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ABSTRACT

A COMPARATIVE STUDY OF DEEP REINFORCEMENT LEARNING
METHODS AND CONVENTIONAL CONTROLLERS FOR AERIAL

MANIPULATION

Ünal, Kazım Burak
M.S., Department of Computer Engineering

Supervisor: Assoc. Prof. Dr. Sinan Kalkan

Co-Supervisor: Prof. Dr. Afşar Saranlı

February 2021, 67 pages

Aerial manipulation with unmanned aerial vehicles is increasingly becoming a neces-

sity in many applications. In this thesis, we analyze the controller approaches for a

bi-rotor aerial manipulator for a pick and place operation. First of all, we compare

a classical control approach with a minimum snap trajectory generation and Deep

Reinforcement actor-critic algorithms for the control of the aerial manipulator. Fur-

thermore, we examine the effects of degrees of freedom of the manipulator for the

Deep Reinforcement Learning approaches and analyze how the change of goal po-

sition of the object that the aerial manipulator needs to carry affects the training of

the learning approaches. Moreover, to obtain a faster convergence for the learning

approaches we have added informative states in which the aerial manipulator starts

with the object it needs to carry is already grasped. Our results of the 2D simulation

environment for the aerial manipulation suggest that all of the actor-critic algorithms

yield valuable results with off-policy algorithms being more sample efficient. Still,

these algorithms have stability issues that fail in the task for some cases. On the other

hand, the classical controller approach does not have this problem but finishes the
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task slower than the Deep Reinforcement Learning approaches.

Keywords: Aerial Manipulation, Deep Reinforcement Learning, Classical Control
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ÖZ

DERİN PEKİŞTİRMELİ ÖĞRENME YÖNTEMLERİ VE GELENEKSEL
KONTROLCÜLERİN HAVASAL MANİPULASYON İÇİN

KARŞILAŞTIRMALI ÇALIŞMASI

Ünal, Kazım Burak
Yüksek Lisans, Bilgisayar Mühendisliği Bölümü

Tez Yöneticisi: Doç. Dr. Sinan Kalkan

Ortak Tez Yöneticisi: Prof. Dr. Afşar Saranlı

Şubat 2021 , 67 sayfa

İnsansız hava araçlarıyla havadan manipülasyon, birçok uygulamada giderek bir zo-

runluluk haline geliyor. Bu tezde, bir alma ve yerleştirme işlemi için kullanılan, çift

rotorlu bir hava manipülatörü için kontrolcü yaklaşımlarını analiz ediyoruz. Hava ma-

nipülatörünün klasik bir kontolcü ile minimum anlık yörünge oluşturma algoritma-

sını, Derin Güçlendirme aktör-kritik algoritmalarıyla karşılaştırıyoruz. Ayrıca, Derin

Pekiştirmeli Öğrenme yaklaşımları için manipülatörün serbestlik derecelerinin etkile-

rini inceliyor ve hava manipülatörünün taşıması gereken nesnenin hedef konumunun

değişiminin öğrenme yaklaşımlarının eğitimini nasıl etkilediğini analiz ediyoruz. Da-

hası, öğrenme yaklaşımları için daha hızlı bir yakınsama elde etmek için, hava ma-

nipülatörünün taşıması gereken nesne ile başladığı bilgilendirici durumlar ekledik.

Hava manipülasyonu için 2D simülasyon ortamına ilişkin sonuçlarımız, tüm aktör-

eleştirmen algoritmalarının değerli sonuçlar verdiğini ama politika dışı algoritmaların

daha örnek verimli olduğunu gösterdi. Ancak bu algoritmaların hala bazı durumlarda

görevin başarısızlığına neden olan kararlılık sorunları vardır. Öte yandan klasik kont-
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rolcü yaklaşımında bu sorun yoktur, ancak Derin Pekiştirmeli Öğrenme yaklaşımla-

rına göre görevi daha yavaş bitirir.

Anahtar Kelimeler: Havada Manipulasyon, Derin Pekiştirmeli Öğrenme, Klasik Kont-

rol
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem Definition

Recent studies have shown that the usage of unmanned aerial vehicles (UAVs) is

rapidly increasing not only in the research community but also in the industry and

in daily life [6]. Common applications of UAVs include surveillance [7], search and

rescue [8], transportation of slung loads [9] and inspection of transmission lines [10].

Though these accomplishments solved some of the problems of the industry, these

functions are mostly about "seeing" the world. In order to increase the utilization of

UAVs, in recent years, researchers have started to explore applications where UAVs

are needed to interact with the world physically with the help of a manipulator. This

is generally known as aerial manipulation.

Aerial manipulation tasks consist of grasping, perching, transporting, and (re-)positioning

of some objects with UAVs. UAVs that are used for aerial manipulation tasks are

called Unmanned Aerial Manipulators (UAMs), which usually consist of two parts;

the UAV itself and a mechanism like a robotic arm that enables the UAV to interact

with the world, which improves the capabilities of the UAV. An example of UAM is

shown in Figure 1.1.

Aerial manipulation can be considered as a subset of mobile base manipulation with

some noticeable differences from ground mobile manipulators. Some of the differ-

ences are:

• Due to not having a stable base, the actions done by the robotic arm directly

affect the UAV’s pose and stability.
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• The UAV’s dynamic changes when the system gets close to the ground or a wall

due to the airflow changes, which is called the ground effect. The ground effect

makes the system harder to control.

• Since the UAVs, especially quad-rotor UAVs, have non-linear coupled dynam-

ics, they are harder to control.

• Finally, as the payload capacity of the UAVs are limited, they are unable to

house dexterous robotic manipulators.

Figure 1.1: The AMUSE Unmanned Aerial Manipulator [1].

In addition to these challenges, due to the battery limit, there is also the time con-

straint to be considered. According to Thomas et al. [2] one of the limitations of

the initial approaches to the grasping problem is the need to reach the target object

with a near-zero approach velocity which results in unnecessary energy consumption

since maintaining a significant speed of the UAV, while manipulation task is being

performed, reduces the required flight time which results in less energy consumption.

This high-speed manipulation task, also observed in birds (see Figure 1.2 ), can be

called dynamic manipulation in robotics and it requires agile flight and manipulation
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which makes the system more challenging than it is already.

Figure 1.2: A bald eagle hunting a prey in the water [2].

In this thesis, in order to solve the task of a bi-rotor aerial manipulator that has to pick

an object and move it to a given destination, we compare (i) a conventional controller

with some trajectory generation algorithm that enables the dynamic grasping and (ii)

various end-to-end deep reinforcement learning approaches that consist of some of the

policy-gradient actor-critic methods. In this problem, the algorithms have to stabilize

and control the UAV and the manipulator as well as plan a trajectory for grasping and

transportation of the object to a target location.

1.2 Contributions

In this thesis, our contributions are as follows:

• We have created an environment that simulates aerial manipulation pick and

place tasks. In this environment, the aerial manipulator starts from a point and

has to grasp a square-shaped object and move it to a given destination. The

algorithms that are required to solve the problem have to plan a trajectory for

the grasping and transportation of the object while controlling the manipulator

and the platform.

• We conducted a comparison between three learning-based off-policy actor-

critic methods named, Deep Deterministic Policy Gradient (DDPG) [11], Twin

Delayed Deep Deterministic Policy Gradient (TD3) [12], Soft Actor-Critic (SAC)
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[13], and three learning-based on-policy actor-critic methods named Trust Re-

gion Policy Optimization (TRPO) [14], a deterministic synchronous version

of Asynchronous Advantage Actor-Critic (A3C) method [15], Proximal Pol-

icy Optimization (PPO) [16] for the pick and place operation. In addition to

this, we have also compared conventional controller [17] with minimum snap

trajectory [18] and learning-based approaches on the same problem.

• Lastly, we have applied instructive states for the learning-based approaches

to improve the training process of the learning-based approaches. Adding an

instructive state for the training improves the learning process by reducing the

exploration time for the problem of manipulators where information is usually

obtained if and only if the goal is reached [4]. Based on this, for some episodes

in the training, different from the normal training processes, we have started the

episode in random starting points where the aerial manipulator already grasped

the squared object so that the learning-based algorithms learn faster.

1.3 The Outline of the Thesis

This thesis outline is as follows. In Chapter 2, the related work proposing to solve

the manipulation task of picking and placing an object in terms of control-based

approaches, and learning-based approaches are presented. In Chapter 3, necessary

mathematical backgrounds are given about the bi-rotor system dynamics, reinforce-

ment learning, and deep reinforcement learning. The details of the methods imple-

mented in this thesis are explained in Chapter 4 and the simulation environment de-

tails are given in Chapter 5. In Chapter 6, experimental results are shown. Lastly, in

Chapter 7, the thesis is concluded with a discussion of future research directions.
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CHAPTER 2

RELATED WORK

In this chapter related work about classical control approaches for the control of UAVs

and UAMs is given in Section 2.1 and in Section 2.2 related work about learning-

based approaches for the control problem of manipulators, UAVs, and mobile-based

manipulator is given. Finally, in Section 2.3 we give a brief summary about deep

reinforcement learning approaches for the UAMs control.

2.1 Classical Control Approaches

There is abundant literature about controlling UAVs using the classical control ap-

proach. A review about the control algorithms like PID (Proportional Integral Deriva-

tive), LQR (Linear-Quadratic Regulator), H∞ and adaptive control is conducted that

discusses the advantages and weaknesses of these algorithms for controlling the UAVs

like quadrotors [19]. Moreover, comprehensive literature surveys about trajectory

planning for UAVs are done [20, 21]. In addition to these, a survey that covers the

manipulation and grasping of robotic arms is provided [22].

Though these papers give a comprehensive study about manipulators and UAV con-

trol, they do not cover UAM control and its challenges. Due to the presence of the

manipulator and its interactions with the environment, the dynamics and the coupling

effects of the system are very different and more complex than the UAVs. However,

because of the addition of a manipulator, UAMs can solve much more complex tasks.

The first research about aerial manipulators is mostly about UAVs with a fixed grip-

per attached to it [23, 24]. After these, more advanced tasks like valve turning and

transportation of some load are covered [25, 26, 27]. Moreover, An avian-like grasp-
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ing by a quadrotor with the use of a minimum snap trajectory for path planning and

a non-linear controller for following this trajectory is presented [2]. The minimum

snap trajectory enables the UAM to perch an object in high velocities that resembles

the perching motion of eagles, as shown in Figure 2.1.

Figure 2.1: Comparison of eagle and quadrotor that performs avian like grasping

through captions [2].

Recent studies about UAMs [3, 28] showed that the problem of designing a motion

planning and control algorithm for the UAMs can be clustered into two approaches

(see Figure 2.2). The first one is the centralized approach where the UAV and the

manipulator are considered as one, so the algorithms are designed from one model.

The second one is the decentralized approach where the UAV and the manipulator are

considered as separate entities so the manipulator acts as a disturbance to the UAV

and vice versa.

Planning and
Control of

Unmanned 
Aerial

Manipulator

Centralized  
Approach

Decentralized 
Approach

Figure 2.2: Planning and control approaches for UAMS [3].
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The centralized approach can be further divided into two in terms of the modeling

of the system. First, one being the standard Euler-Lagrangian representation of the

system [29] which yields a representation of the dynamic model as a matrix, and

the second one being the Newton-Euler formulation that is simpler to code [30, 31].

No matter which approach of representing the dynamics of the system is used, quite

a number of model-based approaches like LQR based approach [32], adaptive slid-

ing mode approach [33], Lyapunov-based adaptive control with gain-scheduling ap-

proach [34] have been developed for the centralized approach.

In the decentralized approach, since the UAV and the manipulator are considered as

separate bodies, their control is also considered separately but required to have some

robustness to overcome the disturbances that come from the other body. One of the

examples of this approach where a multi-layer architecture is used for the control of a

UAV that has a robot arm [35]. Moreover, a simple PID controller and a back-stepping

controller are proposed [36]. In addition to these, a task-based control strategy for the

UAV and the switching-base controller for the manipulator is designed [37] to have a

simple controller for the UAMs.

2.2 Learning-Based Approaches

With the advances in deep learning methods, it is possible to make use of deep rein-

forcement learning approaches for the control of dynamic systems like manipulators,

UAVs, and mobile-based manipulators. One of the first deep reinforcement learning

(DRL) algorithms called Deep Q Networks (DQN) [38] has shown that it is possible

to train a deep neural network to play some Atari games just like a human being by

only observing the raw pixel data and by defining a simple reward that shows whether

the algorithm won or lost the game.

In recent years, different approaches [39] than DQN have been proposed in the liter-

ature which can be gathered under the name "policy gradients". It has been shown

that these algorithms are better in continuous domain problems. After these methods,

to improve the convergence and the stability of the learning algorithms, "Actor-Critic

Networks" [40, 11] that train two network architectures together have emerged. One
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of the networks, called the actor-network, tries to estimate the best action at a given

time and the other one, called the critic network, tries to estimate the value of each

state in the domain. With these improvements and more, DRL has been used in some

robotic problems that involve motion planning and control problems like manipula-

tion [41] and UAV control [42].

2.2.1 Manipulation

Due to the complex nature of manipulators, learning-based control approaches are

becoming more and more popular to solve the manipulation tasks of robotic arms for

problems like a door opening [41], and pick and place operations [43, 4]. Popov et al.

[4] have shown that it is possible to train a neural network to pick, move and place a

Lego piece onto another one with a 9 DoF (Degree of Freedom) robotic arm which can

be seen in Figure 2.3. They have used reward shaping where some domain knowledge

is required to give some reward for every transition from one state to another that

decreases the exploration time. Also, to increase the learning speed instead of always

starting from 2 Lego pieces on the table, they have initialized the robotic arm where

it holds one of the Lego pieces and called these special starting states "Instructive

states" to reduce exploration even more.

Figure 2.3: Lego stacking task stages. From left to right shows the starting state,

reaching, grasping and stacking [4].
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2.2.2 Unmanned Aerial Vehicle Control

Deep reinforcement learning has also been applied in the control problem of UAVs.It

has been shown that it is possible to control attitude for UAVs with the PPO algorithm

both in simulation and the real world [44, 45]. Moreover, Hwangbo et al. [46] used

reinforcement learning for position control which directly maps UAV states to actu-

ator commands. Furthermore, it has been illustrated one PPO algorithm can be used

as a controller for multiple different sizes of UAVs without the need of re-training or

re-tuning and it is possible to follow a trajectory while reaching a waypoint with deep

reinforcement learning approaches [42, 47].

2.2.3 Mobile Base Manipulation

There is also research on using deep reinforcement learning for mobile manipulation.

One of the examples for this is where a hierarchical reinforcement learning architec-

ture, in which some of the sub-goals were masked to decide the phase of the agent to

reduce the energy consumption and unnecessary motion, was proposed to solve a door

opening task for the mobile manipulator [48]. In addition to this, a demonstration-

based method was proposed [49] and a PPO-based algorithm was used for a mobile

manipulator which was also tested in the real world [5], – see Figure 2.4. Also, PPO

and DDPG based algorithms were compared where the mobile manipulator first has

to avoid an obstacle and then has to reach an object [50].
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Figure 2.4: Dual UR5 arm Husky robot for picking operation [5].

2.3 Summary

We observe that the literature has widely used deep reinforcement learning for con-

trolling UAVs, manipulation, and mobile-based manipulation. However, to the best of

our knowledge, there is no published work about UAMs for pick and place operation

in terms of deep reinforcement learning approaches.
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CHAPTER 3

MATHEMATICAL BACKGROUND

In this chapter, first, we briefly formalize the dynamic model of the aerial manipulator

in Section 3.1. Then, to apply deep reinforcement learning to our system we convert

it to a Markov Decision Process in Section 3.2. After that, we briefly explain the

background of the deep learning algorithms that we use in this thesis in Sections 3.3

and 3.4.

3.1 Dynamic Model of Aerial Manipulator

This section formally represents the motion of the bi-rotor aerial manipulator where

a bi-rotor is a planar version of a quad-rotor. These equations are obtained using the

Euler-Lagrange equations which are more practical for seeing the coupled dynamics

of multi-body vehicles such as an aerial manipulator [51]. In this thesis, we have

separated the equations of motions into two sets: one for the UAV and the other one

for the manipulator (see details [37] ) to see the overall dynamic coupling of the

system better. The UAV has a manipulator with a gripper, attached to it at the center

of its mass with an actuated revolute joint.

As it can be seen in Figure 3.1, (ex, ey) is the inertial frame coordinates that have the

origin point Oi and (e1, e2) is used for aerial body frame whose origin Ob is located

at CoF (Center of Mass ) of the aerial vehicle. Lastly, (eb, ea) is used for defining

the manipulator body frame coordinate system whose origin Om is also located at the

CoF of the aerial vehicle.

Figure 3.2 depicts the clockwise rotation of the aerial vehicle under the counterclock-
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Figure 3.1: Reference frames

wise rotation of the manipulator and shows the forces and moments acting on the

body. The rotational displacement shown in Figure 3.2 can be understood by the

transformation matrices Rγ ∈ R2x2, where γ is the orientation of the manipulator

with respect to the aerial vehicle, and Rθ ∈ R2x2 where θ is the attitude of the aerial

vehicle.

3.1.1 Equations of Motion

Aerial manipulator centralized equation of motion is obtained with the use of Euler-

Lagrange formulation [37]. According to them, the translation can be modeled as:

fx = (M +m)v̇x −ml cos(θ − γ)(θ̈ − γ̈) +ml sin(θ − γ)(θ̇ − γ̇)2, (3.1)
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Figure 3.2: Forces and moments acting on the system

fy = (M+m)v̇y+ml sin(θ−γ)(θ̈− γ̈)+ml cos(θ−γ)(θ̇− γ̇)2 +(M+m)g, (3.2)

where fx is the thrust in x-direction in inertial frame and fy is the thrust in y-direction

in inertial frame. On the other hand, the rotational transformations are:

uθ = (Ip+ml
2+Im)θ̈−(ml2+Im)γ̈−ml cos(θ−γ)v̇x+ml sin(θ−γ)v̇y+mgl sin(θ−γ),

(3.3)

uγ = (ml2+Im)γ̈−(ml2+Im)θ̈+ml cos(θ−γ)v̇x−ml sin(θ−γ)v̇y−mgl sin(θ−γ),

(3.4)

and from these, the decentralized equations are obtained for the aerial vehicle only as

given by Escareno et al. [37]. Translation motion for the aerial vehicle is mathemati-

cally defined as:

(M +m)η̈ = Fη + W + Fc + Ft, (3.5)
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where η represent the 2D position vector defined as ,

η =

x
y

 , (3.6)

and W is the total weight vector given as,

W =

 0

−(M +m)g

 . (3.7)

Also, Fc and Ft corresponds to the centrifugal and tangential forces respectively, that

occur due to the manipulator. They are defined as

Fc =

ml sin(θ − γ)(θ̇ − γ̇)2

ml cos(θ − γ)(θ̇ − γ̇)2

 , (3.8)

Ft =

 ml cos(θ − γ)(θ̈ − γ̈)

−ml sin(θ − γ)(θ̈ − γ̈)

 . (3.9)

Finally Fη is the control input thrust vector and is defined as

Fη = RθF b =

(fl + fr) sin θ

(fl + fr) cos θ

 . (3.10)

On the other hand, rotational motion for the aerial vehicle is defined as,

Ipθ̈ = τθ + τθt + τθw + τθη , (3.11)

where the disturbing torques created by the translational motion of the manipulator

mass τθη is defined as,

τθη = ml cos(θ − γ)v̇x −ml sin(θ − γ)v̇y, (3.12)

and the disturbance of manipulator and mass is defined as

τθw = −mgl sin(θ − γ), (3.13)

τθt = (ml2 − Im)(θ̈ − γ̈). (3.14)
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Finally, τθ is the control input defines as,

τθ = (fr − fl)d. (3.15)

In addition to the translational and rotational dynamics of the aerial vehicle, the dy-

namics of the manipulator is also given by Escareno et al. [37] as,

(Im +ml2)(θ̈ − γ̈) = τγ + τγw + τγη , (3.16)

where the disturbance of the gripped object τγw and the disturbance of the aerial

vehicle τγη are defined as

τγw = mgl sin(θ − γ), (3.17)

τγη = −ml cos(θ − γ)v̇x +ml sin(θ − γ)v̇y. (3.18)

3.2 Aerial Manipulator as a Markov Decision Process

In this section, we first provide the basics of a Markov Decision Process and then

present the aerial manipulator control problem as a finite horizon MDP (Markov De-

cision Process) since according to Sutton and Barto [52], MDP is the mathematical

foundation of a reinforcement learning solution for a given control problem.

MDPs are the mathematical skeletons of a sequential decision-making process, in

which every action not only affects its next states but also the subsequent states. So

with MDPs, some theoretical declarations can be made for the reinforcement learning

problem. In an MDP, the learning algorithm, which is also a decision-maker, is called

the agent. Everything that does not include the agent and all of the things that the

agent interacts with is called the environment. These two always interact with each

other in such a way that the agent chooses an action and the environment responds to

the agent by producing new states with the addition of some reward. The reward is a

numerical value, which is what the agent tries to maximize over the whole interaction

with the choice of actions.

An MDP can be represented with a tuple (S,A, P,R, ρ0) where S denotes the set of

all states in the process and A the set of possible action of the process. Moreover,
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MDP describes a sequence of discrete time steps t = 0, 1, 2, 3, 4, 5, ... such that the

process is at state s ∈ S and the agent takes an action a ∈ A according to this state

s at time step t. As a result of this action, one step later, the environment returns

to the agent with a numerical value called reward rt+1 ∈ R with the new state st+1.

Therefore, R represents the set of possible reward values of the process. If the MDP

has a finite horizon, which is the case in our problem, S,A and R have finite number

of elements. Then, the transition from s to st+1 when the action a has been taken and

the reward rt+1 is received, has a well-defined discrete probability distribution given

as P , which only depends on the current state and action, and is true for all states,

actions and rewards in the process:

P (st+1|st) = P (st+1|s1, s2, s3, ..., st), (3.19)

which is called the Markov Property , which states that subsequent states and rewards

only depend on the current states and actions and not before.

By following Equation 3.19, a trajectory can be generated by starting from an initial

state s0 that has a probability distribution such as:

ρ0(s) = Pr{s0 = s}, (3.20)

and the trajectory can be seen as:

s0, a0, s1, r1, a1, s2, r2, a2, s3, r3, ... (3.21)

During this trajectory, the agent, which is the decision maker, selects the actions by

following a function that is also called policy which can be given as a probability

distribution over actions given the current state:

π(a|s) = Pr{at = a|st = s}. (3.22)

With these and the dynamic model of the aerial manipulator, it is possible to represent

the system as a Markov Decision Process such that the states of the aerial manipulator

can be defined as:

st = [pbx , pby , ppx , pby , pgx , pgy , ψ, θ, γ, β, vpx , vpy , θ̇], (3.23)

and the actions of the aerial manipulator can be defined as:

[fl, fr, vjarm , vjgripper ]. (3.24)
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Since we know the dynamic model of the system, the MDP state-transitions can be re-

defined with discrete-time. In other words, the actions u that are explained in Section

3.1 in a small-time step4t are constant and the resulting state of the MDP is the state

of the aerial manipulator at that time step. Note that this formalization still satisfies

the Markov Property, since the dynamic equations of motion of the aerial manipulator

still just depend on the current state and not the previous states. In addition to this,

by using a difference equation that can be close enough to the differential solution

if a small-time step is given, Equations shown in Section 3.1 can be re-written in a

discrete-time domain instead of a continuous one [17].

With these, since the underlying dynamics are known, there is no stochasticity in the

problem so the Equation 3.19 can be re-defined in a deterministic way as:

st+1 = P (s, a). (3.25)

The definitions of the reward signal and the initial state distribution of the aerial ma-

nipulator are given in Chapter 4.

3.3 Reinforcement Learning

Reinforcement learning is a Markov Decision Process where learning occurs with the

help of the reward as the supervisory signal [52]. Reinforcement learning is a closed-

loop problem where actions were taken by the agent to influence the state which is

the input of the agent. In Reinforcement learning, the agent is not told which action

to take during the learning process and is required to learn which action to take that

yields the maximum reward by, in most simple terms, trying. The maximum return

can either be the immediate reward that the agents receive or the cumulative future

rewards, which is mostly the case. The states that the environment yields to the

agent are affected by the actions that the agent has chosen and the dynamics of the

environment in a period. So to summarize, in the reinforcement learning problem, the

agent tries to learn the best actions that will result in maximum reward by using the

interaction between itself and the environment which can be seen in Figure 3.3.

Since reinforcement learning can be formalized as a Markov Decision Process, the

agent uses a policy that takes states as input to output actions to be taken, and as a
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Figure 3.3: Overall view of the agent-environment interaction

result of this, the environment yields the new states and the reward to the agent with

the actions that the agent has taken and according to the dynamics of the environ-

ment. This describes the reinforcement learning problem in a sensible and logical

way where action and state together become a node of MDP [52].

At the start of the learning process, the agent usually has no information about how

to act according to the states its receives so it needs to explore which actions result

in a maximum reward. One of the important concepts during this exploration process

is that the action taken at a given time not only affects the current rewards but the

rewards following it which brings us to the concept called delayed reward.

The reward returned from the environment is the immediate reward whereas the re-

turn term is used for cumulative reward till the end of an episode. The aim of the

reinforcement learning is to obtain the maximum return, not the reward. Return is

defined as,

Gt = rt + rt+1 + rt+2 + rt+3 + ...+ rT =
T−t∑
k=0

rt+k, (3.26)

where T is the end time step of the episode and t is the current time step. Gt denotes

the cumulative reward obtained from the current time step till the end of the episode.

Since as we get further away from the current time step, the reward obtained gets

more unpredictable, a discounted version of the return is defined in which as we get

more and more away from the current time, the less influence the reward obtained
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affects the return:

Gt = rt + γrt+1 + γ2rt+2 + γ2rt+3 + ...+ γT−trT =
T−t∑
k=0

γkrt+k, (3.27)

where γ is called the discount factor in [0,1] interval and allows a trade-off between

the long term and short term rewards.

Another important concept in reinforcement learning is the value function, which is

the expected value of the discounted return of a state when a policy is followed, can

be defined as:

V π(s) = E[Gt|st = s, π] = E[

T−t∑
k=0

γkrt+k|st = s, π]. (3.28)

Value functions are useful to evaluate a policy since it gives the expected return of

a state when the actions are derived from the given policy. So, following this sense,

there should be an optimal value function which gives the maximum expected reward

under some policy, which is the optimal value function and it is given as:

V ∗(s) = max
π∈Π

(V π(s)), (3.29)

where Π is the set off all possible policies of the system. Just like the value function,

there is also one more function that gives the expected return which is called action-

value function. Though they yield the same result, the difference between them is

that the value function, from the start and till the end, follows the policy to choose an

action whereas, in action-value function, the first action is not taken from the policy

but given as a parameter to the function. After this, action-value function, just like in

the value function, follows the policy. The action value function can be defined as:

Qπ(s, a) = E[Gt|st = s, at = a, π] = E[
T−t∑
k=0

γkrt+k|st = s, at = a, π], (3.30)

and just like the value function, optimal action-value function can be defined as:

Q∗(s, a) = max
π∈Π

(Qπ(s, a)). (3.31)

From Equation 3.29 and Equation 3.31, it is clear that there exist a policy that yields

the optimal value function and the action-value function which is called optimal pol-

icy. The optimal policy is considered as the solution to the reinforcement learning

problem since this optimal policy yields the optimal value function and the optimal
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action-value function which means that by following this policy, the agent is bound

to get the maximum expected reward.

Also, to have a feeling about the difference between following a policy to choose

a action or not, the advantage function is used. The advantage function is just the

difference between action-value function and the value function:

Aπ(s, a) = Qπ(s, a)− V π(s). (3.32)

Last but not least, the accumulation of reward in Equation 3.30 can also be calculated

by adding a reward term at each step in a recursive way. This methodology is called

the Bellman Equation [53] and can be defined for action value-function as:

Q∗(s, a) =
∑
s′∈S

P (s
′ |s, a)(R(s, a, s

′
) + γmax

a′∈A
Q∗(s

′
, a

′
)), (3.33)

where P is the state transition defined in Equation 3.19 and R is the reward function

that gives the reward signal and depends on current action and state and the resulting

state.

There are two main different approaches in reinforcement learning, named tabular

methods and function approximation methods [52]. In tabular methods, the values

of the states are stored in a tabular way and they are updated by following the for-

mulation of the Bellman Equation. In tabular methods, every state has its equivalent

value that is being stored. One example of the tabular method is Q learning [54].

In Q learning, the action value-function is stored in a table that contains a value for

every state-action pair. During training, this table is updated for every time step,

and is proved that this method outputs the optimal action-value function eventually

[54]. Though tabular methods, in theory, converges to the optimal values, they are

more used in low-dimensional problems due to their time and memory constraints.

And this brings us to the second method which is called the function approximation

method. In the function approximation methods, instead of storing values for every

state or state-action pair, a general function like a neural network is used to store the

values that approximate the value of a given state or state-action pair. One of the best

examples of this method is the Deep reinforcement learning method which we cover

in Section 3.4.
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3.4 Deep Reinforcement Learning

The deep reinforcement learning method, as the name suggests, is the combination of

deep learning and reinforcement learning [55]. Though deep reinforcement learning

has some differences with reinforcement learning, the underlying idea still holds, i.e.

just like in reinforcement learning, the goal of deep reinforcement learning is to find

the optimal value, the action value, or the policy. The biggest difference is that deep

neural networks are used in deep reinforcement learning as a function approximator

hence the term deep in it. In other words, in deep reinforcement learning, neural

networks are used to represent the value function or the policy.

Although there are lots of methods in deep reinforcement learning, in this section the

emphasis is going to be on the methods that are used as a basis of the used methods

in this thesis. More detailed information is given in Chapter 4 for the methods used

in this thesis.

3.4.1 Value Gradient Methods

In value-gradient methods, the deep neural network is used as the function approx-

imator of the value function. So, the neural network takes the states as input and

outputs the value of that states. After that, base on the value, a policy is derived.

One example of this method is Deep Q Network (DQN) [38] which is covered in this

subsection since it can be considered as the basis of some of the algorithms that we

use in this thesis.

DQN is an off-policy deep reinforcement learning algorithm that uses a neural net-

work for the action-value function. The resulting policy is derived from the action-

value such that the action that makes the action-value function maximum is chosen.

Due to this, actions have to be a finite number, i.e., DQN does not work for the con-

tinuous action space problems and only works for discrete action space problems.

Two main improvements made DQN successful: One of them is the concept of a tar-

get network which makes the update of the neural network more stable. The idea of

the target network is that a second network from the original one is created and this

network is used during the training of the original network and at some intervals, it
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is synchronized with the original one. The other concept is the addition of replay

buffer. Due to the structure of the reinforcement learning, there is a correlation be-

tween each step which can make the update of the neural network unstable since this

does not hold the assumption of i.i.d. (independently and identically distributed). To

solve this problem, DQN created the concept of replay buffer. During training after

every step is taken, four values are stored in a buffer in a form of tuple < s, a, r, s
′
>

which are the current state, reward, taken action, and the resulting state. After this,

during training or in term of deep learning, during the update of the neural network

randomly sampled data from this replay buffer is used which enables to do batch

gradient descent for the network update. These two addition is used to increase the

stability of the algorithm which is one of the main issues for the deep reinforcement

learning [38].

The algorithm of the DQN first initializes the weights without any prior knowledge

as θ0 for the network of action-value function Q(s, a; θ0) and create a copy of this

network called the target network. After this, it starts the agent to chose an action

either from the policy or randomly till sufficient amount of data is acquired in the

replay buffer. Later at some defined intervals, the original network is updated using:

θk+1 = θk+ ∝ (Y Q
k −Q(s, a; θk))∇θkQ(s, a; θk), (3.34)

where ∝ is the learning rate and Y Q
k is the target action-values which is defined as:

Y Q
k = r + γmax

a′∈A
Q(s

′
, a

′
; θk). (3.35)

Equation 3.34 is obtained from the objective loss function stated in DQN [38] as:

LDQN(θk) = Y Q
k −Q(s, a; θk))

2. (3.36)

Finally, after some defined interval the target network is synchronized with the origi-

nal one. Figure 3.4 shows the high-level block diagram of the DQN approach. Though

there are many different variants of the explained algorithm above, since the main idea

does not change much, we do not cover them in this thesis.

3.4.2 Policy Gradient Methods

In policy gradient methods, the policy itself directly becomes the neural network that

is needed to be optimized. Since, in this thesis, policy gradient methods are used, this
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Figure 3.4: DQN block diagram

subsection gives a brief background about the policy gradient-based methods. Further

details about the used methods are covered in Chapter 5.

The initial state value can be obtained from Equation 3.28 that is bound to follow a

stochastic policy:

V π(s0) =

∫
S

ρπ(s)

∫
A

π(s, a)R(s, a)dads, (3.37)

where ρπ(s) is the distribution of states with some discount factor when following a

policy π:

ρπ(s) =
∞∑
t=0

γtPr{st = s|s0, π}. (3.38)

Assume that the neural network base policy has the parameters $. Then, gradient of

the policy [39] is :

∇$V
π$(s0) =

∫
S

ρπ$(s)

∫
A

∇$π$(s, a)Qπ$(s, a)dads, (3.39)

and by multiplying and dividing the gradient of policy with π$ we obtain:

∇$π$(s, a) = π$(s, a)
∇$π$(s, a)

π$(s, a)
= π$(s, a)∇$ log(π$(s, a)), (3.40)
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which makes the Equation 3.39 to an expectation as

∇$π$(s0) = Es∼ρπ$ ,a∼π$ [∇$ log(π$(s, a))Qπ$(s, a)]. (3.41)

Using Equation 3.41, the policy can be updated at each step. In addition to this, an

additional network that also tries to estimate the value can be used. This kind of

method where both policy and value functions are estimated is called the actor-critic

method. The actor is for the policy and is the goal to learn whereas the critic is for the

value function and used for criticizing the actor. The overall block diagram for actor-

critic architecture can be seen in Figure 3.5. As mention before the further details of

each policy gradient algorithms used in this paper are given in Chapter 5.

Collect Samples
by Running the

Policy

Evaluate Model 

Improve 
policy 

Figure 3.5: Actor-Critic architecture high level block diagram.
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CHAPTER 4

METHODS

In this chapter, we give the details of the algorithms implemented in this thesis starting

with Section 4.1 where the classical control approach is explained. In Section 4.2

learning-based approaches are given.

4.1 Classical Control Approach

4.1.1 Trajectory Generation

According to Thomas et al. [2], a system can be considered flat if a coordinate change

exists such that the states and the control input of the system can be written in terms

of the flat outputs and their derivatives. Moreover, if this change of coordinates is a

diffeomorphism, the flat outputs y and their flat space derivatives can be used for tra-

jectory planning due to the fact that there is a unique mapping from the full state space

of the system and the flat outputs of the aerial manipulator which is differentially flat

with the given flat output set [2] (for details, see [18]).

y = [x, y, β]T . (4.1)

The trajectories are are divided to piecewise polynomials as n by m order where n

is the number flat outputs variables and m is the number of polynomials. The cost

function created from the snap of the trajectory is defined as:

Ji =

∫ T

t0

∥∥∥y(4)
i (t)

∥∥∥2

dt, (4.2)
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where yi(t) denotes the ith flat output at m = t. This trajectory can be redefined in

the form of Quadratic Program (QP) [18] as:

min cTHc+ fT c (4.3)

s.t Ac ≤ b

where c is the 3nm by 1 vector of the flat outputs yi(t). QP programming can be used

to find the trajectories with Equation 4.3.

4.1.2 Conventional Controller Design

The controllers for the aerial vehicle and the manipulator are considered separately.

The controller for the aerial vehicle design is based on Ugurlu et al. [17]. The con-

troller named "conventional controller" consists of angular and positional control of

the aerial vehicle. The bodies of the aerial vehicle and the manipulator are handled

separately. For the aerial vehicle case the control inputs are left and right motor

thrust. These thrust forces fl and fr can be seen in Equation 3.5 affects the transla-

tional motion of the vehicle. The torque is also generated from the difference of these

two forces, as shown in Equation 3.15. This generated torque affects the rotational

motion of the aerial vehicle, as seen in Equation 3.11.

Desired  
Angle

Conversion

Vertical
PD

Angular PD
Horizantal 

PD

Figure 4.1: Conventional controller block diagram.

Figure 4.1 shows the block diagram for the aerial vehicle where pxdesired , vxdesired are

the desired position and velocity that are generated from the trajectory generation al-
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gorithm in x-direction of the inertial frame and pydesired , vydesired are in the y-direction

of the inertial frame. Controller takes the position and velocity input generated from

the trajectory generation algorithm defined in Section 4.1.1 and the observed posi-

tion and velocities to generate the required torque and forces for the aerial vehicle to

follow the trajectory. In Figure 4.1, f is the total force, such that:

f = fl + fr, (4.4)

and the term τ is given in Equation 3.15. From Equation 3.15 and Equation 4.4, fl

and fr can be taken as:

fl =
f

2
+

τ

2d
, (4.5)

fr =
f

2
− τ

2d
. (4.6)

Moreover, Horizontal PD and Vertical PD blocks are Proportional-Derivative (PD)

controllers that in horizontal and vertical direction respectively. They generate the

net force in their respective directions in inertial frame that can be seen in Figure 3.1.

Therefore, the desired force in x-direction of the inertial frame fdesiredx is defined as:

fdesiredx = −(Kpx(pxdesired − px) +Kdx(vxdesired − vx)), (4.7)

and the desired force in y-direction of the inertial frame fdesiredy is defined as,

fdesiredy = −(Kpy(pydesired − py) +Kdy(vydesired − vy)), (4.8)

where all Kp and Kd are controller parameters.

In addition to these blocks, the Desired Angle Conversion block is used to find the

desired angle to create these forces since the forces fl and fr are in body frame of the

aerial vehicle, angle θ is needed to convert them to the inertial frame which is given

in Equation 3.10. Therefore, mathematically, the job of this block is defined as:

θdesired = clip(atan2(fdesiredx , fdesiredy), {θmax, θmin}), (4.9)

where clip(x, range) function simply clips the desired θ angle according to the given

limits θmax and θmin.

The fourth block, Angular PD, is the proportional-Derivative controller that is used

for controlling the attitude of the aerial vehicle with the torque command τθ is defined
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as:

τθ = Kpθ(θdesiredθ) +Kdθ θ̇, (4.10)

The manipulator control on the other hand is a simple Proportional controller that

Aerial 
Vehicle 

Controller

Manipulator
Controller

Trajectory
Planner

Dynamics

Figure 4.2: Aerial Manipulator control diagram.

takes the desired β angle from the trajectory generation algorithms and outputs the

actuator command which is speed which can be seen in Figure 4.2 that shows the

overall controller diagram of the aerial manipulator.

4.2 Learning-based Approaches

Actor-critic algorithms are considered one of the most used state-of-the-art deep re-

inforcement learning algorithms. They use both the value function and the policy to

benefit from both. The actor part is composed of the policy that is required to take

the action and the critic part, which can either be a value or action-value function, is

used to evaluate the quality of the actor.

All of the proposed approaches in this thesis follow the actor-critic architecture and

they can be grouped together under two main groups: on-policy algorithms, and off-

policy algorithms. In on-policy algorithms, the policy used in training and the eval-

uation is the same. This usually means that, at the start of the training, the policy is

usually ‘soft’, which means every action has a probability to be chosen by the policy.

However, during training, the policy gradually gets closer and closer to be a deter-
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ministic optimal policy. The policy needs to be a soft one at the start of the training

due to a well-known phenomenon in reinforcement learning: the trade-off between

exploration and exploitation. The agents need to explore different actions to take

better actions but as it gets closer to the optimal policy, it needs to exploit what it

already knows. Therefore, on-policy algorithms try to solve this problem by creating

a soft policy at the start and gradually move towards a deterministic one so, on-policy

algorithms at the end, do not learn an optimal policy but a policy very close to it.

Off-policy algorithms, however, choose another approach. Off-policy algorithms use

two different policies in the algorithm, named target policy and a behavior policy.

Behavior policy is used during training to explore and is used as the policy to interact

with the environment. Target policy on the other hand is the policy that the agent

tries to learn. So, in off-policy, older policy-generated data can be used and said to

explore better than the on-policy ones due to their nature. In this study, we make a

comparison between on-policy and off-policy algorithms for the aerial manipulator

control. We use stable-baselines [56] package for the implementation of the learning

based algorithms.

4.2.1 On-policy Algorithms

The used on-policy algorithms in this thesis are Trust Region Policy Optimization

(TRPO) [14], a deterministic synchronous version of Asynchronous Advantage Actor

Critic (A3C) method [15] and Proximal Policy Optimization (PPO) [16].

4.2.1.1 Trust Region Policy Optimization

In Trust Region Policy Optimization (TRPO) method, a modified version of the nat-

ural policy gradient is used such that the update in policy is restricted with Kullback

Leibler (KL) divergence. More specifically:

max
$

Es∼ρπ$ ,a∼π$
[
π$(s, a)

π$old(s, a)
Aπ$(s, a)

]
, (4.11)

which is subject to:

E [DKL(π$old(s, .)||π$(s, .))] ≤ δ, (4.12)
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where δ is a hyper-parameter and$old is the parameter just before the update. Instead

of the restriction, the theory of TRPO proposes a penalty, with which the optimization

of solving the unconstrained problem becomes:

max
$

Es∼ρπ$ ,a∼π$
[
π$(s, a)

π$old(s, a)
Aπ$(s, a)− βDKL(π$old(s, .)||π$(s, .))

]
, (4.13)

which is the optimization problem solved by TRPO. The term β is also a hyper-

parameter.

4.2.1.2 Asynchronous Advantage Actor Critic

To solve the unstability of the gradient-based approach in deep reinforcement learn-

ing, the Asynchronous Advantage Actor-Critic algorithm uses parallel learners in-

stead of using a replay buffer [15]. The execution of multiple learning agents on

multiple instances of the environment in a parallel way not only makes the data closer

to i.i.d. since parallel agents most likely will experience different states, but also

enables the usage of CPUs (Central Processing Units) for learning instead of GPUs

(Graphics Processing Units) which provides practical benefits.

Dhariwal et al. [57] found that instead of an asynchronous one, a synchronous one

where each agent waits for the agent to move around the required amount of states

before the update reduces the noise provided by the asynchrony of the algorithm. This

method is called simply Advantage Actor-Critic (A2C) [58] which is the version of

the A3C used in this paper.

The A3C method uses neural network for both the policy function π$(s, a) and the

value function V$v(s). Moreover, the actor and the critic are updated after enough

steps have passed. The update function for the A3C algorithm is defined as:

∇$ log π$(s, a)(A$,$v(s, a)) + β∇$H(π$(s, a), (4.14)

where β is a hyper-parameter andA$,$v(s, a) is the estimation of the advantage func-

tion given as:
i−1∑
k=0

γkrt+k + γiV$v(st+i)− V$v(st), (4.15)
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where i can change for states but it is upper-bound by the required steps for the update.

The term H(πθ(s, a)) is simply entropy that is used for increasing the exploration by

making the policy less deterministic.

4.2.1.3 Proximal Policy Optimization

Proximal Policy Optimization [16] is a method based on TRPO with some modifi-

cations done on the objective function with the addition of the parallel agent usage

[15] which results in an easier to implement method that also yields better results for

a number of problems. The idea in the PPO is similar to that in TRPO such that the

output of the update of the policy should not be too far away from the policy before

the update, to increase the stability of the algorithm. To achieve this, a clipped surro-

gate objective function is defined in the PPO algorithm that is used for updating the

agents’ parameters. If probability ratio rt($) is defined as:

rt($) =
π$(s, a)

π$old(s, a)
, (4.16)

where rt($old) = 1, the clipped objective function that is different from the KL-

divergence penalty can be defined as:

Es∼ρπ$ ,a∼π$ [min(rt($)Aπ$(s, a), clip(rt($), 1− ε, 1 + ε)Aπ$(s, a))], (4.17)

where the second term clip(rt($), 1 − ε, 1 + ε) is used for clipping the probability

ratio so that the result of the update does not move away too much from the value

before the update. Note that the term ε is another hyper-parameter.

In addition to these, just like in the A3C algorithm, the PPO algorithm also uses an

entropy term in the update function to further reduce the big jumps and to increase

the exploration.

4.2.2 Off Policy Algorithms

The used off-policy algorithms in this thesis are Deep Deterministic Policy Gradient

(DDPG) [11], Twin Delayed Deep Deterministic Policy Gradient (TD3) [12], Soft

Actor-Critic (SAC) [13].
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4.2.2.1 Deep Deterministic Policy Gradient

Deep Deterministic Policy Gradient (DDPG) [11] is an actor-critic, model-free algo-

rithm that is used for continuous space problems and is based upon the deterministic

policy gradient theorem [40] and DQN [38]. DDPG uses an experience replay buffer

and a target network, which are based on DQN, in the deterministic policy gradient

actor-critic architecture to increase the stability of the algorithm.

The value function update objective is defined as:

L$v = E[LDQN($)], (4.18)

where LDQN is defined in Equation 3.35. And the update function of the actor is

defined as,

Es∼ρπ$ ,a∼π$ [∇$π$(s, a)∇aQ$v(s, a)]. (4.19)

Since DDPG is an off-policy method, a stochastic policy is used in order to get experi-

ence during training which is different from the target policy. The exploration policy

is usually achieved by directly adding noises like Gaussian or Ornstein–Uhlenbeck

noise [59] to the output of the policy.

4.2.2.2 Twin Delayed Deep Deterministic Policy Gradient

Twin Delayed Deep Deterministic Policy Gradient (TD3 ) [12] is built upon Double

Q-learning, a variant of Q-learning, and DDPG [11] to solve the problem of overes-

timation of action-value function that results in sub-optimal policy in the actor-critic

architecture. In the TD3 algorithm, a pair of independent critics are trained. This

approach is similar to Double Q learning but a clipped version of it. In TD3, the less-

biased critic estimate is upper-bounded by the other estimate that results in choosing

the minimum between the critics as the target update given as:

y1 = r + γ min
i=1,2

Q$vi
(s, π$(s, a)). (4.20)

TD3 also relies on delayed target network update and addition of noise to the target

action when computing the value of Equation 4.20. The objective function of TD3 is

the same as in the DDPG algorithm which is given in Equation 4.19 and Equation 4.18

with the difference explained in Equation 4.20 and addition of noise to the action.
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4.2.2.3 Soft Actor Critic

Just like in the TD3 algorithm, the Soft Actor-Critic [13] algorithm also relies on

the clipped version of double Q-learning but differs from TD3 in terms of policy in

that the SAC algorithm tries to optimize a stochastic policy instead of a deterministic

one. The soft actor-critic method can be considered as a combination of actor-critic

methods and maximum entropy reinforcement learning. In max entropy reinforce-

ment learning, entropy is used as a term to increase exploration and in SAC this term

is added in objects such as:

Es∼ρπ$ ,a∼π$ [Gt+ ∝ H(π$(s, a))], (4.21)

where ∝ is used for controlling the stochasticity of the optimal policy and entropy H

is defined as

H(P ) = Ex∼P [− logP (x)]. (4.22)
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CHAPTER 5

SIMULATION ENVIRONMENT AND SIMULATION DETAILS

In this chapter, details about the simulation environment, which is the environment

used for the training of the learning-based algorithms and for the optimization of

the conventional controller, are given. In Section 5.1 details about how simulation

environment is designed given an in Section 5.2, information about the environment

variables are given.

5.1 Design of the Simulation Environment

We have designed a simulation environment to simulate the aerial manipulator dy-

namics for a pick and place task. The deep learning algorithms interact with the

designed environment as seen in Figure 3.3. The simulation environment, in its most

basic explanation, at a time step t gets the action signal at as an input, simulates

the dynamics of the aerial manipulator for a small duration ∆t and outputs the next

state st+1 with the addition of the reward signal rt+1 according to the dynamics of

the system. The dynamics that enables the passage from st to st+1 under some given

action signal is explained in Chapter 3. The resulting reward signal value calculation

is explained in detail in Section 5.5.

For both the implementation of the simulation environment and the methods ex-

plained in Chapter 4, Python programming language is used. For the simulation

environment, Box2D physics engine [60] with the addition of OpenAI’s gym [61]

toolkit that enables the environment to interact with the algorithms, are used in this

thesis. Box2D physics engine is an open-source physics engine that is used for solv-

ing the differential equations of 2D rigid bodies. On the other hand, the gym toolkit
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is a very well-known deep reinforcement learning interface that is used in this field

for comparison of algorithms.

The simulation environment of this thesis is based on the environment created by

Ugurlu et al. [17] in which a point mass representation of the aerial vehicle was

created in Box2D. By using the model created by Ugurlu et al. [17], we have created

a shaped body for the aerial vehicle instead of a point mass representation of it, added

joints between the manipulator and aerial vehicle as well between the gripper and

the manipulator. In addition to these, we have added contact detection functions

according to the Box2D documentation to recognize the contact between the bodies.

Figure 5.1: An instance of Aerial manipulation for pick and place operation. The

green dot is the goal position of the box which is the blue squared shape object. The

dark red line is the Aerial manipulator and the light red lines indicate rotor thrusts.

The red cross is the aim of the left gripper end-point location and the light yellow

cross is the goal position of the aerial manipulator. The yellow line under the blue

box can be considered as ground.

The gym interface consist of four methods named init, step, reset and render. Since

the deep reinforcement learning algorithms look into the two variables in order to

get to know the state space and action space, in init method in two variables that are

named action_space and observation_space with their types given, must be created.

In our case, both of these variables had Box type which is the type for continuous

space that is explained in the documentation of the gym toolkit. Moreover, the limits
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of each space variable are also must be written in this function. The reset method

is used for initiating the environment as the name suggests. So, the initial state of

the environment is decided in this method according to the initial state distribution,

which is given in Section 5.3 for our case. The step method on the other hand can

be considered as the backbone of the interface. This method is called to take a step

on the environment based on the action it takes and the current state and produces

the next state and the reward signal with it. In addition to these, the termination

status and additional information are also provided for the algorithm too. The reward

signal function is described in detail in Section 5.5. The last method of the interface

is render which is used for rendering the environment. Though this method is not a

must, seeing the process of the environment can be help full.

The first goal of the aerial manipulation task is the stabilization of the aerial manip-

ulator, then the aerial manipulator has to reach the box object and grab it, after that

the aerial manipulator has to move the object to the given location. The task finishes

when the box reaches the goal position otherwise task will continue till the amount of

time that given for this task passes. An instance of this task can be seen in Figure 5.1.

5.2 States and Actions of the Simulation

The state space and the action space of the environment are continuous. The states

are considered to be fully observable and consist of:

st = [pbx , pby , ppx , ppy , pgx , pgy , ψ, θ, γ, β, vpx , vpy , θ̇, G], (5.1)

where G is a special state that represents whether the gripper gripped the box or not.

The terms pbx and pby are used as the positions of the box x-direction and y-direction

in inertial frame respectively. Likewise, ppx and ppy terms define the position of the

platform in inertial frame and pgx and pgx are used as the position of the left gripper

end position in inertial frame.The ψ is the orientation of the box object, θ is the

orientation of the aerial vehicle and γ is the angle between the left gripper and the

manipulator whereas ψ is the angle between the manipulator and aerial vehicle.

The actions, on the other hand, consist of,

at = [fl, fr, vjarm , vjgripper ], (5.2)
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where fl, fr correspond to left and right thrusts in terms of force, and , vjarm , vjgripper
correspond to manipulator main joint and gripper joint commands in terms of speed.

5.3 Initial State Constraints

The initial position of the aerial manipulator is a uniform distribution over a state

space within the scope of the problem. Mathematically ,

ppx ∼ U(−1, 1), (5.3)

ppy ∼ U(0.2, 1). (5.4)

The starting point of the box is fixed and defined as:

pbx = 0, (5.5)

pby = −0.25. (5.6)

5.4 Termination Criteria

There are four termination cases during the training of the learning approaches:

• First criteria: If the box reaches its destination, the episode finishes. Box

reaches the goal when it gets in a circular region of the goal position that has a

radius of 0.1.

• The second criteria is the time limit of the episodes. The given time step for

each episode is 400 which is equal to 4 seconds since the simulation runs at

100Hz. If this amount is reached, the episode is terminated.

• The third termination criteria is when the aerial manipulator moves out of the

determined task space, which 4 by 4 square space.

• The last termination condition is very similar to the third one but instead of the

aerial manipulator, this criteria looks for whether the box is out of the deter-

mined task space or not.
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5.5 Reward Shaping

In reinforcement learning, the reward is usually obtained at the end of the process,

which is called sparse reward. Reward shaping, on the other hand, is used for dividing

this sparse reward to each state to obtain more info in order to reduce the exploration

duration of the problem. In this thesis, the reward obtained at a time step, rt, is a

combination of the approaches by Ugurlu et al. [17], Li et al. [48] and Popov et al.

[4]:

rt =



(T − t)5, if goal reached

(T − t)Pc, if crash occurs

(T − t)Po, if out of border

kpg ‖egripper‖+ kpb ‖ebox‖+ kv ‖vt‖+ kθ ‖θ‖+ ka ‖at‖+ kg(G) otherwise.

(5.7)

Table 5.1: Reward function parameters

Parameters Value

Pc 0.75

Po 2.5

kpg 1.5

kpb 2

kv 0.2

kθ 0.5

ka 0.05

kg 2.5

where T represents the maximum time step given for one episode. The term egripper =

[exgripper , eygripper ]
T is defined as the distance between the gripper goal position which

can be seen in Figure 5.1 and the gripper left side position. Only one of the grippers

is considered because the action command for both of them is the same; that is, both

grippers move at the same command but in opposite directions. Box distance error,

ebox = [exbox , eybox ]
T , represents the distance between the goal of the box and the

current box position. vt denotes velocity of the aerial manipulator and is a vector
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defined as [vx, vy]
T and at is the action vector defined in Equation 5.2. The G term

comes from state space in Equation 5.1 that states if the box is gripped or not. Finally,

the P terms and k terms are the weight of these errors defined in Table 5.1. Note that

the main issue of the task at hand is moving the box to the goal position. Therefore,

positions have more importance than the other errors.
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CHAPTER 6

EXPERIMENTS AND RESULTS

In this chapter, we give details about the experiments we conducted and the result

of these experiments. In Section 6.1, implementation and optimization details of the

conventional controller and deep reinforcement learning are given. In Section 6.2 a

comparison between deep reinforcement learning algorithms is conducted. Further-

more, in Section 6.3 comparison results of the deep reinforcement learning and the

conventional controller are given. Finally, in Section 6.4 experiment results of effects

of different factors on the deep reinforcements algorithms are given.

6.1 Implementation and Optimization Details

This section gives details about the implementation of deep reinforcement learning

algorithms and the optimization of the controller approach.

6.1.1 Optimization of Classical Controller Approach

The parameters of the conventional controller that is described in Section 4.1 are

optimized with two optimization techniques described by Ugurlu [17]. the first op-

timizer, Particle Swarm Optimization (PSO) [62] is used for the global optimization

of the parameters of the controller, and for fine-tuning Nelder-Mead [63] optimiza-

tion algorithm is used. To have a fair comparison between the conventional controller

and the learning approaches, the reward function described in Equation 5.7 is used.

We have conducted the optimization process using the ten random starting positions

shown in Figure 6.1.

41



0.6 0.4 0.2 0.0 0.2 0.4 0.6
x position (m)

0.3

0.4

0.5

0.6

0.7

0.8

0.9

y 
po

sit
io

n 
(m

) 

Random Starting Points

Figure 6.1: Random Starting points for Controller Optimization

We have created a trajectory for each point using similar boundary conditions to reach

the destination in a smooth and fast way. In all trajectories other than position and ve-

locity constraints rest of the states do not have constraints and are continuous. Though

the QP generates the trajectory fast enough to be able to implement in real-time, in our

experiments, we have created the trajectories off-line using Matlab [64] QP function

to be able to re-use the same trajectory multiple times for optimization. The resulting

parameters obtained after optimization can be seen in Table 6.1.

We present one sample run of the conventional controller with trajectory generation

which is initiated from point px, py = (0.7, 0.7) and observed for 400 timesteps.

In Figure 6.2, the generated trajectory and the observed trajectory can be seen in terms

of position. The effects of ignoring the disturbances of the manipulator can be seen

when the position gets close to the box as the aerial manipulator drifts a little bit from

the generated trajectory since in this region gripping process is occurring. But even

if the disturbances are ignored, the observed positions are still close to the generated

trajectory and finish the task.

Figure 6.2 also shows the manipulator desired and observed angle. Just like in the
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Table 6.1: Optimized controller parameters

Parameter Values

Kpx 74.352

Kdx 19.014

Kpy 29.425

Kdy 33.813

Kpθ 34.386

Kdθ 4.149

Kpγ 30.301
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Figure 6.2: Desired and observed trajectory of positions (left) and manipulator arm

angle (right). Blue line represents the observed position of the aerial vehicle and the

brown line the trajectory generated by using the minimum snap trajectory algorithm.

position case the observed trajectory differs during the gripping process but still, they

are close enough to carry out the task at hand.

Velocities of the generated trajectory and the observed ones for x-direction and y-

direction are plotted in Figure 6.3. As the plots show, the pattern with the position

and the β angle also continues here but the control of velocity is a bit worse than

the position which makes sense since in the reward function cost of position error is

much bigger than the velocity.

So overall, though the disturbances are not considered during the design of the con-

troller, optimization of the parameters with the current design makes the system ro-

bust enough that the system is able to perform the pick and place operation much
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faster than the required time given for the task.
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Figure 6.3: Desired and observed trajectory of velocity in the x-direction (left) and

y-direction(right). The blue line represents the observed velocity of the aerial vehicle

and the brown line represents the trajectory generated by using the minimum snap

trajectory algorithm.

6.1.2 Deep Reinforcement Learning Approaches Implementations

For the implementation of the deep reinforcement learning algorithms, stable-baseline

[56] is used. Stable-baseline is an open-source package where most of the DRL

algorithms are implemented and integrated with the gym environment.

All of the algorithms we used in this thesis have the same 128 by 128 network archi-

tecture and the hyper-parameters are kept as the default values given by the stable-

baseline. For the algorithms PPO and A2C where the use of multi-environment is

encouraged, 4 multi-environment are used.

6.2 Analyzing Learning-based Controllers

In this part of the experiments, the learning-based algorithms are analyzed for solving

the pick and place operation for the aerial manipulator and they are compared with

each other.
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6.2.1 Analyzing On-policy Algorithms

The on-policy deep reinforcement learning algorithms TRPO, PPO, and A2C algo-

rithms are trained for nine million steps and their mean episode reward results of the

last 1000 episodes are computed and plotted in Figure 6.4. Other than the A2C, PPO

and TPRO learned very valuable policies to control the aerial manipulator for the

pick and place operation. PPO learned faster than the TRPO algorithm but no matter

how small their final mean reward difference, TRPO obtained a better overall result

than PPO. A2C, on the other hand, is worse than both in terms of both speed and

convergence.
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Figure 6.4: Mean episode reward of on-policy algorithms during training. Dark lines

represent the mean episode reward and the light regions shows the standard deviation.

The left figure of the Figure 6.5 shows the mean episode length of the three algo-

rithms during training for the last 500 episodes. The figure suggests that all methods

achieved a similar mean episode length at the end of the training, with TRPO being

the most stable. This means that the speed of all algorithms to solve the pick and

place operation is very similar and does not change that much if the initial starting

position changes.
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Figure 6.5: Mean episode length (left) and mean episode success rate (right) of on-

policy algorithms during training. Dark lines represent the mean episode reward and

the light regions show the standard deviation.

In addition to these, the right figure of Figure 6.5 shows the mean success rates of

the on-policy methods during the training of the last 500 episodes. Just like in the

mean reward case, PPO achieves high success rates faster than any other algorithm,

which agrees with the mean reward plot in Figure 6.4. Though PPO achieves a higher

success rate faster, TRPO converges to best success rates at the end of the training.

From this, we can say that again, different starting points do not affect the success

rate much. A2C on the other hand fails to converge to an acceptable success rate.

6.2.2 Analyzing Off-policy Algorithms

For off-policy algorithms DDPG, TD3, SAC, we have conducted training of 3 million

time steps and plotted the graphs for the last 1000 episode to see the results better

since all of the algorithms gave a similar result as it can be seen in Figure 6.6 that

shows the mean episode reward. In this figure, it can be observed that all of the

algorithms reach a valuable reward nearly at the same time and the SAC and TD3

algorithm converges to a very similar reward at the end. DDPG converges to a little

bit worse mean reward compared to the others.

The left figure of Figure 6.7, on the other hand, shows the mean episode length of

the off-policy algorithms. Just like in the mean episode reward case, they all reach

a similar mean episode length during training with the SAC algorithm being the best
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Figure 6.6: Mean episode reward of off-policy algorithms during training. Dark lines

represent the mean episode reward and the light regions shows the standard deviation.

and the DDPG algorithm being the worst, which is expected since SAC and TD3

build upon DDPG and try to increase its convergence and stability [12, 13].
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Figure 6.7: Mean episode length (left) and mean episode success rate (right) of off-

policy algorithms during training. Dark lines represent the mean episode reward and

the light regions shows the standard deviation.

Moreover, the right figure of the Figure 6.7 shows the mean success rates of the three

off-policy algorithms during training and again results are the same that SAC and
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TD3 achieve very similar success rates and DDPG achieves the worst and all of them

achieves a reasonable success rate nearly at the same time but with DDPG being a

little bit slower.

6.2.3 On-policy vs. Off-policy Algorithms

In this part of the experiments, we compare the performances of the best off-policy

and on-policy models. Plots in the Figure 6.8 show that the converges of TRPO

is faster than SAC and the converged value of the best on-policy method, which is

TRPO, is better than the SAC algorithm. This might be the case because of not

fine-tuning the SAC algorithm’s every hyperparameter to the task at hand since the

difference between them is not that large.
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Figure 6.8: Off-policy (SAC) and on-policy (TRPO) comparison graph that shows

the Mean episode reward (left) and mean success rates (right) . Dark lines represent

mean whereas the light regions represents the standard deviation.

Although, in terms of time duration TRPO is better, this not the case when the graphs

are presented in terms of the number of time steps which can be seen in Figure 6.9.

SAC algorithm converges to the fairy good reward with much fewer time steps com-

pared to TRPO such that if the same amount of time steps is used for training of the

TRPO algorithm, it would have not converged to a reasonable amount of mean reward

at all.

Moreover Table 6.2 shows how much time and sample is needed for each algorithm

for training. We can see that off-policy algorithms are much more sample efficient
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Figure 6.9: Off-policy (SAC) and on-policy (TRPO) mean reward comparison in

terms of time steps.

6.3 Learning-based vs. Conventional Control Comparison

Comparison between the best models of all of the on-policy and off-policy algorithms

and the conventional controller is tabulated in Table 6.3 in terms of success rates,

standard deviation, episode length, and one step execution speed. Note that all of the

experiments are conducted on the same computer with a CPU for a fair comparison.

For the learning-based algorithms, 10 trials with each trial containing 500 random

points are conducted to obtain the success rates, standard deviation, average episode

length, and one-step execution time average. Figure 6.11 shows one of the trials for

the on-policies and Figure 6.12 shows the off-policy results for again one of the trials.

For the conventional controller, only 10 points are used to obtain the results since we

know that from every point in a given space, it is possible to create a trajectory that

will perform the task at hand.

As expected, the conventional controller is able to perform the task from every point,

that is we can create a trajectory from every starting point and follow it with an op-

timized controller but it is slower compared to the learning algorithms. Deep rein-
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Table 6.2: Training computation results for on-policy and off-policy algorithms

Algorithms Type Total Sample (million) Total Time (seconds)

TRPO on-policy 9.0 10879.74

A3C on-policy 9.0 16042.70

PPO on-policy 8.4 33766.36

DDPG off-policy 3.0 13879.76

TD3 off-policy 3.0 20145.44

SAC off-policy 3.0 21238.81

Table 6.3: Best model results. Results for reinforcement learning algorithm are ob-

tained by running 10 trial that each contain 500 random starting point

Algorithms Type Mean Success Rate (%) Episode Length One-Step Execution Duration (milliseconds)

TRPO on-policy 95.91 ± 0.47 98.06 ± 5.92 1.049

A3C on-policy 75.35 ± 0.84 120.12 ± 18.15 1.023

PPO on-policy 86.14 ± 0.76 106.48 ± 9.63 1.050

DDPG off-policy 84.80 ± 0.98 143.07 ± 14.67 0.752

TD3 off-policy 98.70 ± 0.25 141.05 ± 19.36 0.696

SAC off-policy 92.50 ± 0.68 113.38 ± 10.53 0.723

Classical Controller conventional 100.00 ± 0.00 163.00 ± 0.00 0.200

forcement learning performs better in the starting positions they are trained at but

sometimes fails in the unknown region. Note that, creating a trajectory costs 11.352

milliseconds which is not tabulated since we have created the trajectories offline.

6.4 Analyzing the Effects of Different Factors

In this section effects of adding DoF to the aerial manipulator, increasing and ran-

domizing the goal position, and adding instructive to the training are examined for

the deep learning algorithms.

6.4.1 Effects of Goal and Start Position on the Learning-based Approaches

We have conducted this experiment to see the effects of the box position goal on the

learning process. In order to have a random destination position for the box, we had
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to change the state space of the simulation environment where 2 new states are added.

One of them being the destination position in x direction pdesx and the other one being

the destination position in the y-direction pdesy , both of which are in inertial frame.

So mathematically the state space became:

st = [pbx , pby , ppx , pby , pgx , pgy , pdesx , pdesy , ψ, θ, γ, β, vpx , vpy , θ̇, G]. (6.1)

For the first experiment, the random region of the end goal is defined as:

pdesx ∼ U(−0.1, 0.1), (6.2)

pdesy = −0.25, (6.3)

which is defined as small random destination goal in Figure 6.10 and the second

experiment is defined as:

pdesx ∼ U(−0.3, 0.3), (6.4)

pdesy ∼ U(−0.3, 0.3), (6.5)

which is defined as the big random destination goal in Figure 6.10. Note that for

the big random goal experiment to achieve the same results as the other ones, the

architecture had to be doubled. Without this change, there was no convergence so we

can safely say that randomizing the goal destination and increasing the region of the

goal increases the problem complexity.

Moreover, the effects of starting position on off-policy and on-policy algorithms are

also examined. we have selected the best models that result in the best reward and

success rate and tried them on 500 different starting points to see the effects of the

starting positions which can be seen in Figure 6.11. From these plots, it can be seen

that there is no obvious bias toward any region for success or fail and TRPO achieves

the best success rate. The details of the success rates of the best models that achieve

the best rewards for 100 random episodes are given in Section 6.3.

And just like for the on policy algorithms, best models for the off policies are taken

and tried on 500 starting points to see the effects of the starting point which can be

seen in Figure 6.12 and the same as the on policy case there seem to be no obvious

cause of bias.
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Figure 6.10: Comparison of mean reward of the SAC algorithm for different destina-

tion positions of the box.

6.4.2 Effects of DoF on the Learning-based Approaches

In addition to the comparison of algorithms for the task at hand, we have also con-

ducted experiments to see the effects of increasing the Dof of the manipulator on the

learning algorithms. For these tests, the SAC algorithm is chosen since its conver-

gence to a reasonable reward is faster than the other algorithms and it is much more

stable than the other algorithms.

We have created two additional manipulators where the first one can only move the

grippers and the second one has one more joint at the center of the mass of the ma-

nipulator to have more freedom in movement. For this new 2-Dof and 4-Dof manip-

ulator, one less and one more action of joint speed command is subtracted and added

respectively. So, for the 2-Dof case, the action space is:

at = [fl, fr, vjgripper ], (6.6)

whereas, for the 4-Dof manipulator, the action space is :

at = [fl, fr, vjarm , vjarm2
, vjgripper ], (6.7)
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(a) (b)

(c)

Figure 6.11: Point Distribution of the best models obtained from the algorithms (a)

A2C, (b) TRPO, (c) PPO. Blue dots represents the successful starting points and the

red dots represents the failed starting points.

where vjarm2
is the additional revolute joint speed command. In all aerial manipula-

tors, the network architecture is kept the same for a fair comparison.

The mean episode reward during training can be seen in the left figure of the Figure

6.13 and since the action space is decreased as expected the convergence of the 2-DoF

is faster but from the right figure of the Figure 6.13, it can be seen that although all

of the manipulators achieve a similar episode length, 3-DoF manipulator achieves the

fastest mean episodes. So, although the problem becomes easier as we decrease the

complexity, the task becomes harder (slower to solve) due to having less freedom to

move.
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(a) (b)

(c)

Figure 6.12: Point Distribution of the best models obtained from the algorithms (a)

DDPG, (b) TD3, (c) SAC. Blue dots represents the successful starting points and the

red dots represents the failed starting points.

6.4.3 Effects of Instructive State on the Learning-based Approaches

Last but not least, we show the benefit of adding an informative state to the training

of the learning approaches in this experiment. The informative state for the aerial

manipulator pick and place operation is that the aerial manipulator starts with the box

already gripped to reduce the exploration process. In this experiment the informative

state occurs with a probability of 0.1 for each episode and for the rest the training pro-

cess starts normally. As can be seen in Figure 6.14 adding information state enables

the algorithm to converge faster with less exploration.
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Figure 6.13: Comparison of mean reward (left) and mean length (right) of the SAC

algorithm for different degree of freedom manipulators.
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Figure 6.14: Comparison of mean reward of the SAC algorithm for adding informa-

tive state to the training.
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CHAPTER 7

CONCLUSION

In this thesis, the control of a simplified 2D aerial manipulator for a pick and place

operation is considered. Two types of controller designs were examined. The first

controller considered is the classical controller, which is a cascaded approach similar

to the quad-rotor controllers. This controller obtains position, velocity and angle

commands from a trajectory generation algorithm, called minimum snap trajectory,

and creates the required forces and torque to follow this trajectory. The second set

of controllers are learning-based approaches to solve the control problem in an end-

to-end fashion. For the learning approaches, the state=of=the=art methods, namely

TRPO, A2C, PPO, DDPG, TD3, SAC, were examined. These methods are trained to

learn a non-linear controller with a trial & error fashion where the algorithms explore

the possible action to take in a state and then exploit what they learned to obtain the

maximum return from the environment.

In the classical approach, minimum snap trajectories are generated offline with a QP

solver, in order to use the same trajectories multiple times, and fed into the conven-

tional controller that is in control of position and attitude. For the optimization of the

control parameters, two optimization algorithms are used, namely, PSO and Nelder-

Mead. PSO is used for global tuning whereas Nelder-Mead is used for fine-tuning the

controller parameters. For the cost function of both of these optimization methods,

the reward function of the learning approaches is used for a fair comparison between

the classical approach and learning approaches.

In deep reinforcement learning approaches, a simulation environment is used for

training the agents. Just with a reward signal feedback from the environment, all

algorithms learned how to perform the pick and place operation of an object with an
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aerial manipulator with a non-linear neural network controller architecture. The net-

work maps the states of the environment to the required actions to perform the task at

hand.

Our experiments show that with deep reinforcement learning, it is possible to perform

pick and place operations with aerial manipulators. In addition to this, in regions

where learning approaches finish the task successfully, they outperform the conven-

tional controller approach in terms of speed.

Though only a somewhat simple reward function is required for the training of the

deep reinforcement learning approaches and they give valuable results in local mini-

mum over parameters of policy they use, the action outputs of these algorithms differ

greatly if there is a small change in state and sometimes even completely fail in some

cases. Moreover, the stability of these algorithms is a bit complicated. This not the

case for the classical controller case though. In the classical controller approach, the

stability of the controller is mathematically proven and the controller for the given

task does not fail if there is a small change in state. However, the classical controller

requires robot dynamics to be known and this can make the controller design and

implementation harder and some assumptions made to ease the design may make the

solution sub-optimal which is not the case for the learning approaches.

We also analyzed the effects of several crucial factors on the controllers. For exam-

ple, the effects of increasing the degrees of freedom of the manipulator on learning

approaches. Though decreasing the degree of freedom results in faster convergence,

the overall task becomes harder to complete and the agent requires more time to com-

plete the task. Adding more degrees of freedom, on the other hand, makes the training

harder which requires more work that may not also be beneficial for the task at hand.

In addition to this, the effects of randomizing the goal position are also considered for

the learning approaches It is shown that increasing the goal region, increases the com-

plexity which can make the problem unsolvable with the given solution. Finally, we

have also shown that changing the initial state to a more informative state like starting

the aerial manipulator with the box already gripped, increases the convergence rate

for the learning approaches.

Though this thesis can be considered as a starting point for solving the pick and place
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operation with deep reinforcement learning since the simulation environment is in 2D,

it is not possible to show the results in the real world. Since the learning algorithms

are fairly small, it is possible to use them in the real world though. In addition to this,

as we discussed, as the region of the training increase for the learning algorithms, the

complexity of the problem increases such that it becomes unsolvable. To solve this,

methods like HRL (Hierarchical Reinforcement Learning ) can be used to divide the

problem into parts.
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