation shows from human
controllers. Another ongoing thought is to utilize test
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systems to create this automaton information. Anyway
exchanging test system learned strategies to this present
reality functions admirably just in oversimplified situations
and frequently require extra preparing on true information.

B. Deep Learning for Drones

Gaining through experimentation has recovered
concentration in mechanical autonomy. Self administered
techniques, show how extensive scale information
gathering in reality can be utilized to learn undertakings
like getting a handle on and keeping objects on a table
domain. Our theory broadens this thought of self
supervision to flying an automaton in an indoor situation.
Profound support training techniques have indicated great
outcomes, anyway they are excessively information
concentrated for our errand of automaton flying. A key
section of significant learning, is the high proportion of
data required to set up these generalizable models. This is
simply the spot overseen learning comes into the picture by
allowing the social occasion of high proportions of data
with immaterial human supervision. To the best of our
knowledge, this is the essential broad scale effort in social
occasion more than 40 hours of certified robot flight time
data which we show is fundamental in making sense of
how to fly.

1.  APPROACH

We currently portray subtleties of our information
driven flying methodology with dialogs on approaches for
information accumulation and learning. We further depict
our equipment setup and usage for reproducibility.

A. Software Specifications

» Gym

It is a set of tools for developing and comparing
reinforcement learning algorithms. It supports teaching
agents with different games. Open source interface to
reinforcement learning tasks. It provides an easy-to-use
suite of reinforcement learning tasks.

RL research is affected two factors:
e The need for better benchmarks.
e Lack of standardization of environments used in
publications
e Gym is an attempts to fix both problems.

» Baseline

OpenAl Baselines is a set of professional
implementations of reinforcement learning algorithms to
use with gym. Baselines requires python 3.

» Airsim

Open source simulator for autonomous vehicles.
AirSim is a simulator for drones, cars and more, built on
Unreal Engine. It is open-source, cross platform, and
supports hardware-in-loop with popular flight controllers
such as PX4 for physically and visually realistic
simulations. It is developed as an Unreal plugin that can
simply be dropped into any Unreal environment.
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» MiniConda
It is a bunch of tools and libraries required in Python

IV. METHODOLOGY

Drone Assistant helps users in everyday no physical
tasks and provides intelligent assistant which would be
able survive and track users in all environment.

The Deep Learning models that help drone to
navigate based on monocular and stereo vision. The AWS
EC2 Instance with gpu support will be required for the
same. All the Image data and 3d maps generated by the
drone will be saved in MongoDb and S3 storage. Backup
of models will also be carried out in S3 Storage for safety.
The Instance will be triggered and commanded via AWS
Lambda Function which will act as a Middle Man.
Analysis of the drone will be provided on Mobile and
Desktop Application. Mechanism will be created to sustain
If connection with Instance is lost.

Amazon Alexa would serve as basic communication
channel. While some Special Commands and Gestures will
be integrated into the drone to carry out designated task
more efficiently.

V. TESTING ENVIRONMENT
Fig 1. depicts the working of our work. Only the remote

will be replaced by a mobile phone using an android
application.

Fig 1:- Simulator
VI. CONCLUSION

In our project, we develop a system that permits the
generation of enormous amounts of artificial coaching
information for both UAV captured pictures and its
controls. Our system is able to detect and avoid collision,
SLAM algorithm is used for mapping and localization. It is
able to calculate depth from  pictures captured by
monocular cameras.

Thus, the Proposed Project will help the human users
in various tasks and navigate with them autonomously and
offer Personal Assistance. The System will be later
improvised for gesture Recognition and develop more
quality model.
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