
IJSRD - International Journal for Scientific Research & Development| Vol. 7, Issue 03, 2019 | ISSN (online): 2321-0613 

 

All rights reserved by www.ijsrd.com 1852 

Unmanned Aerial Vehicle Using Reinforcement Learning 

Utkrisht Sharma 

Amity School of Engineering and Technology Noida,UP,, India

Abstract— The project is based on building an AI based 

Drone using IOT which would help in taking smart decisions 

on the bases of smart predictions through multiple sensors 

which would be reducing the daily workload by scheduling 

our daily activities.It will also be build to measure the flight 

path taken by the drone which would be happening through 

Artificial Intelligence. The project is based on building an AI 

based Drone using IOT which would help in taking smart 

decisions on the bases of smart predictions through multiple 

sensors which would be reducing the daily workload by 

scheduling our daily activities. It will also be build to measure 

the flight path taken by the drone which would be happening 

through Artificial Intelligence. 

Short Comings: Weaponized AI drones can cause destruction 

to great amount autonomously without need of people. Hence 

it is dangerous if AI technology based devices including 

drones are put in wrong hands. As we have seen with 

smartphones, AI powered drones can make human beings 

depend on AI (Artificial Intelligence) technology and hence 

will slowly decrease their mental capabilities. 

Innovations: AI-driven technologies are emerging to help 

society work more efficiently, and this technology can 

address monitoring areas. IOT robots are poised to become a 

highly valued application of AI in any sector be it medical 

industry, military facilities etc. Drone innovation is to find the 

best application of “sense and avoid” technology to use in 

UAV drones. Which in turn, will make available new 

opportunities to companies and individuals with ideas on 

different ways to use this technology, while at the same time 

meeting the approval of FFA regulations 

Key words: Reinforcement Learning, Unmanned Aerial 

Vehicle 

I. INTRODUCTION 

A. Basics 

The research is based on integrating Artificial Intelligence in 

IOT.The researchers will be incorporating Machine Learning 

and Artificial Intelligence in order to provide an assistive 

flying machine that carries a “AI Voice Assistant”. 

 The drone will be consisting of four propellers 

which would be controlled by a Raspberry Pi. It will also be 

having a DC brushless motor for each propeller.  

 To provide sufficient power to the propeller blades 

we would be requiring to use Electronic Speed Controller 

(ESC’s) to make it happen.It translates between Pulse Width 

Modulation (PWM) which control signals from Raspberry Pi 

and converts to three high-current signals for each coil of the 

motors.  

 For Coding of the sensors and for facial recognition 

we would be doing on Python which will help to remote 

control the drone as well as help recognizing people through 

their faces.    

II. LITERATURE SURVEY 

A. Research Paper 1 

Using unmanned aerial vehicles (UAV), or drones, in 

missions involving navigating through unknown 

environment, such as wildfire monitoring [1], target tracking 

[2]–[4], or search and rescue [5], is becoming more 

widespread, as they can host a wide range of sensors to 

measure the environment with relative low operation costs 

and high flexibility. One issue is that most current research 

relies on the accuracy of the model describing the target, or 

prior knowledge of the environment [6], [7]. It is, however, 

very difficult to attain this in most realistic implementations, 

since the knowledge and data regarding the environment are 

normally limited or unavailable. 

 Using reinforcement learning (RL) is a good 

approach to overcome this issue because it allows a UAV or 

a UAV team to learn and navigate through the changing 

environment without a model of the environment [8]. 

 RL algorithms have already been extensively 

researched in UAV applications, as in many other fieldsof 

robotics [9], [10]. Many papers focus on applying algorithm 

into UAV control to achieve desired trajectory 

tracking/following. In [11], Faust et al. proposed a framework 

using RL in motion planning for UAV with suspended load 

to generate trajectories with minimal residual oscillations. 

Bou-Ammar et al. [12] used RL algorithm with fitted value 

iteration to attain stable trajectories for UAV maneuvers 

comparable to model-based feedback linearization controller. 

A RL-based learning automata designed by Santos et al. [13] 

allowed parameters tuning for a PID controller for UAV in a 

tracking problem, evenunder adversary weather conditions. 

Waslander et al. [14]proposed a testbed applying RL for 

accommodating the nonlinear disturbances caused by 

complex airflow in UAV control.Imamverdiyev etal. [15] 

used a platform named TEXPLORE which processed the 

action selection, model learning, and planning phase in 

parallel to reduce the computational time. Zhang Et al. [16] 

proposed a geometry-based Q-learning to extend the RL-

based controller to incorporate the distance information in the 

learning, thus lessen the time needed for an UAV to reach a 

target. 

B. Research Paper 2 

1) PID Controller Design 

[18]In this paper, the PID controller for the quadrotor is 

developed based on the fast response. Using this approach as 

a recursive algorithm for the control-laws synthesis, all the 

calculation stages concerning the tracking errors are 

simplified. One other aspect of the controller selection 

depends on the method of control of the UAV. It can be 

modebased or non-mode based. For the mode based, 

controller, independent controllers for each state are needed, 

and a higher level controller decides how these interact. On 

the other hand for a non-mode based controller, a single 

controller controls all of the states together. Salih et al. 3663 
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However the adopted control strategy is summarized in the 

control of two subsystems; the first relates to the position 

control while the second is that of the attitude control. The 

quadrotor model above can be divided into two subsystems: 

A fully-actuated subsystem S1 that provides the dynamics of 

the vertical position z and the yaw angle (z and ). In order to 

make it possible to design multiple PID controllers for this 

system, can neglect the gyroscopic effects and thus remove 

any cross coupling between the parameters (Samir et al., 

2004).              

 − − + − = 6 3 3 4  1 K /I K z/m u u Cos Cos ) g z     

(6) An underactuated subsystem S2 representing the 

underactuated subsystem which gives the dynamic relation of 

the horizontal positions (x, y) with the pitch and roll angles 

as shown down in Equations (7) and (8) respectively.                 

  − − + − = K y/m K x/m Sin Sin C s u Sin u Cos u 

Cos u Sin y x 2 1  o 1 1 1 1     (7) and             − − = + 5 2 4 1 

3 2 lK /I lK /I u u      (8) Since drag is very small at low speeds, 

the drag terms in the above equations can be considered as 

small disturbances to the system so all the nonlinear parts of 

Equations 6 and 7 are neglected. The PID control is applied 

to the equations above with inputs u1, u2, u3, u4 and 

outputsφ, , and Zd. Though these methods were rather 

successful in local analysis of nonlinear systems affine in 

control they usually fail to work for a global analysis and 

nonlinear systems that are non-affine in control (Olfati-Saber, 

2001). For the fully-actuated subsystem, we can construct a 

rate bounded PID controllers to move states (z,φ, , ) to their 

desired values. The Zegler Nichols first method was used for 

tuning of the PID controller (Brian, 2008), as shown in Table 

1. 

C. Research Paper 3 

[19] In this paper, a novel approach to UAV’s automatic 

landing on the ship’s deck is proposed. We present the design 

of the cooperative object, and then begin our basic research 

on UAV autonomous landing on a ship by using computer 

vision and affine moment invariants. We analyze the infrared 

radiation images in our experiments by extracting the target 

from the background and then recognizing it. Also, we 

calculate the angle of yaw. We study the basic research 

concerning automatic UAV navigation and landing on the 

deck. Based on our experiments, the average recognition time 

is 17.2 ms which is obtained through the use of affine moment 

invariants. This type of speed is expected to improve the 

reliability and real-time performance of autonomous UAV 

landing. 

D. Research Paper 4 

1) Purpose 

[20] The purpose of this paper is to propose an efficient 

algorithm for trajectory planning of unmanned aerial vehicles 

(UAVs) in 2D spaces. This paper has been motivated by the 

challenge to develop a fast trajectory planning algorithm for 

autonomous UAVs through mid‐course waypoints (WPs). It 

is assumed that there is no prior knowledge of these WPs, and 

their configuration is computed as in‐flight procedure. 

2) Design/methodology/approach 

Since the off‐line techniques cannot be applied, it is required 

to apply an online trajectory planning algorithm. For this 

reason, based on the optimal control and the geometry, each 

segment of trajectory is designed with respect to a local 

frame. The algorithm is implemented as a real‐time manner 

in terms of the down‐range variable. 

3) Findings 

The proposed algorithm tries to find not only a feasible 

trajectory (the constraint includes the maximum heading 

angle rate) but also an optimal trajectory (the objective locally 

is to minimize the length of the path). This online trajectory 

planning algorithm gradually produces a smooth 2D 

trajectory aiming at reaching the mid‐course WPs and the 

final target so that they are smoothly connected with each 

other. The mid‐course WPs are described through the given 

down‐range, cross‐range, and heading angle. 

4) Originality/value 

Based on geometrical principles, this algorithm is capable of 

re‐planning the trajectory as in‐flight manner, and the 

computational burden approaches the online capabilities for 

UAVs with high velocity. 

III. TECHNOLOGY USED 

Fig. 1: The drone mainly consists of three parts taken from 

Artificial Intelligence that are Machine Learning, Machine 

Perception and Motion Planning. 

A. Machine Perception 

Let us start with Machine Perception. Since many AI-related 

tasks for drones are dealing with image recognition, the 

unmanned aerial vehicle must be able to perceive and absorb 

the environment or objects in some way. This is usually done 

with sensors such as electro-optical, stereo-optical, and 

LiDAR. This process is referred to as Machine Perception. 

B. Computer Vision (CV) 

Once the drone has captured raw sensor data, it usually needs 

to be analyzed in some way to extract meaningful information 

for a certain purpose. This ability is called Computer Vision 

and is concerned with the automatic extraction, analysis, and 

understanding of useful information from one or more 

images. 

C. Motion Planning 

Now let’s come to Motion Planning. It is a strong tool when 

it comes to situational awareness and, in a broader sense, 

Sense & Avoid technology and BVLOS flights. The 

prerequisite for motion planning is usually capturing the 
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environment – that is, Machine Perception. To do so, the 

drone visualizes the environment, e.g. with SLAM 

(Simultaneous Localization and Mapping) technology. This 

gives the drone the capability to not necessarily identify what 

exactly is in the environment, but the distance to it. In the 

context of Motion Planning, Deep Learning is deployed to 

detect and recognize objects like humans, biker, or cars to and 

subsequently to create a corresponding flight route. 

D. Algorithms 

1) Machine Learning (ML) 

To optimize differentiable parameters, techniques of Machine 

Learning can be applied. Unlike software that has been 

programmed manually and performed tasks with specific 

instructions (like Computer Vision software), Machine 

Learning algorithms are designed in such a way that they can 

learn and improve over time when exposed to new data. 

 
Fig. 2: Machine Learning is divided into three sub parts 

namely Unsupervised Learning, Supervised Learning and 

Reinforcement Learning. 

a) Supervised Learning 

Supervised Learning is the one, where you can consider the 

learning is guided by a teacher. We have a dataset which acts 

as a teacher and its role is to train the model or the machine. 

Once the model gets trained it can start making a prediction 

or decision when new data is given to it. 

b) Unsupervised Learning 

The model learns through observation and finds structures in 

the data. Once the model is given a dataset, it automatically 

finds patterns and relationships in the dataset by creating 

clusters in it. What it cannot do is add labels to the cluster, 

like it cannot say this a group of apples or mangoes, but it will 

 separate all the apples from mangoes. 

Suppose we presented images of apples, bananas and 

mangoes to the model, so what it does, based on some 

patterns and relationships it creates clusters and divides the 

dataset into those clusters. Now if a new data is fed to the 

model, it adds it to one of the created clusters. 

c) Reinforcement Learning 

It is the ability of an agent to interact with the environment 

and find out what is the best outcome. It follows the concept 

of hit and trial method. The agent is rewarded or penalized 

with a point for a correct or a wrong answer, and on the basis 

of the positive reward points gained the model trains itself. 

And again once trained it gets ready to predict the new data 

presented to it. 

Algorithm 1: Reinforcement Learning Algorithm 

Input: Learning parameters: Discount factor γ,learning rate 

α, number of episode N 

Input: Control parameters: Control gains Kp, Kp, Kd, error 

radius d 

1 Initialize Q0(s, a)←0,∀s0∈S,∀a0∈A; 

2 for episode =1:Ndo 

3 Measure initial state s0 

4  for k= 0,1,2, ... do 

5 Choose ak from A using policy (2) 

6 Take action ak that leads to new state sk+1: 

7 for t= 0,1,2, ... do 

8 u(t) = Kpe(t) + KiZe(t)dt +Kd 

de 

dt 

9 until ||p(t)−sk+1|| ≤ d 

10 Observe immediate reward rk+1 

11 Update: 

12 Qk+1(sk, ak)←(1 −α)Qk(sk, ak) +α[rk+1 +γmax 

a0Qk(sk+1, a0)] 

13 until sk+1 ≡G 

 RL becomes popular recently thanks to its 

capabilities in solving learning problem without relying on a 

model of the environment. 

 An agent builds up its knowledge of the surrounding 

environment by accumulating its experience through 

interacting with the environment. 

 Assuming that the environment has Markovian 

property, where the next state and reward of an agent only 

depends on the current state. 

 
Fig. 3. Description of Reinforcement Learning Algorithm. 

 
Fig. 4. Implementation of Machine Learning Algorithm. 
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d) Deep Learning (DL) 

Deep learning is a machine learning technique that teaches 

computers to do what comes naturally to humans: learn by 

example. Deep learning is a key technology behind driverless 

cars, enabling them to recognize a stop sign, or to distinguish 

a pedestrian from a lamppost. It is the key to voice control in 

consumer devices like phones, tablets, TVs, and hands-free 

speakers. Deep learning is getting lots of attention lately and 

for good reason. It’s achieving results that were not possible 

before. 

 In a word, accuracy. Deep learning achieves 

recognition accuracy at higher levels than ever before. This 

helps consumer electronics meet user expectations, and it is 

crucial for safety-critical applications like driverless cars. 

Recent advances in deep learning have improved to the point 

where deep learning outperforms humans in some tasks like 

classifying objects in images. 

While deep learning was first theorized in the 1980s, there are 

two main reasons it has only recently become useful: 

1. Deep learning requires large amounts of labeled 

data. For example, driverless car development 

requires millions of images and thousands of hours 

of video. 

2. Deep learning requires substantial computing 

power. High-performance GPUs have a parallel 

architecture that is efficient for deep learning. When 

combined with clusters or cloud computing, this 

enables development teams to reduce training time 

for a deep learning network from weeks to hours or 

less. 

IV. PROPOSED METHODOLOGY 

We need to have sufficient knowledge of quadcopter flight 

collaboration ,Raspberry pi,sensor working in order to 

develop a knowledge base. We can than program our 

raspberry pi to calculate a flight path with full obstacle 

avoidance , and also implement a audio. 

 To inculcate the process we need to find different 

cases and produce two cases one Training Case and second 

Test Case. Applying machine learning algorithm to train on 

data set which could predict drone path of flight.  

 Deep Learning Methods are used in process of 

adding AI to the Quadcopter Drone. The data is processed and 

information would be then transmitted to flight controller that 

can determine the drone path . 

 To optimize differentiable parameters, techniques of 

Machine Learning can be applied. Unlike software that has 

been programmed manually and performed tasks with 

specific instructions (like Computer Vision software), 

Machine Learning algorithms are designed in such a way that 

they can learn and improve over time when exposed to new 

data. 

 The test cases and training cases would be 

determining the accuracy of the predictive analysis through 

AI. 

 
 Fig. 5. [17] A UAV navigating in closed 

environment with discretized state space, represented by 

discrete circles. The red circle is the UAVs current state, the 

green circles are the options that the UAV can choose in the 

next iteration. The goal is marked by a red flag. 

V. RESULTS 

During the tuning pro-cess, we increased the Derivative gain 

while eliminated the Integral component of the PID control 

to achieve stable trajectory. Note that u(t)is calculated in the 

Inertial frame, and should be transformed to the UAV’s Body 

frame before feeding to the propellers controller as linear 

speed [18]. Figure 6 shows the result after tuning. The UAV 

is now able to remain inside a radius of d= 0.3m from the 

desired state. Algorithm 1 shows the Reinforcement 

Algorithm learning algorithm used in this paper. 

 
Fig. 6. The simulated environment at time step t= 17. Label 

S shows the original starting point, and Label G shows the 

goal. 

 
Fig. 7. [17] Distance error between the UAV and the target 

before tuning. 
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 Figure 8 shows the result of our simulation on MAT-

LAB. It took 39 episodes to train the UAV to find out the 

optimal course of actions it should take to reach the target 

from a certain starting position. The optimal number of steps 

the UAV should take was 8 steps, resulting in reaching the 

target in shortest possible way. 

 
Fig. 8. [17] The time steps taken in each episode of the 

simulation. 

 
Fig. 9. [17] Number of steps in each episode in real 

implementation. 

 The experiment using identical parameters to the 

simulation. The UAV operated in a closed room, which is 

discretized as a 5by 5 board. It did not have any knowledge 

of the environment, except that it knew when the goal is 

reached. Given that the altitude of the UAV was kept 

constant, the environment actually has 25 states. The 

objective for the UAV was to start from a starting position at 

(1,1) and navigate successfully to the goal state (5,5) in 

shortest way. Similar to the simulation, the UAV will have a 

big positive reward of +100 if it reaches the goal position, 

otherwise it will take a negative reward (penalty) of -1. For 

the learning part, we selected a learning rate α= 0.1, and 

discount rate γ= 0.9. For the UAV’s PID controller, the 

proportional gain Kp= 0.8,derivative gain Kd= 0.9, and 

integral gain Ki= 0. Similar to our simulation, it took the 

UAV 38 episodes to find out the optimal course of actions (8 

steps) to reach to the goal from a certain starting position 

(Figure 9). 

 The difference between the first episode and the last 

ones was obvious: it took 100 steps for the UAV to reach the 

target in the first one, while it took only 8 steps in the last 

ones. 
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