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Abstract

In recent years, satellites are launched almost on a daily basis and most of them are to
be operated in Non-Geostationary Orbit (NGSO). The number of user terminals com-
municating with satellites is rapidly increasing. The interference has become a serious
issue due to the crowded communication environment and the increased popular-
ity of NGSO. Utilization of NGSO adds more complexity for operating user terminals
since it requires tracking the satellite which is not static from the terminals’ points
of view. Also, the risk of interference has escalated due to the greater demand for
Satellite-communication-On-The-Move (SOTM), which involves the need to keep ter-
minals constantly pointing toward the target satellite while they are installed on a mov-
ing object. To ensure a safe communication environment, the terminal antenna must
be verified based on set requirements. However, the test process at conventional test
facilities is inefficient and does not have a solution to test antennas in the new com-
munication scenarios. Therefore, this thesis aims to develop in-situ Unmanned Aerial
Vehicle (UAV) -based measurement applications that are autonomously guided to en-
hance the efficiency of the measurement and to propose novel measurement methods
to verify the antennas operated in new environments. Utilizing UAVs and performing
measurements onsite is challenging due to the additional error sources and uncertain-
ties in measurements and sensor positioning. In this work, a new deep-reinforcement
learning algorithm is developed which can adapt to the dynamic environment un-
der the presence of disturbances. Using this algorithm, the applications to verify the
boresight angle offset of terminal antennas and to evaluate SOTM terminal antennas
are proposed. The proposed applications are tested based on the numerical simula-
tions and the results showed that the developed applications improved the efficiency
of measurements and satisfied the required measurement accuracy. The thesis investi-
gates novel measurement approaches for a new generation of satellite communication
aiming to respond to the measurement demands that currently have no solution.
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Chapter 1

Introduction

1.1 Background and Motivation

In recent years, satellites are launched on a daily basis all over the world. According
to a survey [1], the number of launched satellites in 2020 was around 1000 whereas it
was less than 100 in 2015. It is also estimated that this trend would continue for the
next decade in [1]. Ka-band communication using Low-Earth-Orbit (LEO) will be the
dominating frequency for satellite communication and orbit for the coming years with
the key phrase of "anywhere, anytime" available broadband connectivity.

Aerospace
Fixed user
Fixed earth station A|

=

Ground vehicle Handheld
Broadcast

Terrestrial g ' -
network - \aritime

Ground station User terminal
» Fixed terminal
» Mobile terminal (NGSO, SOTM)
» VSAT
> Electronically steerable antenna

Figure 1.1: Satellite communication serves and classification

Fig. shows the overview of satellite communication applications and the user ter-
minal’s description. The satellites are communicated via Inter-Satellite Link (ISL) and
relay the data. The earth stations are usually equipped with large 15 — 30 m diame-
ter antennas and connected to a terrestrial network. It is normally owned by the ter-
restrial network operator. In the broadcasting network, typically TV channel contents
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are distributed via one-directional communication to the end-users having receiving
systems referred to as television receive-only. The end-users can also be categorized
as mobile users and fixed users. Normally these communications are bi-directional
where the terminals receive and transmit. "User terminal" is a terminology to describe
the communication terminals owned by end-users while "ground station" represents
the system owned and operated by satellite operators or service providers. In other
words, ground stations belong to the infrastructure of the communication network,
like cell towers. There are two types of user terminals: fixed terminals and mobile
terminals. The antenna beam of the fixed terminal does not move actively and is in-
tended to be used for communication with Geostationary orbit (GEO) satellites. The
mobile terminals actively steer the beam either mechanically or electronically to keep
the communication. Communication with Non-Geostationary Satellite Orbit (NGSO)
is also included in this category. With the transition from GEO to NGSO, all antennas
will be required to track moving target satellites and perform handover. As such, the
chances for the antennas to mispoint and the risk of generating interference will be
significantly increased. Satellite-communication-On-The Move (SOTM) refers to the
application when the terminal is mounted on a moving vehicle, which is a ship, a train,
a vehicle, or an airplane [2], and is required to compensate for the motion generated
from the vehicle by steering the beam. The source detection of interference generated
from SOTM is quite difficult since it randomly and intermittently appears and hence,
a thorough examination of the antenna is important to mitigate the interference issue
[2]. The antennas for mobile terminals may be mainly classified as either Very-Small-
Aperture Terminal (VSAT) or Electronically Steerable Antennas (ESAs). VSAT antennas
are parabolic antennas with a dish-shaped reflector, and they mechanically steer the
beam by controlling the orientation of the dish using a servomotor. In contrast, ESAs
or Flat Panel Antennas (FPAs) such as phased array antennas do not require reflec-
tors. There were 5 million of commercial user terminals in 2020 and they are estimated
to reach more than 10 million in 2030 supported by an accelerated launch in NGSO
and FPA technology developments [1]. According to [1], the market of FPA terminals
is growing rapidly and will represent the bulk of mobile terminals over time after their
initial implementation period. The acceleration of technology has been driven by the
enrollment of private companies, e.g., SpaceX, OneWeb, and Amazon, in the satellite
communication business. As the number of businesses serving end-users has mas-
sively increased at a reduced cost per bit, businesses require cost-effective communi-
cations, which are enhanced by the effective management of the quality and quantity
of data communicated within budgetary constraints to be sustainable.

As understood from the general link analysis [3], antenna performance and signal noise
determine the quality and quantity of communicated data in satellite communication.
Hence it is critical to evaluate the antenna performance numerically and ensure that it
does not create unwanted interference which increases the noise present within com-
munications. Therefore, each satellite operators and authorities have requirements for
antennas and it is required that all of the antennas should satisfy the requirements be-
fore it is operated. Global VSAT Forum (GVF) and a group of leading satellite operators
such as Eutelsat, Intelsat, and SES produced guidelines regarding the satellite oper-
ators’ expectations which is referred to as Satellite Operator Minimum Performance
Specifications (SOMAP), and how to demonstrate compliance [4]. For example, a list
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of the requirements for Ka-band in SOMAP type approval can be found in [5]. Let us
review some of the listed requirements.

One of the common requirements, regardless of whether the Antenna Under Test (AUT)
is SOTM, is "Antenna sidelobe characteristics". The sidelobe mask mostly defined by
29-25log0 is applied and the sidelobes of the AUT should be under the mask to ensure
that the AUT does not interfere with the adjacent communication.

Another example from the list is "X-pol isolation" which is also known as cross-polar
discrimination (XPD). XPD is the magnitude of the relative power of the cross-polarized
pattern with respect to the co-polarized pattern at the boresight angle. XPD measures
how well the AUT can reject the orthogonally polarized signal. This is an important
characteristic when the terminal expects a duplex link and needs to isolate the signals
between the transmit and receive channels as both of the channels are operated on the
same antenna. Since the accuracy of XPD measurement is quite sensitive to the posi-
tion and polarization angle of the measurement system, it is important to localize the
boresight angle accurately.

There are also special requirements for particularly SOTM terminals, these require-
ments are summarised as follows:

* Pointing error (depointing) is kept below +0.5° in any azimuth and elevation an-
gle.

* Cessation of emission occurs within 100 milliseconds if depointing exceeds +0.5°.
* Transmission resumes when depointing is below +0.2°.

Note that the AUT is evaluated with respect to the above requirement when it is in
"auto-tracking mode" on the move. By using its algorithm, the AUT generates its mo-
tion to track the satellite. The measurement system developed in this thesis provides
evaluations with respect to these criteria and an indication of the failure of the track-
ing accuracy of the AUT rather than providing the tracking or estimation function of
the AUT since these methods vary depending on the AUT. In the case of the evaluation
of pointing accuracy, the measurement system is required to estimate the boresight
directions. There are two approaches to measuring depointing: (a) Mechanical mea-
surement with respect to a mechanical coordinate system of AUT using the angle mea-
surement provided by the Antenna Control Unit (ACU) [6], (b) Electrical measurement
with respect to a boresight coordinate system using the correlation between radiation
pattern [7]. The electrical measurement might be more trustworthy since there are no
concerns of misalignment between the mechanical and electrical coordinate systems,
although the mechanical measurement can be verified once the radiation pattern is
obtained. However, these methods might not be feasible for ESAs (e.g., phased array
antenna) since their radiation patterns vary depending on the steering angle and col-
lecting all possible radiation patterns is not practically possible.

The test and measurement industry provides solutions to evaluate communication
systems. To perform the aforementioned measurements, the measurement equip-
ment needs to collect the information around the antenna by either placing the sen-
sors around the AUT or mounting the AUT on the turn table. Antenna measurement
is typically performed in the range called "far-field" which is approximated by 2D?/ A
where D is the aperture diameter and A is the wavelength of the operational frequency.

3
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For example, the far-field starts from 134 m for a VSAT antenna with operation fre-
quency 14 GHz and aperture size 1.2 m. In this range, the electromagnetic wave is well
constructed. Another solution is called near-field measurement which requires higher
accuracy in sensor positioning and a mathematical calculation called Near-Field Far-
Field Transformation (NFFFT).

Traditionally, antenna measurements used to be performed in a special facility. The
facility used for antenna measurements can be put into three categories:

¢ Outdoor far-field range: Typically it offers 100 m to 2 kilometers range

* Compact range: Using single or dual reflectors, the facility creates far-field con-
ditions

* Near-field scanners: Using NFFFT method, the facility is compact.

However, there are considerable drawbacks to this method. Since it requires assem-
bling/reassembling and transporting the AUT, the process is logistically heavy and slow.
The AUT and the bulky facility have to be set up one by one, the evaluation process
is also time-consuming and the measurement scenario cannot be easily extended to
the one considering NGSO or FPA communication. Also, using conventional facilities
could be a costly solution as it requires human resources and their time, and a large fa-
cility with a spacious area to perform far-field measurements. In addition, the number
of facilities is limited. For instance, currently, seven facilities are used for VSAT type ap-
proval in Europe and the US under the approval of Eutelsat, which is one of the world’s
leading satellite operators [6]. Unmanned Aerial Vehicle (UAV)-based measurement
has several benefits which might solve the limitation of the measurement at conven-
tional facilities. The UAV-based measurement system is portable and hence, it makes
in-situ measurements possible in the operational environment of the AUT. Also, the
test scenario and configuration can be flexibly and easily designed. The satellite in-
dustry and technology are undergoing a major transformation, however, current test
facilities are not designed to meet the needs of changing satellite industry while UAV-
based measurement might be able to adapt easily and promptly to the requirements
that emerged from this transition. Given these benefits, airborne measurements were
initially investigated using a helicopter [8} 9, 10], a balloon [11], and a UAV with fixed-
wing [12], yet they did not spread as a common solution due to the operational cost
and inaccuracy of positioning. In recent years, the improvement and accessibility of
UAVs have led to renewed interest in airborne measurement specifically by utilizing
UAVs, more specifically drones.

UAV-based measurement using drones, not limited to satellite communication anten-
nas, was developed with a focus on demonstrating feasibility. This was done by pre-
senting experimental results and analyses on radiation pattern measurement in the
early stages [13} 14} (15, 16]. The development showed promising performance and
nowadays, antenna measurement conferences (e.g., European Conference on Anten-
nas and Propagation and Antenna Measurement Techniques Association) host UAV-
based measurement sessions. From the literature, the current main research directions
could be put into three categories as follows:

* Solving / Investigating drone and in-situ measurement issues
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* Development of NFFFT method for UAV measurement
 Utilizing UAV measurement for development of new technology

The first research direction is to evaluate and solve the newly emerging issues. The in-
situ UAV measurement has introduced new error sources and uncertainties in contrast
to the measurement in conventional methods using anechoic chambers where reflec-
tions disappear or using facilities fixed to the ground in a known test environment. In
[17], it was identified that the largest uncertainty was generated from the environmen-
tal reflections while reflections disappear if measurement is performed in anechoic
chambers, and a method to obtain the reflective characteristic of the environment on
a pre-planned simple flight path was developed [18]. Also, a different measurement
equipment (network analyzer) was tested to eliminate the effect of unwanted reflec-
tions [19]. As pointed out in [20], electromagnetic compatibility and interference from
UAV components are another concern. The majority of propellers of the drones are
made of carbon fiber which is conductive. The impact of interference was investigated
by comparing it with another material in [21]. The localization and positioning error
of UAVs and the ripple of the platform contribute to the measurement accuracy. The
accuracy RTK positioning system was verified in [22] and a new design of the Radio
Frequency (RF) payload was proposed [23]. To cope with the positioning uncertainty
of the UAVs, the method to calculate the time duration for the UAV to hover in one spot
in order to perform accurate gain measurement was developed in [24].

Another key topic is the development of NFFFT for UAV measurement. Conventionally,
NFFFT requires phase data of the signal and theoretically 0.51 sampling density [25],
which is approximately 10 cm for the frequency of 14 GHz. Near-field measurement
using UAV was introduced in [26] and it has gathered a lot of research interest since
it does not require the UAV to fly at far distances and the required setup in the con-
ventional method could be quite heavy. However, reaching the required localization
accuracy and reconstructing accurate radiation patterns via NFFFT without having a
complicated measurement setup like in [27] is challenging. Many approaches by mod-
ifying the mathematical operation and designing the sample points for NFFFT have
been proposed [28, 29, 30,31, 132].

Another topic is utilizing UAV measurement for new developments which shows the
significance and potential of UAV measurements. This topic includes verification as
array radio telescopes [33} 34} 35] which used to be done by astronomical calibration.
A new design for beamforming was verified by using the UAV measurement system
(36} 137]. The quality of service of the 5G network was analyzed in an urban environ-
ment at different heights in [38] and three-dimensional latency measurement for the
5G network was investigated in [39].

The developments are promising and improving UAV-based measurement technology.
However, the current direction of the development is not focused on making the sys-
tem autonomous and intelligent.

On the other hand, the popular UAV applications in the literature outside of the an-
tenna measurement community are Search and Rescue (SAR), geographical Simulta-
neous Localization And Mapping (SLAM), remote sensing, construction and inspec-
tion, precision agriculture, delivery of goods, real-time monitoring of road traffic, surveil-
lance applications of UAVs, and providing Wireless Coverage [40, 41]. Typical sensor
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payloads are video camera, radar, LiDAR, and sonar. The applications with RF pay-
loads are either extending network coverage [42] or Radio Frequency Interference (RFI)
(43} 144} 145]. Approximately 45% of the UAV market is occupied by construction and in-
spection which mainly monitors construction projects and inspects power lines and
gas pipelines. The predicted value of UAV solutions in telecommunication was $6.3
billion which was the second lowest in 8 categories [46]. The UAV-based antenna mea-
surement has very little recognition currently although there are huge potential bene-
fits and demands in the satellite industry and there might be a lot to contribute from
outside of the electrical engineering field.

Therefore, this thesis is motivated to develop autonomous and hence efficient mea-
surement applications for UAV-based satellite communication terminal antenna eval-
uation. This is approached from the perspective of Guidance, Navigation, and Control
(GNCQ) in the aerospace field, and it proposes new measurement methods that reflect
the undergoing transition in the satellite industry.

1.2 Research Purpose

1.2.1 Aim

Although the UAV-based measurement might solve the issues of conventional meth-
ods as explained in Section[I.1} it introduces new challenges to the antenna evaluation
due to the nature and operational and legal limitations of UAVs e.g., flight time restric-
tions, a limited number of sensor numbers, and positioning errors and uncertainties
of the sensors. The antenna measurement used to be led by electrical engineers and
researchers who might not be familiar with these problems, whereas these are com-
mon considerations in UAV applications. However, antenna evaluation is still a minor
topic in the field of aerospace engineering. Given the promising benefits of UAV-based
measurements, this existing gap should be bridged. Doing so would allow for further
development, drawing from knowledge in both domains to realize more efficient and
trustworthy antenna evaluations. Also, test and measurement industry should respond
to the technical and industrial transition of the satellite industry. The possibility of
UAV-based measurement should be explored from this point of view. Hence, the aim
of the research is:

To extend knowledge and develop applications of autonomous UAV-based measurement
system for satellite terminal antenna evaluation.

1.2.2 Hypothesis

It is critical that the antenna evaluation system can deliver accurate and robust results.
The data to generate the test result is based on the measured data on the UAV’s tra-
jectory. Therefore, the development is focused on guiding the UAV to accomplish the
desired evaluations. The measurement and the UAV positioning are always affected
by noise. The measurement model is often not available when the radiation pattern
of the AUT is unknown. Also, the data which can be sampled simultaneously at dif-
ferent points are sparse due to the limited number of sensors (UAVs). In this circum-
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stance, it is not practical or sometimes impossible to utilize an external estimator to
reveal the state of the AUT. For example, the radiation pattern of phased array anten-
nas varies depending on direction of the steered beam. There is no existing solution to
verify the sidelobe characteristics of phased array antennas based on measurements
and the evaluation currently relies on antenna simulators. The decision-making prob-
lem where we have no access to the true state of the system can be classified as Partially
Observable Markov Decision Process (POMDP).

Responding to these challenges, we define the following research hypothesis to be
tested:

Accurate and robust UAV antenna evaluation applications can be designed by utilizing
an algorithm which performs in a POMDP environment under the presence of distur-
bances without the specific knowledge of models of AUT.

1.2.3 Obijectives

Based on the hypothesis, the following three objectives are specified as follows:

1. Develop a deep-RL algorithm with improved robustness of optimality which can
dynamically adapt to the POMDP environment under the presence of non-static
disturbance and which provides an end-to-end solution.

2. Develop a boresight angle localization application using the developed RL algo-
rithm.

3. Develop a depointing measurement application for SOTM phased array antenna
using the developed RL algorithm.

Objective 1 The algorithm in the hypothesis is identified as deep-RL algorithm since
it does not require external models of the environment, instead it requires data from
simulation or real-world to train the internal model and the trained agent provides in-
stantaneous decision making which is beneficial for antenna evaluation in real-time.
Signal propagation models have been extensively studied and high-fidelity models are
available although the development of the thesis considered the basic model and uti-
lizing the high-fidelity models is out of the scope of this thesis. The disturbance in
observation would be non-static and the antenna pattern varies during the measure-
ment in the case of phased array antenna. Thus, the agent is required to adapt to this
dynamic environment. The robustness of optimality is measured as the achieved total
reward and the developed algorithm is evaluated based on this value in non-static en-
vironments. In the standard POMDP framework, the algorithm comprises an estima-
tor and policy. However, this standard framework is not available since the estimator
is not available or unreliable in the targeted applications. Therefore, the algorithm is
developed to provide an end-to-end solution without using an external estimator.

Objective 2 Boresight angle localization contains the scenario where the developed
RL algorithm is effectively applied and could make a great impact on the antenna mea-
surement procedure. A single UAV with RF payload is guided to the static boresight
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angle without specific prior knowledge of the radiation pattern of AUTs. The applica-
tion must be robust and efficient and it should be applicable for the entire range of
terminal antennas without being limited by the configuration of the evaluation. The
implementation of RL algorithm should be devised to satisfy this requirement. The
primary requirement regarding localization accuracy is aimed to be 0.05° which is an
order of magnitude more than the performance requirement of AUT at 0.5° in [47].

Objective 3 Depointing measurement is a specific requirement for SOTM applica-
tion to evaluate if AUT can keep tracking the target directions when it is on the move.
The radiation patterns of phased array antennas vary depending on the beam steer-
ing angle and it is infeasible to collect all possible radiation patterns to verify pointing
accuracy. Thus, there is no currently existing solution for phased array antenna de-
pointing measurement. Application of depointing measurement for phased array an-
tenna is developed by utilizing multiple UAVs guided by the developed RL algorithm in
the environment where the radiation pattern and the boresight angle are dynamically
changing during the measurement. The targeted measurement accuracy is 0.05° and
the minimum number of the UAVs to satisfy the requirement should be addressed.

1.3 Contributions

To accomplish the stated aim and objectives, each chapter is structured as follows.
Fig. illustrates the connection between each chapter and objective and contrasts
the application with respect to objective 2 and objective 3. The objective 1 is devel-
oped in Chapter 2|and the hypothesis is proven in Chapter [3]and Chapter[4 The ap-
plications of boresight angle localization (Objective 2) and depointing measurement
for SOTM phased array (Objective 3) are developed in Chapter[3]and Chapter[4respec-
tively. The application of Objective 2 and Objective 3 could be seen as alike since both
measure the boresight angle. However, there are conditions that are fundamentally
different, and hence they require different development. Boresight angle localization
application considers the scenario where the boresight and antenna pattern are fixed
during the measurement. However, there is no available knowledge about the antenna
pattern specific to the AUT, and without having this knowledge, the expected range of
signal strength to be received during the measurement cannot be defined. Hence, the
application should be flexible for any test configuration. In contrast, the depointing
measurement application is performed as a time series estimation. The initial bore-
sight angle is assumed known, yet the direction of the boresight and the radiation pat-
tern dynamically changes during the measurement. The detailed contribution of each
chapter is summarized as follows:

Contribution of Chapter[2

One of the Deep RL algorithms, Twin Delayed Deep Deterministic Policy Gradient
(TD3) algorithm, is extended to solve POMDP under the presence of various non-static
disturbances. Implementing an enhanced Recurrent Neural Network (RNN) is a re-
cent popular approach to make the agent perform in POMDP environment. However,
most of the implementation utilizes only past sequential observations but not action
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Figure 1.2: Visualization of the connection between the chapters

sequences. Itis hypothesized that incorporating the past action sequence will enhance
the robustness of optimality. This hypothesis is analyzed based on the causality of ob-
servation and action, by breaking down the disturbance characteristics into two cat-
egories. It is further analyzed based on the update of the belief state, as found in the
standard POMDP framework. The hypothesis is tested by using an existing algorithm
that has the RNN in TD3. Secondly, a structure that processes sequential information
in a logical flow from the perspective of Bayesian inference is proposed, modifying the
existing algorithm based on the initial analysis. Numerical simulations showed an im-
provement in the robustness of optimality when introducing this new structure. How-
ever, when sequential data is repeatedly processed in each network, the training can
take a considerable amount of time. To mitigate this issue, another structure, which
shares the hidden states of the enhanced RNN, is proposed. The results showed that
the proposed method could significantly decrease the training time, although the ro-
bustness of optimality was not the best compared to other algorithms.

Contribution of Chapter 3|

The application for localizing boresight angle is proposed by decomposing the strat-
egy into two parts. The first part is to guide the UAV to the boresight angle by using the
developed RL algorithm in Chapter [2|and the second part is estimating the boresight
angle by utilizing Gaussian Process regression from the sampled data on the trajec-
tory. The application is trained by targeting VSAT terminals. The range of beamwidth
for VSAT terminal antennas and realistic positioning noise are analyzed based on lit-
erature and data provided by the sponsoring company, QuadSAT. A large variety of
beamwidths exist in the VSAT category and the range of the measured signal strength
and signal-to-noise ratio are not fixed. The RL elements are carefully defined to prevent
the creation of a massive state space, thereby enabling the agent to learn effectively.
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The application aided by the RL algorithm is trained by using the concept of meta-RL.
The proposed method is evaluated through numerical simulations based on both the-
oretically and empirically obtained radiation patterns. These evaluations demonstrate
that the method can perform robustly without being constrained by unknown envi-
ronmental factors such as beamwidth and signal strength range. By comparing with
the other algorithms, the developed algorithm showed several benefits such as no re-
quirement to adjust parameters, the robustness of the performance in accuracy, and
the efficiency of the generated trajectory. With this application, the efficiency of the
measurement process should be improved and the new framework to evaluate side-
lobe characteristics for phased array antenna is proposed in Chapter|5|

Contribution of Chapter 4

The application for depointing measurement for SOTM phased array antenna is pro-
posed. The solution is novel since the solution for this context currently does not exist
due to the dynamically changing radiation patterns depending on the steering angle.
The depointing is measured by dynamically locating the multiple UAVs to track the
boresight angle and the UAVs are guided based on the received signal strength at each
UAV by using the developed RL algorithm in Chapter[2] The proposed application does
not utilize an external estimator since the available estimation can be unreliable due
to the limited number of sensors and the state including the angular velocity of the
boresight angle of AUT is not fully observable. The developed application is evaluated
on the simulated phased array antenna in terms of the estimation accuracy, trajectory
stability, the required number of UAVs, their formation, and the robustness of the ac-
curacy under the involvement of positioning noises. The result demonstrated that it is
feasible to measure depointing by the proposed method with an estimation accuracy
that satisfies the requirement. Furthermore, the number of required UAVs is effectively
reduced to three by introducing an imaginary agent. Finally, extending the measure-
ment scenario to SOTM depointing for NSGO satellite communication is discussed in
Chapter[5

1.4 Organisation

The organization of the rest of the thesis is as follows. A deep-RL is developed which
performs in POMDP under the presence of dynamic disturbances in Chapter 2| By
implementing the developed RL an applications are designed for boresight angle lo-
calization in Chapter [3|and depointing for SOTM phased array antenna in Chapter [4
Overall discussion as a synthesis of Chapter |2/ to Chapter [4]is included in Chapter
Finally, the thesis is concluded in Chapter@
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Chapter 2

Dynamic deep-reinforcement-learning
algorithm in Partially Observed Markov
Decision Processes

Abstract

Reinforcement learning has been greatly improved in recent studies and an increased
interest in real-world implementation has emerged in recent years. In many cases, due
to the non-static disturbances, it becomes challenging for the agent to maintain its
performance. The disturbance results in the environment known as Partially Observ-
able Markov Decision Process (POMDP). Typically, POMDP is handled by introducing
an additional estimator, or Recurrent Neural Network is utilized in the context of rein-
forcement learning. Both of the cases require to process sequential information on the
trajectory. However, there are only a few studies investigating the effect of information
to consider and the network structure to handle them. This study shows the benefit of
action sequence inclusion in order to solve POMDP. Several structures and approaches
are proposed to extend one of the latest deep reinforcement learning algorithms with
LSTM networks. The developed algorithms showed enhanced robustness of controller
performance against different types of external disturbances that are added to obser-
vation.

2.1 Introduction

Machine Learning (ML) techniques are widely applied for control tasks. Data-driven
approach aided by ML algorithms could be beneficial since it does not necessarily re-
quire a system model. More specifically, recent developments in deep Reinforcement
Learning (RL) techniques have been adapted to generate near-optimal actions in the
given state of the agent in the continuous action and state space. The latest develop-
ment of deep RL has been successfully tested in many complex simulation environ-
ments from the standardized framework in Open Al gym [48].

However, it is not guaranteed that the RL algorithm showing good performance in the
simulation environment will perform as intended in the real world. Although most of
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the RL algorithms have been built upon the assumption of the Markov Decision Pro-
cess (MDP), this assumption is not valid in many real-world applications. The infor-
mation collected from the sensors does not fully describe the true and full state of the
agent due to the limited measurement, noise, and disturbances. This partially observ-
able and non-deterministic scenario is categorized as Partially Observable Markov De-
cision Process (POMDP) [49]. In the MDP condition, it is possible to map the action
based on the observation which uniquely represents the states of the system. How-
ever, in POMDP, the agent has no access to the true system state and the agent only
receives the observation which is generated from the latent state of the system [50]. In
this case, the agent is required to construct its state representation from the available
information to restore the MDP condition. This state representation can be described
in the same state space as the systems but also it can be in the encoded internal state
space.

One of the approaches to address POMDP is using sequential information which the
agent has experienced on its trajectory. By processing the sequential information, the
agent could generate the internal state representation and restore the MDP condition.
Recurrent Neural Networks (RNN) or other advanced gated RNN such as Long-Short
Time Memory (LSTM) [51] and Gated Recurrent Unit (GRU) [52] can process the se-
quential data by carrying hidden states. These networks are implemented RL and they
have shown improved performances in various POMDP environments [53, 54} 55} 56].
However, most of the development only utilizes sequential observation and not uses
all available information. There are also other recent approaches to work on time se-
ries data in this context e.g., transformer [57, 58] and Liquid Time-constant Network
[59].

Although many algorithms have been developed to deal with POMDDP, further inves-
tigation and development are required regarding the robustness under disturbances.
Very little research has studied the effects of selection of information, length of the
utilized action/observation sequence, and network structure on the robustness. Also,
the analysis of the disturbance characteristics is lacking, even though algorithms are
tested in POMDP environments. Robustness is an important element in practical ap-
plications. Although the policy is optimized in certain conditions, the solution does
not necessarily remain optimal once the configuration of the environment varies. The
recent discussion of Sim2Real transfer is more focused on increasing the fidelity of the
simulator [60}[61] but it is not possible to model the real world perfectly [62]. Therefore
itis important to increase the robustness of the trained system.

The robust system with generalizability can keep the performance well in any condi-
tion once it is trained. In an effort to build such generalizability into the system, we
consider the robustness of optimality under the specified non-static environment in
this work. Namely, the networks are evaluated based on the achieved total reward per
episode in POMDP environment. The robust agent, in this study, should dynamically
adjust the policy in the environment with disturbances.

Firstly, the related background knowledge is briefly explained in Section[2.2] Secondly,
we discuss the importance of including action sequences in the POMDP framework
in Section Then, we evaluate one of the existing algorithms which has the LSTM
layer and discuss the effect of the sequential information component and the length of
time window to look back on different types of disturbances in Section[2.4] Section[2.5|
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proposes a new structure of the network to improve the existing algorithm. With this
structure, the sequential information is processed individually in the actor and critic
network. Also, in Section we discuss a different methodology to share the inter-
nal state representation between both networks. Finally, all developed algorithms are
compared and evaluated in Section The contribution of this work can be sum-
marised as follows:

1. We explain how the selection of information matters in solving POMDP. Past ac-
tion sequences can help to increase the robustness of optimality due to their
causality in the environment (Section2.3). The effect of information on the ro-
bustness is identified and discussed (Section [2.4).

2. The network structure to attend to the sequential data is discussed carefully in
Section By following the evolution of internal state construction, we show
that it is more reasonable to treat the past and current information as one se-
quence instead of processing them independently.

3. When LSTM cells are applied in the network, the sequential information is car-
ried by hidden states h; and cell states c;. We propose a new algorithm to train
the critic network based on the generated hidden states from the actor network
(Section[2.5). The evaluation of the proposed methodology shows the possibil-
ity to utilize them as the initial state of LSTM cells in training. This approach
makes it possible to avoid reprocessing the sequence at each network during the
training.

2.2 Preliminary

The neural network and algorithm related to this work are introduced in this section.
Further basics of RL can be found in [63].

2.2.1 Recurrent Neural Network

RNN is nowadays a widely used technique, yet it is worth briefly revisiting the concept
since later discussion and algorithm development require the detail of RNN. RNN is a
suitable learning network to deal with sequential data as input. Fig. contrasts the
difference between Feedforward Neural Networks (FNN) and RNN. Unlike FNN, RNN
carries the context of sequential observation and make predictions. On the other hand,
FNN treats every input independently from other sequentially provided inputs and it
returns outputs only depending on the current neural state [64]. For example, the text
generation application requires the prediction of the next word coming based on not
only the last word but also the previous words. RNN can predict output as a function
of the current input and the inherited hidden states that capture contextual informa-
tion from all of the previous inputs based on its trajectory. As a deep neural network
application, RNN is widely applied for cases where sequential data is involved in the
prediction (e.g. audio speech, time series prediction). In Fig. the hidden state h;_;
from the hidden layer is carried to generate output data y; at the output layer when
new input data x; enters in RNN. In case of RL, input data x; can be direct observation

14



Chapter 2. Dynamic deep-RL 2.2. Preliminary

FNN RNN
Output layer

Hidden layer - =
Input layer

Figure 2.1: FNN and RNN diagram

o; or output from the previous layer originated from o;. The original RNN suffered
from a vanishing gradient problem where the gradient becomes extremely small and
has no effect on backpropagation through time (BPTT). To address this issue, advanced
recurrent networks, such as LSTM network and GRU, with the gating network were de-
veloped. Fig.[2.2|shows the simplified schematic of LSTM cell. LSTM consists of three
gates named input gate, output gate and forget gate and inherits hidden states i, and
cell states c¢; to make an estimation for the next timestep. More specifically, the input
gate decides what information should be stored in the cell state c; based on the current
input and inherited hidden states. If the value is closer to 1, the particular information
generated from input data x, and previous hidden states /,_; has more weight to up-
date the cell state. Also, forget gate selects how much information from the previous
cell states should be forgotten or kept. If the values are closer to 0, less information
from the previous cell states c;—; is kept in the updated cell states c;. By using these
two gates, the network can selectively process the most informative (related) data in
the input sequence. The output gate finally weights the information to be taken from
the cell state as an output. GRU also has a similar gating mechanism. Due to these
gates, LSTM and GRU can effectively carry the information and have a lower chance
of facing the vanishing gradient problem. In this work, LSTM is utilized in one of the
layers of the neural networks to approach POMDP. The network is trained via BPTT,
which goes back through the entire sequence used to generate the output.

Ct—1 7y X > C¢

Figure 2.2: Simplified LSTM cell schematic
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2.2.2 Twin Delayed Deep Deterministic policy gradient algorithm

The developments in this work are based on Twin Delayed Deep Deterministic policy
gradient algorithm (TD3) [65]. The schematics of TD3 are illustrated in Fig. o1, ar,
r; and a} in the figure represent observation, action, reward and action generated by
target actor network at timestep #. Deep Deterministic Policy Gradient (DDPG) algo-
rithm [66] showed great performance with an efficient number of iterations. However,
the issue of Q-learning overestimation remained. In [65], this issue was investigated
and the extended algorithm was presented as TD3. Like in the Double Q-learning al-
gorithm [67], TD3 has a double critic network. Each critic network has a target critic
network and actor network also consists of the target network and behavior network.
Thanks to several modifications, TD3 showed better performance in achievable total
reward compared to the other latest deep RL algorithms. Although the original TD3
might suffer from performance degradation, there are only few developments for TD3
to solve POMDP.
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Figure 2.3: TD3 schematics

2.2.3 LSTM-TD3

In [68], the LSTM layer was implemented in the TD3 algorithm which is named LSTM-
TD3. LSTM-TD3 has LSTM layers in actor and critic networks. The past sequential in-
formation is processed through LSTM layer. Processing sequence in an entire episode
is time-consuming to train the network. Hence, in LSTM-TD3, the networks process
partial trajectory instead of entire trajectory up to the current timestep by setting a
specific sequence length [ to generate the action from the policy and to roll out the tra-
jectory during the update as a hyper-parameter. This method to train a network with
the partial history of a specific length is also applied in [55] as described in Section[2.7]
Another aspect to be mentioned is that LSTM-TD3 has a double input channel as net-
work architecture as shown in Fig. The input data for the first input channel is
sequential past information [ot_l;t_l, at_l:t_l] from the memory and the second input
channel takes the current information [ot(, at)]. The expression 0;_;.;—; and a;—_j.;—;
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describes the sequential observation and action between timestep t—/ and t—1 respec-
tively. This structure was selected in order to prioritize the most recent observation
since it is considered that the recent observation is more valuable in decision-making
than earlier observations. Note that this hypothesis is questionable because it might
not be true that the latest observation is more informative to reveal the true state of
the system. This will be discussed in detail in Section[2.5, LSTM-TD3 [68] was tested
for robot locomotion tasks in open Al gym simulation environment [48] with several
types of POMDP such as removing one of the state elements from the observation and
adding random noise to observation. Especially in the scenario where one or all of the
observation is lost with probability p, LSTM-TD3 showed greater performance com-
pared to original TD3 and other Deep RL algorithms.

2.3 Dynamic RL

The challenge of POMDP in this study is that we have no access to the true state of
the system s; due to the disturbances in observations. In our scenarios, disturbances
are realized by stochastic noise or dynamic noise, or by hiding one of the elements of
the observation. The details of disturbances are defined in Section If s; can be
estimated or represented in an internally encoded format, it is possible to restore the
MDP condition. Then, an already established RL algorithm can be utilized to identify
the (sub-)optimal policy. Therefore, recovering the MDP condition through certain
architecture design choices such as the definition of input/output variables should be
important for the policy robustness. Hence our focus is to develop an RL agent which
can dynamically adapt to the observation containing the disturbance with their own
dynamics. To make a dynamic RL agent, the system should be able to generate the
internal state representation by assessing causal information from the trajectory.
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2.3.1 Causality and Statistics

The dichotomy of statistics and causality are emphasized in [69]. A statistical model
works on the joint probability of observed variables. A causal model, on the other hand,
assumes that certain variables are unobserved. The causal analysis enables inference
of dynamics of events under changing conditions, not only the likelihood of events un-
der static conditions.

In MDB, the static transition model is available (e.g., P(0¢+1(= S¢+1)10¢(= $1), ay)), where
o0y, Sy, a; are observation, state, and action at time step . However, in POMDP with
non-static disturbances, the model of the environment dynamically changes. There-
fore, it requires an additional mechanism to identify the causal effect and recognize
patterns based on available information from the past and current.

2.3.2 Analysis of disturbance

When the decision-making is performed based on information on the trajectory, the
causal system is illustrated in Fig]2.5| In this work, the considered disturbances can
be categorized into two. The first case is where the disturbance can be described by a
dynamic model (Fig.[2.53a). Therefore, the trained agent may be able to learn a model
comprising the system and the disturbance. The second case is where the disturbance
does not have a temporal correlation between them and cannot be modeled (Fig.[2.5b).
In this case, the agent should learn to eliminate the effect of the disturbance to re-
veal the true state. The trained agent in the environment of which category described
in Fig. might show generalizability in the environment where the existing distur-
bance has temporal correlation but not the other one. This will be demonstrated in
Section[2.6l

2.3.3 POMDP formulation
In general, the POMDP model is defined as 6-tuple (&, </,0, 5, Z, %) [49], where

e ¢ is the state space,

&/ is the action space,

O is the observation space,

* T (s, ay Se+1) is the state transition which is a conditional probability distribu-
tion P(s¢+11$¢, ay),

Z(S¢+1,a4,0441) is the observation function which is a conditional probability
distribution P(0¢+118:41, ar),

* % is an immediate reward function which represents 2 = E [rHl |S¢, at].

When observations are corrupted by additive dynamic disturbances, the observation
function Z is not static. Namely, the observation function can be described as P(0;41|
St+1, Ay, dy). In addition, if the disturbance is modeled and it is independent of the
states and action, a new disturbance transition function, which represents a condi-
tional probability distribution could be introduced.
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(a) Causal diagram with dynamic disturbance
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(b) Causal diagram with non-dynamic distur-
bance

Figure 2.5: Causal diagram

2.3.4 Information states, belief states in POMDP

In the context of dynamic programming, the optimal controller in POMDP can be sep-
arated into two parts: (a) an estimator and (b) an actuator [70} [49]. The informa-
tion available at time ¢ is called complete information state I tC [71] which consists of
all historical observation and action i.e., ItC = (0g:t, ap:t—1), where og:; = 0p,...,0; and
ap:¢+—1 = dyp, ..., a;—1. In the case of POMDP, the estimator could make the conditional
expectation §; = E(s;|I¢). The challenge of utilizing the complete information states is
that the size of the data expands as time elapses. To resolve this issue, quantities known
as sufficient statistics are normally considered. The sufficient statistics has a smaller
dimension and preserves the essential content of 1 tC . The sufficient statistic is gener-
ated at the estimator and the actuator generates control inputs to the system based on
the sufficient statistic. In the standard POMDP model, a belief state b; is commonly
used as sufficient statistics. The belief state assigns conditional probabilities of every
possible state [72]. As illustrated in [49], the policy of the agent receives the belief states
to make optimal decisions. The belief states could be recursively updated via Bayesian
inference. The update of belief states can be described as (2.1).

P(os|S¢+1, A, b)) P(sti1las, b
bii1(Se+1) = P(Sp41l01, ag, by) = (OclSt+1, 81, b) Plses1 |1, b) 2.1)
P(o¢lay, by)
Z(St+1,a1,00) Xs,er T (Sp, ar, St+1)b(sy)

Zst+1€S-Z(St+1’ a, 0y) Zstesg—(st’ ag, Se+1)be(Sy)
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2.3.5 Identification of transition model

The objective of RL is to maximize the future cumulative reward G; by learning pol-
icy m. In model-based RL, it is solved by decomposing the problem into learning and
planning. From learning, the transition model is explicitly obtained from experience,
and the value function is established based on the learned model in planning. On the
other hand, the agent is directly trained from the experience in model-free RL. Thus,
the explicit transition model and its update operation formulated in are not re-
quired. However, the concept itself is still applicable since it is established based on
it. In model-free RL, the model is internally generated based directly on the collected
data. Actions are part of the transition model and, thus it is part of a recursive update.
Therefore, it is clear that taking action sequences in model-free RL will help to improve
the robustness of optimality in POMDP.

Regardless of whether the complete information state IC or belief state b, is used, the
identification of the dynamic transition model depends not only on the historical in-
formation of the observation but also that of the action. This is because both have
causal connections with the current observation, as illustrated in Fig. As we are
considering the environment where the observation is disturbed, our discussion is fo-
cused on generating internal representations of s; which is symbolized by s; in the
rest of this paper. The key idea is to formulate a structure of an RL agent which can
dynamically adapt the state representation s; to appearing disturbances.

2.3.6 LSTM to reflect the sequence on the internal representation

When the model of the system is not available, s; could be generated via RNN or en-
hanced RNN by processing the sequential input. s; could contain the identified infor-
mation regarding the pattern of the dynamic model of the system and the disturbance
or distilled information which is less affected by the disturbance. Most of the existing
RL algorithms with RNNs only utilized the sequential information of observation and
there are only very few cases taking action sequence as input. We suggest utilizing the
sequence of action based on the above discussion in this study. Therefore, the effect
of sequential action inclusion with the LSTM-TD3 algorithm [68] is investigated in the
next section.

2.4 Action inclusion

In the previous section, we have discussed that the belief state evolves based on the
observation and action on the trajectory. In this section, the impact of the inclusion of
the action sequence is demonstrated using LSTM-TD3. Also, the effect of the length of
the sequence for the individual disturbance condition is investigated.

2.4.1 Length of sequence

When the partial trajectory is taken as the input sequence, the selection of its length
I can be a design parameter as in LSTM-TD3. In general, RL algorithms with a RNN
layer require repeating either entire or partial episodes during the update in order to
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train the network via BPTT. When entire episodes are repeated in training, it can be
considered that the agent is trained using complete information I¢. As stated in Sec-
tion the size of I® increases as time elapses. Thus, repeating entire trajectories to
update the network is a time-consuming process. In case of the on-policy algorithm
with RNN, utilizing I¢ might be a more natural approach since it follows the same tra-
jectory during the training. Several works have explored the methods combining RNN
with on-policy algorithms (e.g. with PPO[73] and A3C [74]). However on-policy algo-
rithms are much less sample-efficient compared to off-policy algorithms.

For state value function based algorithms, parameter sharing is a common technique
where the actor and critic share the same network parameters and only the last layer of
each network is different. However, this technique is not as common for action value
function based algorithms like TD3 since the parameter sets are different between ac-
tor and critic networks. When parameter sharing is not used, the same trajectory needs
to be repeated multiple times to update multiple networks.

If the whole episode is repeated, the benefit provided by random sampling can be lost
in the experience replay which is the mechanism for improving data efficiency and
stability. Experience replay effectively minimizes the correlations between samples
[66] so that the data distribution becomes closer to Independent and Identically Dis-
tributed (IID) condition which is preferable in RL. In [75], it was pointed out that if the
whole trajectory is sampled together, the bias in the learned policy might become more
severe in the update because the state distribution under the current policy no longer
corresponds to the one from the replay buffer.

If a few steps of sequential data are randomly sampled as a unit, the sample correla-
tion issue could be mitigated. This approach captures a shorter history of fixed length
in the environment. LSTM-TD3 offers the opportunity to define the length of the se-
quence. The agent should be provided with enough length of sequential data so that
it can capture the characteristics of the system and the disturbance. In the experiment
in this section, the relationship between several characteristics of the disturbance and
the length of sequence that is provided to the network are investigated.

2.4.2 Experiment

To validate the discussion in Section [2.3|and investigate the effect of including action
sequence on the different types of disturbances, we compare learning trajectories of
the LSTM-TD3 algorithm with or without the past action sequence in the first input
channel (see Fig. in classic control "Pendulum" environment from OpenAl gym.

In this environment, the observation consists of three elements [x, y,é] , where x and

y represent the position of the free end of the pendulum and @ is its angular velocity.
The action is defined as the torque to be added and the agent learns to keep the pen-
dulum upright from a random initial condition. The definition of the "Pendulum-v0"
environment is summarized in Table

The motivation for this work is to develop an algorithm that robustly provides opti-
mality in the presence of disturbance. As summarized in Table we classified dis-

» «

turbance under condition into five types: “temporal bias”, “temporal sinusoidal wave”,
n «

"random sinusoidal wave", “noise” and “hidden” conditions. In the “temporal bias”
and the “temporal sinusoidal wave” cases, the observation of x and y are disturbed
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Table 2.1: "Pendulum-v0" environment definition

action torque min —2.0 | max 2.0
X =cos0 min —1.0 | max 1.0
observation y =sin6 min —1.0 | max 1.0
angular velocity | min —8.0 | max8.0
reward r=—00%+0.10%+ 0.00l(torque)z)
termination at 200 timesteps

by additive constant biases and sinusoidal waves for specific lengths and times at ran-
dom timesteps. In the "random sinusoidal wave" case, the sinusoidal wave is randomly
configured at each episode and all three elements are disturbed. In the “noise” case,
zero-mean Gaussian noise with standard deviation o, is added to each element of the
observation during the entire episode. In the “hidden” condition, 6 is removed from
the observation during the whole episode reducing the dimension of the observation
to two. Scenarios 1,2, and 3 in Table are the cases where the disturbance has its
dynamics and patterns could be identified from the observation. The other remain-
ing two cases have no dynamics in the disturbance. The networks should rather work
on recovering the dynamics of the system by eliminating the effect of the disturbance
from the observation than establishing a model that includes both the system and the
disturbance.

2.4.3 Results and analysis

Fig.[2.6/to Fig. show averaged learning trajectories after 5 trials of the LSTM-TD3
algorithm in the discussed scenarios. The orange lines, labeled "w/o action", show the
case in which sequential action information is not considered. Specifically, the first
input channel of actor and critic networks process only sequential / — 1 length of his-
torical observation 0;_;.;—1(= 0;—j,...,0:-1). The blue lines, labeled "w/ action", show
the case where the historical action a;_;.;_; is used as additional information. The
columns represent the length of the history to be processed. Fig.[2.6/and Fig. [2.7|illus-
trate the results of the MDP case and the "temporal bias" case respectively. In the MDP
case, LSTM-TD3 with or without action performs the same. Also, the final performance
at the end of training in the "temporal bias" case did not show obvious differences. In
this condition, a constant value is added for three timesteps that randomly start ap-
pearing 10 times. Since the observation is biased by a constant value, the observation
is still almost unique. Therefore, it can be considered to be similar to the MDP condi-
tion.

Fig. [2.8|shows the results of the "temporal sinusoidal wave" scenario. As [ gets longer,
the robustness improves. The wavelength of the defined sinusoidal wave is 70. Longer
I helps to identify the system dynamics and the disturbance dynamics. Also, the case
with action sequence included as the input to the agent achieved higher total rewards.
The result indicates the impact of information selection on robustness.

Fig. represents the learning trajectory of the "random sinusoidal wave" scenario.
Establishing the observation function in this scenario is much harder than in the "tem-
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Table 2.2: Test scenario

Scenario Name Description

Disturbance defined by A € [0.5,1.0]
appearing randomly is added to
observation in x and y lasting 3

timesteps for 10 times per episode.

Disturbance defined by Asin2nt/T

(A=1and T =70) which starts appearing
2 temporal sinusoidal wave at randomly chosen timesteps for
the period of T, is added to observation
xand y.
Disturbance randomly defined
in every episode by Asin2n¢/T
(0.5=A<2and10=< T <100)
which starts appearing at random
timestep for the period of T,
is added to all 3 observation elements.
Noise defined by zero-mean normal
distribution with standard deviation
o €[0.5,1.0] is constantly
added to all 3 observation elements.

Angular velocity 0 is removed from

observation.

1 temporal bias

3 random sinusoidal wave

4 noise

5 hidden

poral sinusoidal wave" due to the infinite variety of sinusoidal waves. It requires the
agent to dynamically adapt to the environment based on causality of action and ob-
servation and hence, the network with action sequence achieves greater optimality.

Fig. illustrates the learning trajectory under the "noise" condition. This scenario
is more challenging than the "temporal sinusoidal wave" since there are no specific
dynamics in the disturbance and all of the elements of the observations are constantly
disturbed. Although the network considering sequential action information performs
better, the performance degrades with the larger variance of the noise. The perfor-
mance improves with longer [. Longer sequential data contributes to extracting the
system state transition characteristic and eliminating the effect of the noise in LSTM.
In the white noise case, some data randomly contain less noise. By focusing on these
data and putting less focus on more noisy data, the underlying pattern can be restored.
When the length of the input sequence is longer, it has more chance to have informa-
tive data that is less affected by noise. In addition, as more episodes are experienced,
degradation of achieved total reward was observed in the "noise" scenario. This would
be due to the occurrence of overfitting. It might be prevented by changing the network
configuration, e.g., reducing the number of parameters, and adding dropout layers.

Fig. presents the result of the "hidden" scenario. The final performance is the
same regardless of the action inclusion and length of the sequence. In this environ-
ment, only current observation o; and one step before 0;_; should be sufficient to re-
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store 6 since 6 is updated as 6 (k+ 1) — (k) + 0 (k+1)dt. The formula only requires the
previous observation to restore # from the equation and therefore the performance is
not affected by /. However, the past action information is making the learning pro-
cess more efficient. The network does not have this mentioned interpretation and
the reward signal is mixed with 0, 0, and torque. The inclusion of action information
could make learning efficient because the network learns to process the dynamics un-
der more specific conditions. The most reasonable network structure to capture this
interpretation might instead just consist of fully connected layers by having the input
of [xt, Vi Xi—1, yt_l] because the sequential process is not required.
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2.5 Structure

In Section [2.4) we demonstrated that including the action sequence can improve the
robustness of learning. In this section, let us discuss the structure.

2.5.1 Interpretation of LSTM-TD3

The LSTM-TD3 has two input channels in both actor and critic networks. They could
be interpreted as the first input channel to generate s;_, from complete information
I f_ ., taken from the memory. Then, the s;_, is updated to s; by combining the current
observation information from the second channel at the actor. Our hypothesis is that
it might not be necessary to have a double-headed structure as presented in Fig.
because the information up to the current timestep can be treated as one sequence

according to the generation of the belief states.

2.5.2 Modified LSTM-TD3

Based on this hypothesis, this paper proposes an actor network with a single input
channel as illustrated in Fig. This input channel processes I f_ = (0/~1,...,0¢,
ag-i-1,...,a,-1). Internal state representation s; is generated in the process of the
LSTM layer and action is decided based on s; by the succeeding layers. For the critic
network, two types of structure are considered. LSTM-TD3 1,21 (1 headed actor and 2
headed critic) in Fig.[2.12a|has a clearer interpretation for s} to the information states.
s; is generated in the same way as actor network at the first input channel and it is con-

catenated with the processed a; at another input channel. The last two layers can be
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understood as Q(s}, a}). On the other hand, LSTM-TD3 a1 has single input channel
and modified complete information / tc_’ g = Oy 00 a1y, .., ap) B8 taken as input.
I tc_’ ., differs from the generation of s; based on the Bayesian inference and hence, the
output from the LSTM layer is described as sa; in the figure. However, the definition
of action value function Q is the expected return at s;, taking action a, when following
policy 7. When the critic network is given with the trajectory, I f_f ;.p» Which is the com-
bination of o, and a; from 7, it should be able to still generate the expected return for
the policy 7.

Unlike the original LSTM-TD3, LSTM-TD3ha2nc and LSTM-TD31pa1hc do not have an
explicit intention to prioritize the current information. These proposed algorithms fol-
low the update of the belief state and let LSTM to evaluate the importance of the data.
Moreover, since the system model does not change in any timestep, all data in a se-
quence should be treated in the same path. Training the agent with separate sequences
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might be more complicated because the data is processed differently and combined
which might be unnecessary according to the belief state update. Therefore, LSTM-
TD31ha2he and LSTM-TD3 1411 are expected to show better robustness.

2.5.3 H-TD3 algorithm

The previously discussed algorithms generate s; in actor and critic networks indepen-
dently by taking complete information at each network. Particularly, we have intro-
duced the interpretation where s; is produced in the LSTM layer at actor network. The
research question to be also investigated is whether or not it is necessary to have a dif-
ferent representation of s; between the two networks. If s7 generated from the actor
network can be shared with the critic network, it will drastically reduce the compu-
tational costs. Because TD3 has double critics as seen in Fig. H 1., 18 processed
four times at each critic network during the update. Hence we propose, a new al-
gorithm, named H-TD3 (Hidden-state-based TD3) in which the critic networks are
trained based on the shared s* from the behavior actor network during the exploration.
Here, we consider the same network structure with LSTM-TD31ha1hc Which has a LSTM
layer with a single input channel for the critic network as it is illustrated on the right
side of Fig. The main diagram of Fig. describes the data flow of the H-TD3
algorithm. During exploration, the behavior actor and environment interact and the
collected data is stored in the replay buffer. In addition to the normal data set, the
hidden state and the cell state of the LSTM cell are stored. These states are generated
at the behavior actor network when LSTM processed the sequence of a;_;_;.;—» and
0¢-1.4—1. During the training, the critic network is trained based on this tuple. Critic
networks take a; and o; as input data as the original TD3 algorithm. However, the
LSTM cell is initialized with the stored (h;_;.;—1, ¢;—:;—1). In this way, input data a; and
o; is treated as if a continuous sequence of a;_;_;.;—» and 0;_;.;—; without repeating
the entire trajectory between ¢ — [ to ¢. In the same way, at the target critics, the tar-
get Q-values are calculated based on input data a’t +1 and o441 with initialized LSTM
state with (h;—;4+1:, Ct—1+1:¢). The critic network is required to learn parameters based
on (as 0¢, h—j.4—1,¢¢—1:1—1). The criticism of this approach may be the dismissed ac-
tion a;—; and a; at critic and target critic networks respectively. However, if the hidden
states (hy_j.;, ¢;—1:¢) of LSTM after processing all sequence a;_;_1.,—; and o,_;.; are used
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to initialize critic networks, o, is counted twice and it would break the sequence at the
critic. Another possibility could be to limit the input just to a;, but changing the char-
acter of input data to LSTM for the given (h_;.;, ¢;—j.¢) in critics would add difficulty
in learning. During the development, we observed the degradation of performance in
both cases compared to using (h;—j.;—1, Cr—1:1-1)-

Considering the developed LSTM-TD3h,0nc and LSTM-TD31pa1he, the output data from
LSTM in actor network is the last hidden states h; after processing ! length of the se-
quential input. After the LSTM layer, h; is carried to the following last two layers.
Hence, the simplest method for the critic networks to learn based on the shared s*
would be taking /i, as input data at the critic network in addition to the current obser-
vation. However, this operation would extend the input dimension excessively as the
dimension of the hidden state is usually much larger than that of the input. It increases
the difficulty to train the network and the risk of failure of learning as known as the
"curse of dimensionality". Training network with larger input dimensions increases
the number of parameters drastically, leading to the much greater computational com-
plexity of training. Also, ending up with over-fitting is a common issue. Therefore, it
is more scalable to share the hidden and cell states produced in the actor network to
initialize the hidden state of the critic network as in the proposed H-TD3 algorithm.
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Figure 2.13: H-TD3 schematics

2.6 Experiment

2.6.1 Simulation set-up

In this section, the algorithms developed in Section are tested in the "Pendulum"
environment with disturbance conditions discussed in Section[2.4] The applied distur-
bance conditions are as follows:

2Ly

* "temporal sinusoidal wave" with sin =3

¢ "random sinusoidal wave"
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¢ azero-mean Gaussian "noise" with 0 = 0.5

¢ "hidden"

2.6.2 Results

In Fig. the learning trajectories of the proposed algorithms are depicted with tra-
jectories being averaged over 5 trials. We experiment with various time windows !/
specifically 1,3,6,10,20. In the array of figures, each row corresponds to a specific
disturbance condition, while each column represents an algorithm. The algorithms
compared are original LSTM-TD3 without past action sequence, LSTM-TD3 with past
action sequence, LSTM-TD3ha1h¢) LSTM-TD31ha2he, H-TD3 and original TD3 from the
left column. The disturbances are "temporal sinusoidal wave", "random sinusoidal
wave", "noise" and "hidden" from the top. The number of the iterations varies de-
pending on the disturbance conditions.

Fig. shows the averaged total reward of the last ten records by taking algorithm
types on the x-axis. Each figure describes the result of "temporal sinusoidal wave",
"random sinusoidal wave", "noise" and "hidden" conditions respectively. The lines
are drawn to compare the effect of the time window 1.
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Figure 2.14: Learning trajectory

Overall analysis Compared to TD3, all algorithms containing LSTM layer demon-
strated superior performance in the tested POMDP conditions. Particularly, in the
"noise" and the "hidden" cases, TD3 struggled to learn. The "noise" environment gen-
erates noisy observations. Without access to a sequence, it is difficult to learn since the
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Figure 2.15: Final total reward

observation values are not unique to the reward signal. Also, the "hidden" scenario,
a network without an LSTM layer struggles to recover information related to angular
velocity which is part of the reward function.

As observed in Section 2.4} all algorithms incorporating action sequences performed
better than LSTM-TD3 without an action sequence. The variants LSTM-TD3 (LSTM-
TD31hathe» LSTM-TD31haone) generally performed better performance than with the
original LSTM-TD3 with action sequence. From the results, it can be understood that
it is better to treat the past sequence and current data as one sequence, unlike LSTM-
TD3. LSTM-TD31ha1ne exhibited the best robustness of optimality of all algorithms.
The simplicity of the structure could have helped the network to learn. H-TD3 al-
gorithm delivered a comparable result with LSTM-TD3 with action case except for
the "noise" case. It confirms that it is possible to learn from shared hidden states as
demonstrated by the H-TD3 results. However, H-TD3 exhibited slower learning tra-
jectories for a given number of iterations than other algorithms in Fig. due to the
critic’s dependence on the actor network to generate the hidden states and cell states.
Interestingly, the results of the "noise" case in H-TD3 were significantly degraded and
mostly worse than LSTM-TD3 without action sequence. In the H-TD3 algorithm, a;_;
is not included in the information. The effect of omitting this information could be-
come prominent in some conditions as in the "noise" case.

Computational time and size Let us examine the computational time for training the
network. Fig.[2.16/shows the comparison of the training time with LSTM-TD3 with [ = 1
serving as a benchmark. Due to the added operations in the code, LSTM-TD31pa1h and
LSTM-TD3pa2nc exhibit a larger iteration time. The code is not optimized and there
remains room for improvements in computation. As shown in the figure, the H-TD3
provides a much shorter time per iteration and is less affected by the length . It is
because it avoids repeating the trajectory in critic networks.

Generalisability So far, the networks have been evaluated in the same environment
in which they were trained. However, in practice, the agent may experience differ-
ent types of disturbances from the trained environment. For this reason, we tested
how the networks trained in the "random sinusoidal wave" environment perform in
"bias" and "noise" cases and also newly added environments: "combinational sinu-
soidal wave" and "damped sinusoidal wave". In the "combinational sinusoidal wave",
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Figure 2.16: Iteration time comparison

two randomly configured sinusoidal waves with the same definition of "random sinu-
soidal wave" simultaneously appear, i.e., disturbance = A;sin2nt/T) + Aysin2nt/ T,
where A;, A; = [0.5,2] and Ty, T» = [10,100]. On the other hand, the "combinational
sinusoidal wave" adds damped sinusoidal waves on all 3 observation elements inde-
pendently defined by e "~©/T Asin2n(t - t,)/ T (A = [0.5,2] and T = [10,100]). The
timesteps to initiate damped sinusoidal wave #, are randomly selected and this distur-
bance continues till the end of the episode. The "bias" cases with the amplitude 1.0 and
the "noise" cases with o = 1.0 are also selected in this experiment. The normalized to-
tal reward of the episode after 1000 time of trials is illustrated in Fig. The "comb.
sin" and "damped sin" represent "combinational sinusoidal wave" and "damped si-
nusoidal wave" respectively. In the first column, the result of the "random sinusoidal
wave" is shown as a reference. The trained network performed well except in "noise"
disturbance. The dynamic model of disturbance exists in "combinational sinusoidal
wave", "damped sinusoidal wave" and "bias" cases. As discussed in Section [2.3} the
required behavior is different between the "noise" case and the other three cases. This
result reinforces the hypothesis that the network trained in "random sinusoidal wave"
utilizes the dynamic model of the disturbance and the system dynamic model and is
compatible with environments that have temporally correlated disturbances.

disturbance = rand. sin disturbance = comb. sin disturbance = damped sin disturbance = temp. bias (A=1.0) disturbance = noise (0=1.0)
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Figure 2.17: Generalisability
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2.7 Related Work

2.7.1 Utilizing RNN in RL

There are many existing developments that utilize RNN for RL algorithms to solve
POMDP A few examples are reviewed in this section.

RL-LSTM The utilization of LSTM in RL has been discussed for a long time. In the ear-
lier development, RL-LSTM [76] was presented with a simple grid T-maze experiment
using Advantage(A) learning [77]. In their T-maze experiment, the agent is required
to remember the first observation in the entire episode to reach the goal with optimal
action. It was shown that RL-LSTM could effectively perform in this non-Markovian
scenario. In the recent context of RL, the deep neural network is coupled with the
gated recurrent neural network to address the challenge of solving POMDP.

Deep Recurrent Q-learning (DRQL) In Deep Recurrent Q-learning (DRQL) [55], LSTM
cells were added to the network by replacing the first dense layer after a convolutional
network of Deep Q-learning (DQN) [78] in discrete action space. In their work, two
types of updates were considered; Bootstrapped Sequential Updates and Bootstrapped
Random Updates. The former randomly selects episodes and selected full episodes are
replayed from the first step to the end. Hence, the hidden state of LSTM is carried out
without initialization throughout one episode. The latter case randomly selects the
point of the episode and unrolls the experience for certain timesteps. Bootstrapped
Sequential Updates can capture longer sequential information but it violates the ran-
dom sampling policy of DQN. Bootstrapped Random Updates can keep the random
sampling but captures the information in a shorter time scale since it requires hidden
states of LSTM to be initialized at the beginning of each step. Both types showed simi-
lar performance in their investigation, and Bootstrapped Random Updates was finally
applied for further discussion because it takes a shorter time to train. In their work,
the past action information was not considered, instead, integrated visual information
from the console screen is received as input.

Recurrent DPG (RDPG) Heess et al. [75] developed Recurrent DPG (RDPG) by ex-
tending Deterministic Policy Gradient (DPG) [79] with LSTM in actor-critic style by
defining actor and critic as u? (h;) and Q*(h;, a;) respectively, in terms of observation-
action history h; = (01,a;,02,az,...,0,-1,a;-1,0y¢). pg(ht) represents a deterministic
policy p with parameters 8. LSTM is used to summarize the history to make it scalable
in POMDP. Similar to the Bootstrapped Sequential Updates in DRQL, during the up-
date, a minibatch of N episodes is sampled to construct histories h; (i=1...N), and
the target values are computed for each sampled episode through BPTT. It was tested
in several environments, with the most related ones being "the under-actuated pen-
dulum" and "cartpole swing up" examples. In the experiments, the velocity-related in-
formation was removed from the observation. RDPG could learn the tasks that DDPG
could not perform.
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2.7.2 Separating between estimation and control

It is also a common approach to separate the estimation and control strategy using
information states in reinforcement learning for POMDP conditions [80, [81]. The in-
formation states are updated based on Bayesian inference. Then, the control strategies
are learned by taking the information state into account. Unlike the methods discussed
previously, this approach explicitly generates the information state and the policy con-
siders estimated states. It supports the idea to consider past action information and
also processes the sequence up to the current information in the same stream as dis-
cussed in Section 2.5

2.8 Conclusion

In this paper, the TD3 algorithm has been extended using the LSTM network to solve
POMDP. When the disturbance is dynamically changing, it is beneficial to have a policy
that dynamically adapts to the changing environments. In this context, the inclusion
of only observation sequences is not sufficient to construct an internal state represen-
tation. When the policy is separated into estimation and control parts, belief states
are generated from the sequence of state and action in POMDP. This framework is im-
plicitly applicable to the end-to-end model-free RL. We have presented that adding
an action sequence can improve the robustness of the achieved performance with-
out the separation of the policy into these two components. The structure to treat the
sequence was also discussed. The results showed that it is better to process the past
sequence and the current information in the same channel. Also, we proposed a new
method called H-TD3 that can significantly reduce the computational time by using
the representation of the trajectory information encoded in the actor network for ini-
tialization of the critic network.

For our future work, the generalizability should be further investigated. It was observed
that the trained role of the network would differ depending on the characteristics of the
disturbances. Developing an algorithm that covers both types of disturbances would
bring the RL application closer to real-world implementation.

2.9 Appendices

2.9.1 Network structure

The used network structures are summarized in Table[2.3]and Table[2.4]
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Table 2.3: Structure
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Table 2.4: Structure (cont.)
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2.9.2 The number of parameters

The number of the parameters are summarized in Table[2.5]

Table 2.5: The parameter of numbers (obs dim= 3, act dim=1)

Algorithm The number of parameters (actor, critic)
LSTM-TD3 166273, 166401
LSTM-TD31 a1 /e 149377, 149377
LSTM-TD31ha2h¢ 149377, 166017
H-TD3 149377, 149377
TD3 17153, 17281

2.9.3 Pseudo codes

Pseudo codes of LSTM-TD314a0ne, LSTM-TD31ha1he and H-TD3 are described below
based on the original TD3 algorithm[65].

Algorithm 1 LSTM-TD31pa2n¢

Initialization of critic networks Qg,, Qp, and actor network 74 with random param-
eters 01, 0, and ¢
Initialization of target networks 8] — 01, 8, — 0,, and ¢' — ¢
Initialization of replay buffer %
for episode=1...to T do

Select action with exploration noise € as a@ ~ 74 (0-141:1, @;—1:1—1) + €, where € ~
A (0,0), and receive reward r and new observation 0,1

Store transition tuple (o, a;, 14, 04+1) in B

Sample mini-batch of N transition blocks ([0—j41:¢, @r—1:4-1] @, 11,
[Ot—l+2:t+1r at—l+1:t]) from %
a<— 7 (0¢—142:0+41, Ar—1+1:1) T €, € ~ clip(AN(0,0),—¢,¢)
y = re+ymini=1 2 Qy ([0-1s2:041, r-141:¢] , @)
Updating critics 6; < argminy, N‘lz(y— Qq; ([Ot_l+1;[, at_l;t_l] ,a;))?
if r mod d then
Update ¢ deterministic policy gradient:
VpU @) = N"'2V,Q0, ([0r-141:0) @r-1:0-1], @D la=p (0, 1arar1-)
Vomp(0t—1+1:6) r-1:1-1)
Update target networks:
0! —10; +(1-1)0;
¢ —1Pp+1-1)¢
end if
end for
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Algorithm 2 LSTM-TD31ha1h¢

Initialization of critic networks Qp,, Qg, and actor network 74 with random param-
eters 01, 02, and ¢
Initialization of target networks 6] — 61, 0}, — 6,, and ¢' — ¢
Initialization of replay buffer 2
for episode=1...to T do

Select action with exploration noise € as @ ~ 74 (0;_141:1, @r—1:1-1) + €, where € ~
A(0,0), and receive reward r and new observation 0,41

Store transition tuple (o, a;, 14, 0441) in B

Sample mini-batch of N transition blocks ([0;—j41:1) @r—1:0-1], T,
[Ot—l+2:t+1’ at—l+1:t]) from 28
a— g (0-142:t41, A—14+1:1) + € € ~ clip(AN(0,0),—c, C)
y < re+yming=2Qp, ([0r=1+1:041) @r—141:041]), Where a;1 =a
Updating critics 0; — argming, N™'=(y — Qg, ([0 1:1, @r—1:¢]))?
if t mod d then
Update ¢ deterministic policy gradient:
VU @) = N'2V,Q0, ([01-1:t t—1:t Dl aznp(0r- 11 1:00r-10-)
Vortp(0r—1+1:0) Ar—1:4-1)
Update target networks:
9;. —10;+(1 - 7)6;.
¢, — T+ (1-1)¢'
end if
end for
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Algorithm 3 H-TD3

Initialization of critic networks Qg,, Qp, and actor network 7 with random param-
eters 01, 02, and ¢
Initialization of target networks 6] — 01, 6, — 0>, and ¢’ — ¢
Initialization of replay buffer %
for episode=1...to T do
Select action with exploration noise € as @ ~ 7(0;—141:1, @r—1:¢~1) + €, where € ~
A4 (0,0), and collect reward r, hidden states of actor h;_;, and new observation 0,1
Store transition tuple (o, as, 14, hy—1,0¢+1) in B

Sample mini-batch of N transition blocks ([0;—141:¢) @¢—1:¢-1], 01, ar, i1, T4,
[Ot—l+2:t+1» at—l+1:t] ,0¢, hy) from %
a<— Mg (0r—112:¢4+1, Ar—1+1:¢) T €, € ~ clip(AN(0,0),—c, ¢)
¥y < ry+ymin;= 2 Qg (0s+1, a), where the initial state of LSTM in target critic is
by h; l
Updating critics 6; — argming, N"'Z(y — Qp, (04, a;))?, where the initial state of
LSTM in critic is by h;_;
if  mod d then
Update ¢ deterministic policy gradient:
V¢ Jd@)y = N_IZVaQal (04, ar) |a=n¢(ot,l+1;t,at,l;t,1)v¢”¢(0t—l+1:t’ Ar—:t-1)»
where the initial state of LSTM in target critic is by /,_;
Update target networks:
0) —10; +(1-1)0;
¢ —T1p+(1-1)¢
end if
end for
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Chapter 3

Autonomous boresight localization for
UAV-based satellite terminal antenna
measurement

Abstract

Localizing the boresight angle of the satellite terminal antenna is a necessary step for
antenna verification in UAV-based antenna measurement. The procedure for this step
should be efficient and generalizable to successfully localize the beam center within
the limited flight time without knowing the radiation pattern of the antenna under
test. We propose a method to autonomously guide the vehicle to the boresight angle
by using a reinforcement learning technique. The proposed method does not require
parameter tuning and specific prior knowledge of the antenna pattern. The developed
method is tested via numerical simulation with theoretical and empirically obtained
radiation patterns. The results showed that the proposed method could localize the
boresight angle accurately and robustly without being limited by conditions such as
Signal-to-Noise Ratio, beam shape, and distance to go. The method was compared
with other approaches and showed an advantage in trajectory efficiency.

3.1 Introduction

Satellite communication currently plays an important role. Keeping connectivity is
an essential requirement for safety, commercial services, and entertainment. Approx-
imately 8,000 satellites were orbiting the earth in 2021 and OneWeb and SpaceX are
planning to launch more than 40,000 satellites in Low-Earth-Orbit in the upcoming
years [82]. The number of satellite user terminals is forecasted to exceed 10 million by
2030 [1]. As communication usage expands, it is critical to keep reliable connectivity
without interfering with other communications. One of the key components of satel-
lite communication on the ground segment is terminal antennas, which are devices
that convert electrical energy into electromagnetic waves. The communication could
fail or become inefficient if the antenna is not designed or not calibrated well. Further-
more, it could interfere with other communications. Satellite operators have certain re-
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sponsibilities to protect other communications under national laws and international
treaties [83]. As such, satellite operators and authorities have posed requirements for
terminal antennas with respect to several aspects such as radiation pattern and point-
ing accuracy to mitigate these risks [84,85].

There are many occasions where the performance of the terminal antennas needs to
be evaluated at any stage from development to after installation. The antenna mea-
surements are commonly performed at the distance called "far-field" which can be a
few hundred meters to kilometers depending on the antenna characteristics and oper-
ation frequency. Conventionally, the satellite Antenna Under Test (AUT) is transported
to special facilities with a large space which can provide a far-field for the evaluation.
The disadvantage of using these facilities is that this approach might be logistically
heavy since the facility is locally fixed and a time-consuming process due to the lack
of flexibility. This approach would not be able to provide an adequate service in the
current trend since the number of antennas to be tested is rapidly increasing.

In this context, in-situ airborne measurement using Unmanned Aerial Vehicles (UAVs)
is an emerging technology that would resolve the issues of the conventional method
and it has received a lot of research attention [86, 87,88, 89]. The UAV-based measure-
ment can be performed on-site in a realistic operation environment and provide the
desired evaluations for AUTs. The system enables flexible test configuration and new
test scenarios, such as Non-Geostationary Orbit (NGSO) communication [90], thanks
to the UAVs which can dynamically change their positions during the measurement.
However, it comes with the restriction of battery time and additional consideration of
uncertainties and errors in the measurements since the UAV-based measurement sys-
tem is not attached to the ground and the measurement environments are different
in each test site. The effect of the positioning error becomes less when the distance
between the AUT and the UAV is large. However, it will increase the flight time and dis-
tance. Therefore, the test should be carefully designed by considering the effect of the
positioning error on the accuracy of test results and flight time. It is beneficial to have
a method to generate efficient flight trajectories that provide shorter flight times while
keeping the accuracy within the desired range.

In this work, we will focus on the localization of a beam center (boresight angle) of AUT
for UAV-based measurement. Finding a beam center is an essential step to initiate the
measurement. By finding the boresight angle, the electrical coordinate system of the
AUT can be defined based on Radio Frequency (RF) characteristics. The boresight off-
set from the target angle and actual boresight angle can be directly identified once the
boresight angle is known. From this point, the required antenna evaluation can be
executed. A typical list of requirements for antennas operated in the Ka-band can be
found in [5]. For example, taking the found electrical coordinate as a reference frame,
the radiation patterns of the AUT can be measured and a corresponding regulatory
mask can be applied to verify sidelobe characteristics. Another common requirement
is the verification of cross-polar discrimination of which measurement is very sensitive
to accurate boresight angle localization.

There are existing techniques used for the beam localization such as conical scanning
[91] and monopulse tracking [92] in satellite communication. These are common tech-
niques for the antennas in the operation to align their boresight to the intended satel-
lite. However, these techniques rely on the symmetricity of the radiation pattern and
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they are not suitable for antenna evaluation where high accuracy is required.

If there is no information on the beam shape, localizing the beam center could re-
quire exhaustive data sampling in the search domain. For instance, the beam center
could be localized by multiple raster scans [24]. The raster scan refers to a pattern
of flight trajectory on a rectangular area defined by azimuth and elevation angle of
the AUT. The first raster scan is performed with low resolution to find the beam in a
large search domain. Then, the following raster scans are continued with higher reso-
lutions in smaller areas. However, if the resolution is not chosen adequately, it causes
under/over-sampling. The under-sampling would fall in the failure to find the beam in
the first scan or to achieve the desired accuracy. The over-sampling increases the flight
time and the number of data to process.

Bayesian optimization (BO) technique has been studied in [93] to find the boresight
and characterize radiation pattern. The proposed method showed the initial results
which reduced the total travel distance compared to the method using raster scans.
Regardless of the fact that the main beam generally has a convex shape, the guidance
policy in BO assumes no available model. Both a raster scan and BO may not generate
an efficient trajectory in the considered scenario because it does not take the general
model of the antenna pattern into account.

Sampling-based Gradient Ascent (GA) or GA momentum may provide an efficient tra-
jectory compared to raster scan and BO. Nonetheless, the suitable parameters of GA
may depend on the beam shape and this approach may not be robust when the sensor
positioning and observed signals contain errors and noises.

As found in the literature, beam localization application comprises guidance and es-
timation algorithms except for GA. The RF and positional data are collected on the
generated trajectory by the guidance algorithm and the boresight angle is finally es-
timated by introducing a model. The issues of the aforementioned methods are: (1)
the accuracy would not be enough as the trajectory is pre-planned and the estima-
tion relies on the assumption of the symmetricity (conical scanning and monopulse
tracking), (2) the trajectory is not efficient because the guidance algorithm does not
utilize the available assumption, while the general shape of the beam is convex (raster
scan, BO), (3) it lacks the robustness of the performance and requires manual param-
eter tuning for each shape of the beam (GA) (4) the environment is different for each
measurement and the measurement experience the positioning and RF noise. To over-
come these issues, we propose a guidance algorithm based on Reinforcement Learning
(RL) for boresight localization. TD3p,11c[94] is selected as RL algorithm. TD31pha1nc iS
developed to perform in the environment where noise exists by processing sequen-
tial action and observation through Long Short-Term Memory (LSTM) network [51].
Although the beam shape is not known in advance, the general shape of the beam is
convex. By training the agent in various environments, the RL algorithm would be able
to adapt its policy to any beams with general shapes and autonomously generate flight
trajectories without manual parameter tuning. Also, the RL algorithm would effectively
mitigate the issue caused by the positioning and RF noise.

The scope of AUTs in this work is focused on Very-Small-Aperture Terminal (VSAT) an-
tennas in Ka and Ku bands due to their popularity as terminal antennas [1] although it
can be extended to other types of antenna evaluations. The contribution of this work
can be summarised as follows:
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* We propose a method to guide a UAV to the boresight angle by using an RL algo-
rithm in Section3.3] The RL elements are defined based on differentials of the
available information to increase the generalizability of the application.

» We further introduce scaled sequential observation (Section [3.3). The range of
beamwidth in Ka and Ku bands is quite large. Thanks to the scaled observa-
tion, the performance of the developed guidance algorithm is not affected by
beamwidths.

* The performance of the guidance algorithm and the final estimation results are
evaluated by comparing them with other methods through numerical simula-
tions using both theoretical and empirical radiation patterns, as detailed in Sec-

tion[3.4]

3.2 Preliminary

In this section, we review the VSAT antenna characteristics and introduce the UAV sys-
tem under consideration. Then, the challenge of the boresight angle localization ap-
plication is discussed. Based on this analysis, the application is developed in the next
section. Basic knowledge related to the developed algorithm is also introduced.

3.2.1 Antenna pattern in the scope

In this work, the AUT is focused on VSAT terminal antenna in operation frequency of Ku
and Ka bands. The Ku and Ka bands are defined by the frequency range between 12—18
GHz and 26.5—-40 GHz respectively. The diameter of the antenna would be categorized
below 3.8 m for Ku-band and 1.8 m for Ka-band according to SOMAP [47,/5]. The 3 dB
bandwidth 03,5 is commonly approximated as :

701
034 = o (3.1
where A is the wavelength and D is the diameter [3]. The first null bandwidth O pxpw

(FNBW) is also generally approximated as (3.2):

OrnBw = 2034B. 3.2)

Fig.[3.1]illustrates the operational 5,5 when the diameter is limited to 0.5—1.8 meters,
with D/A from equation as the x-axis. A is calculated by A = ¢/ f (where c is the
speed of light and f is frequency) based on the stated frequency range. The crosses in
the figure represent the start and stop 054 of the range for each band. We observe that
the beamwidth to be considered is approximately 0.3 < 03,45 < 3.5 degrees. Thus, the
ranges of Ornpw in Ka and Ku bands are 0.6 < 0pnpw < 7.0 degrees.

Let us consider a search domain defined by azimuth and elevation angles on a spheri-
cal surface centered at the AUT. If there is an expected maximum boresight offset angle
in any direction, the search domain is defined to cover the expected offset range. If
half of FNBW g npw is larger than the maximum possible offset, the measurement in
the search domain is filled by the main beam. Otherwise, there is a possibility that
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the main lobe and side lobes exist in the search domain. The strategy for boresight lo-
calization might differ in these two cases since the latter case could be considered as
a global optimization problem. An initial survey of the AUT would help to select the
strategy in real-world evaluation, although this work assumes that the initial position
of the UAV is located within half of the FNBW from the boresight angle.
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Figure 3.1: VSAT operational 0345

3.2.2 The airborne measurement

Our measurement system consists of two main parts: the RF payload and the Ground
Control Station (GCS). Fig. shows an example of a UAV with a RF payload. This
system was developed by QuadSAT and is named UAS-APE. The RF payload primar-
ily consists of a receiver or transmitter, a probe antenna, a microcomputer, and a 3-
axis (yaw-pitch-roll) gimbal system for the stabilization and orientation of the probe
antenna. The gimbal’s control is based on the orientation estimation acquired from
onboard Inertial Measurement Units (IMUs), encoders placed at the payload’s joints,
and the UAV itself. The system precisely maintains the antenna’s orientation towards
the AUT during flight and ensures polarization alignment. Additionally, the antenna
at the payload has a large beamwidth, making the measurement less affected by the
payload’s ripples during flight. The UAS-APE’s safe maximum flight time is around 30
minutes.

Figure 3.2: QuadSAT’s compact UAS-APE

The GCS is composed of a receiver or transmitter (to pair with the payload) which is
connected to the AUT, a Real Time Kinematics (RTK) station, and a main computer.
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The RTK can provide positioning error corrections to the UAV. Along with the GPS re-
ceiver on the UAV, Differential Global Positioning Systems (DGPS) are employed for the
centimeters-level localization accuracy of the UAV. Specifically, the reported localiza-
tion accuracy of the UAV with DGPS is 2 cm horizontally and 5 cm vertically. The UAS-
APE and DGPS help stabilize the UAV platform within a square with sides of 30 cm even
in wind speeds up to 15 m/s [17]. The main computer collects RF and positional data
from both the UAS-APE and the measurement equipment. The data is post-processed
into a specific format, generally consisting of signal levels at the azimuth and eleva-
tion angle with respect to the AUT, and present it in the desired form. More detail of
QuadSAT system can be found in [17]. When the UAV has a positioning error of around
30 cm, the error in azimuth and elevation angle with respect to the AUT coordinate
system varies depending on the distance from the AUT. Fig[3.3|is visualization of the
effect of the positioning error 30 cm on a principal plane. As the distance increases, its
effect is less. In this work, 30 cm is considered to be the maximum positioning error,
and the standard deviation of positioning error in the simulation is defined based on

the analysis in Fig[3.3]
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Figure 3.3: Impact of 30cm positioning error on distance

3.2.3 Guidance algorithm

The source of measurement error is not just limited to the positional error of the UAV.
The received signal can be influenced by many sources such as losses at the compo-
nents, depointing of the probe antenna, polarization mismatch, and atmospheric loss.
Moreover, RF additive noise always exists in observed signals. Typically the relation-
ship between the signal and RF noise is described by the Signal-to-Noise Ratio (SNR).
The observed signal strength in decibels is more affected by RF noise when the power
level is lower. In this work, SNR is defined with respect to the received signal at the
beam peak. Itis necessary for the measurement system to be robust against these noise
and uncertainties. Additionally, the shape of the beam widely varies in VSAT antennas
as seen in Fig[3.1] To make the solution universal, it should be able to autonomously
generate its trajectory to collect data and should not require manual parameter tuning.

Meta-RL The UAV is guided by an RL-based policy, as developed in Section[3.3] RLis a
branch of machine learning that learns optimal policy by interacting with the environ-
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ment as demonstrated in the inner loop of Fig. The agent receives an observation
o¢ and the reward r; from the environment at timestep ¢. The agent generates an ac-
tion a; to take based on o;. The reward r; is interpreted as an evaluation signal of the
action a; when the agent is in the state s; from the environment. The objective of RL is
to maximize the future cumulative reward at the end of an episode.

Typically, RLis built under the assumption of a Markov Decision Process (MDP), where

Ot+1, Tt4 -
F—l[ Environment ]47

\ TMi
s ( Meta parameter }------- g

Figure 3.4: Meta-reinforcement learning

observation o; can be uniquely mapped to the true state s;. However, in our applica-
tion, we need to consider multiple MDPs as the solution should be applicable to any
antenna pattern shape. Therefore, we introduce the concept of meta-RL. Generally, an
MDP is defined by four components in a tuple, 4; = ¥, <, , %], where .¥ and <«
denote the state and action spaces, 9 represents the state transition P(s;+1|S;, a;), and
Z is an immediate reward function Z = E [rt+1|s,, at]. The agent learns its policy 7
for the environment governed by .#;. In meta-reinforcement learning, the agent inter-
acts with multiple MDPs to perform towards a more general purpose. As suggested in
195, 96], during the training procedure, a new .#; ~ .# is sampled as depicted in the
outer loop of Fig. The policy of meta-RL incorporates past action in addition to
observation. Enhanced recurrent networks, such as the LSTM network [51], are often
implemented in the network and can help identify the characteristics of the MDP from
the information sequence on the trajectory.

POMDP and LSTM-TD3pa1ne In this application, the observation does not fully rep-
resent the true state due to disturbances, resulting in a Partially Observable Markov De-
cision Process (POMDP). In POMDP, two additional elements are considered in the tu-
ple: © and Z. O is the observation space and Z is the observation function P(0;+11Ss+1
,az). LSTM-TD3ha1he, together with the other two algorithms, has been developed to
enhance the robustness of optimality in POMDP environments [94]. The [ length of
sequential action and observation on the trajectory up to the current timestep is pro-
cessed via a neural network, which includes an LSTM layer, to generate the next action.
The developed guidance algorithm employs LSTM-TD31p41h¢, Which showed the best
overall performance in comparison [94], and it is trained using Meta-RL concepts.
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3.3 Method

The proposed method comprises a guidance algorithm, referred to as "Climber", and
a beam center "localization" process. The Climber incorporates the LSTM-TD3pa1h¢
algorithm as a policy to guide the UAV to the boresight angle in an environment with
existing measurement noise and positioning errors. As depicted in Fig. Climber
takes measured data from the UAV, including the UAV’s position x; and the measured
signal strength Pr;, and generates the next waypoint x,.; for the UAV. The input data
to Climber is transformed into the observation o; for LSTM-TD31p41hc. Together with
the sequence of past observations 0;_;.;—1 = {04y, ...,0¢-;}, the sequence of observa-
tions up to the current timestep o;_;.; is formed. The input to LSTM-TD3 a1 is the
combined sequential observation o;_;.; and the sequence of past actions a;_;_1:;-1 =
{a;—1-1,...,a:-1}, and the output is the action a;. Here, a; is defined as the angular
displacement of the UAV from the current step. Lastly, the action is converted into the
next waypoint x;; for the UAV.

Climber Ot—L.t
L
T"f—hf—l a LSTM-TD31hthe —
t—-Il+1:t-1
O ar
4 <
v
A
xe, Py Xt+1
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|
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Figure 3.5: Conceptual implementation of RL system guiding a UAV to the beam peak

3.3.1 Problem Analysis

The state needs to represent the UAV position with respect to the boresight angle. The
obtainable information from the sensors in this application is the position of the UAV
in GPS coordinates and received signal strength. However, the position in GPS coor-
dinates does not provide informative information for decision-making, because the
positional information on GPS coordinates does not correlate to the boresight angle.
Namely, states cannot be constructed based on positional information on GPS coordi-
nates. The objective of Climber is to guide the UAV to the boresight angle. Therefore, it
requires converting the measured data to some value that has an interpretation of the
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position of the UAV with respect to the boresight angle.

The received signal strength from the sensor is not suitable as the input either. Accord-
ing to the link analysis calculation [3], the received signal strength is calculated by (3.3)
in dB.

Prx =Prx+Grx(O1x) — Lrs+ Grx(Orx) 3.3)

where Prx and Pty are received and transmitted power, Ggx and Grx are gains of the
receiving and transmitting antennas, 67x and Ogx are the angles of transmission and
reception at each antenna coordinate system centered at boresights, and Lgg is the free
space loss modeled as Lps = (47R/A)? where R is the distance. Note that Prx in (3.3)
at timestep ¢ is described as Pr; for the remainder of this work. Assuming that Pryx,
Lrs, and Ggx remain constant during the measurement since the probe antenna on
the payload has a wide beam and the distance between the UAV and the AUT is kept
constant in our scenario, the received signal strength is

Prx=GrxOrx)+C (3.4)

where C is constant. The constant value in (3.4) would change depending on the test
configuration, and Grx(f1x) is assumed to be unknown in this scenario since the
boresight angle should be localized before a radiation pattern measurement.

3.3.2 Using differential

Based on the above analysis regarding state representation, the input to the RL policy
is defined as the differentials of the sensor measurements from the previous timestep.
Namely, the input to the policy is APr; = Pry—Pr;—y and Ax; = X; — X;—1 = Gy—1. Gs—1 i
the action which is already a part of the input in LSTM-TD3 411 [94]. LSTM-TD31ha1he
takes an [ length sequence of observations and actions. Hence, the final input to the
policy is APr;_;.; = {APr;_y,...,APr and a;—j—q.4—1 = {as—;-1,...,a;—1}. In combina-
tion with the meta-RL method, LSTM-TD3,11n¢ helps the agent to autonomously ad-
just its policy in dynamic environments.

This approach can also be related to sampling-based GA with momentum[97], which
is a first-order optimization algorithm for finding local maxima. The policy of GA with
momentum is defined by (3.5).

Xer1 =X +aVf(xy) +y(—xi-1) (3.5

where f is the objective function, x; is the last sampling point, and a and y are tuning
parameters for the learning rate and momentum. When the GA is applied in boresight
angle localization, (3.5) is rewritten as (3.6)

Pr:ample - Pr;
X1 =X+ @ A +y(xXr—Xxr-1) (3.6)
where Pr: ample io the sample used to generate the angular distance h apart from the

point where Pr; is sampled. Instead of taking Pr;mmp le _ Pr; and x; — x;_1, the devel-

oped Climber algorithm determines the next waypoint x;;; based on historical values
APry_j.; and Ax;_j.; = a;—1-1.4—1, which are longer correlations of the differentials of
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measured data on the trajectory. The proposed algorithm does not require manual
tuning of parameters and is expected to generate the trajectory more robustly than GA
by taking [ length of historical information, even in the presence of observation distur-
bances by RF noise, as will be confirmed in Section

3.3.3 RLsetting

From the above discussion, the observation is defined as APr;. Let us discuss the other
RL elements in this section. The state would be defined as APr, which is not affected
by the RF noise whereas APr; is disturbed by the noise. The relationship between the
state and observation is described as and the observation is not the true state i.e.,
POMDP.

APr; = APr,+noise (3.7)

POMDP tuple contains the observation function in addition to MDP tuple as described
in Section[3.2] The RL agent should internally learn the model of the observation func-
tion during training. The observation function is described as when the state is
defined as APr;.

P(APT1|APT 111, a1) (3.8)

The state could also be defined as the position of the UAV in the boresight coordinates.
However, if the observation function is defined as (3.9), it might cause extra complex-
ity to map observations to states besides the disturbance and the mapping between
positional state from APr;;, and a; may not be unique.

P(APr;1|positional state, a;) (3.9

Therefore the state is defined as APT,.

Next, the reward is defined. The reward function is represented as Z = E [rHllst, at].
For example, the reward could be defined as the negative angular distance between the
agent position and the boresight angle. With this definition of the reward, the agent
might naturally learn the efficient trajectory to reach the boresight angle with the min-
imum timesteps. However, since the state is defined as APr, the reward needs to be
as a function of APr rather than positional relation to the boresight angle for the same
reason used in state definition. Thus, one element of the reward is defined as APr
so that the objective of the agent is to maximize the difference of the received signal
strength between timestep ¢ and the end of the episode. To encourage the agent to
learn an efficient trajectory to reach the boresight angle with minimum timesteps, a
negative constant c is added to the reward at each step, and the episode is terminated
if the agent reaches the boresight angular position with threshold i or if the total steps
exceed maximum steps.

In summary, the RL setting is configured as below in Climber.

« State: differential of the signal strength without noise APT,
* Observation: differential of the received signal strength APr;
e Action: displacement Ax;

e Reward: APr,—c
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e Termination condition: the angular distance reaches below threshold i or total
steps reach the maximum.

3.3.4 Scaling of sequential observation

The obtainable APr, from the same action becomes smaller as the sampling point gets
closer to the beam peak. Also, the range of differential in observation gets smaller with
flatter beams. Since the shape of the beam has a large variety, the proposed algorithm
might suffer when the AUT has a wide beam. To mitigate this issue, the sequential ob-
servation could be transformed into a certain range by scaling them. The scaling func-
tion is described as when the range of observation sequence is fixed between
[0,1].
APr;i—min(APri_;.)

APr®= : (3.10)
max(APri_j.)) —min(APr,_j.;)

where APr}¢ is the ith element of the scaled value in the sequential observation be-
tween timestep ¢ — [ and 7. The sequential scaled observation APr;°, still holds the
information related to the beam shape unless the derivative of the objective function,
i.e., the antenna pattern, is described in the second order and all actions in the se-
quences are the same. On the other hand, the definition of the reward should not be
affected by this transformation. The reason is explained in the following example. As
long as the maximum signal strength on the trajectory between t—[+1 and ¢ +1 is ob-
tained by taking action a;, then the APr;¢, becomes 1 for any action in a certain range.
Namely, E [rt+1 |S¢, at] is not affected by any action a; in the range. Therefore, this scal-
ing function is applied solely to the sequential observation, and it is executed before
the input is generated for each neural network in LSTM-TD3p,1hc. The pseudo-code

to implement Climber guidance algorithm with scaling is described in Algorithm4]

Algorithm 4 Beam localization with Climber-sc

1: Initialize length [ of observation, action array o and a

2: Get initial observation og

3: while the angular distance = threshold do

Calculate scale APr;¢ in array o

5. Getaction u(APr(=APri°, ), ar-1-1:1-1)

6: Move drone and get measurement Pr;,; and calculate observation o4
7

8

=

Store action and observation in array o and a
: end while

3.3.5 Beam center localization

The guidance algorithm itself does not have the function to determine the beam cen-
ter position. The simplest method to produce the boresight angle estimation is to take
the position where the maximum power level was observed on the trajectory. How-
ever, it only relies on the data on the trajectory which may not hit the exact boresight
angle and would lack repeatability due to the disturbances. The data can be approxi-
mated by introducing a mathematical model to resolve the above-mentioned issue. A
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suitable model may vary depending on the trajectory. If enough amount of data is col-
lected uniformly around the peak of the beam and the shape is assumed to be smooth,
the antenna pattern around the area could be approximated by introducing a polyno-
mial model regression. Nonetheless, the trajectory to sample a number of data which
meets Independent and Identically Distributed (IID) condition may not be produced
by Climber. Since we aim to generate an efficient trajectory to reach the boresight an-
gle with this application, Gaussian Process (GP) Regression is considered. As found
in Bayesian Optimization[98], GP regression provides the conditional distribution of
the objective function via Bayes’ theorem based on the finite samples and does not as-
sume IID conditions explicitly. GP regression would be a suitable method to estimate
boresight angles based on the collected data by Climber.

3.4 Experiment

In this section, the proposed algorithm is evaluated based on a numerical experiment
which consists of two parts. Firstly we evaluate the Climber in comparison with GA[97].
Finally, the evaluation of methods for the localization algorithm and overall evaluation
as an application are conducted in the second part.

3.4.1 Training Environment

Meta parameters The radiation pattern is simulated by taking D/A as variables us-
ing the circular aperture model [99]. The constant in (3.4) is neglected, thus normal-
ized signal strength in the training environment is measured and the signal strength
at the boresight is 0 dB. D/A and SNR are randomly configured in every episode as
meta-parameters to create a new MDP. The range of D/ A is set to cover the entire VSAT
antenna beamwidth 03,5 (Fig[3.1) and the SNR range is set between 60 and 100 dB.

RL training environment The RL training environment is configured as follows:
* Reward: the constant c in reward is defined as 0.1.

e Termination: The threshold i is set to be 0.05° and the maximum episode length
is 100 steps.

e Initial condition: A reference coordinate system with azimuth and elevation axis
to describe the position of the UAV and boresight angle is introduced by taking
the initial position of the UAV as its origin. This point can be understood as the
initially estimated boresight angle in a real-world measurement scenario. The
boresight offset angle is randomly allocated within the angular distance of 9”’%
from the origin so that the UAV is placed on the main beam.

» Search range: The movable range of the agent is set to the range of [-1.5 x 9“"%

,1.5 % 9“"%] to prevent the UAV from being guided outside of the main beam.
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3.4.2 Evaluation settings

Climber evaluation The same environmental configuration is applied in the evalua-
tion environment. The algorithms are compared in the scenario where the generated
action from each policy is disturbed by zero-mean Gaussian noise. Based on the po-
sitioning accuracy of 30 cm cube (Section , the standard deviation of the action
noise is defined as o € [0.01,0.02,0.04] by roughly indicating the distance between the
AUT and the UAV as 600,300, 150m respectively. The algorithms selected for the per-
formance comparison are listed below.

* GA[97]: Sampling-based GA method with various parameter settings. The next
sampling point is decided based on two samples ideally on horizontal and direc-
tion though it can be affected by action noise. The parameters used in to
configure GA are provided in Table

* Climber: The algorithm developed in Section[3.3|without scaling of the observa-
tion sequence.

* Climber-sc: The algorithm developed in Section [3.3|with the scaled observation
sequence.

* Climber-d: The algorithm developed in Section 3.3|without scaling of the obser-
vation sequence. The reward is replaced as r; = —Ad;, where Ad; is the angular
distance between the UAV and the boresight angle, and the agent is trained based
on this reward to confirm the discussed hypothesis regarding the reward defini-
tion.

Table 3.1: GA parameters

Name a h

GA-0 0.01 0.01
GA-1 0.01 0.05
GA-2 0.05 0.01
GA-3 0.01 0.01 0.2
GA-4 0.01 0.01 0.8

o o o=

Localization evaluation The evaluation environment of localization evaluation slightly
differs from the training environment in order to compare with BO. The changes in the
environment are listed below:

e Termination: The maximum episode length is 50 steps without the threshold i
condition.

e AUT: AUT is configured to have 03,45 = 3.0° (i.e., Opnpw = 6.0°).

* Boresight offset angle: The angle is randomly allocated within a circle with a ra-
dius of 3° from the origin of the reference coordinate.
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e Search range: The movable range of the agent is set to the range [-3.0°3.0°]
along the azimuth and the elevation axes.

The termination condition is only defined by the number of steps so that the compari-
son focuses on which algorithm can collect informative data to estimate the boresight
offset within the budget of steps with efficient trajectories. Climber-sc is selected as a
guidance policy in this evaluation. The three estimation methods are compared using
the collected data by Climber-sc policy to estimate the boresight angle.

» RL: It takes the position where the strongest signal is observed on the trajectory.

¢ GP: The collected data on the trajectory is modeled in GP regression and the po-
sition where the highest value is found is taken. Particularly with this method,
the estimation includes the estimated mean value and its variance.

¢ Polynomial estimating (Poly): The estimation is made by polynomial model op-
timization using Broyden, Fletcher, Goldfarb, and Shanno (BFGS) method [100]
based on the collected data. This estimation algorithm was developed by Quad-
SAT.

The final application performance in this scenario is compared with BO [98]. The
"Lower Confidence Boundary (LCB)" [101] is selected as the acquisition function for
BO since it showed better accuracy and total travel distance compared with "Expected
Improvement (EI)" [98] and "Maximum Probability of Improvement (MPI)" [102] dur-
ing the preliminary experiments. The implementation of the BO is based on GPyOpt
(103].

3.4.3 Results
3.4.3.1 Climber evaluation

The results of the Climber evaluation were averaged from 5000 trials. In this evalua-
tion, the performance of algorithms is evaluated in terms of success rate, total distance
in success, and total distance standard deviation in success. If the guided waypoint
reaches threshold 0.05° within 100 steps, the trial was considered to be successful.

Effect of action noise Firstly, the performance is compared between the aforemen-
tioned Climber-based algorithms and GA-based algorithms with various action noises
as illustrated in Fig. The horizontal axis shows the standard deviation of the action
noise o. The Climber-based algorithms (Climber, Climber-sc, Climber-d) achieved a
success rate of more than 90% regardless of the existence of action noise while GA-
based algorithms showed degradation of success rate with increasing action noise

(Fig. . Climber-sc achieved the highest success rate in all action noise cases, fol-
lowed by Climber. In the total traveling distance in successful cases (Fig. [3.6b), GA-
0, GA-3 and Climber showed the shortest distance when there was no action noise.
However, the performances in the total distance of GA-0 and GA-3 together with GA-
1 GA-4 were greatly affected by action noises. These four GA-based algorithms have
a common parameter a = 0.01 which decides the learning rate. Since the step size is
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smaller than GA-2 with a = 0.05, their trajectories were more sensitive to action noise.
Meanwhile, the total distance traveled in successful cases by Climber-based algorithms
was less influenced by action noise and could generate stable trajectories as it showed
smaller standard deviations of the trajectory compared with GA-based algorithms. The
results demonstrate that Climber-based algorithms could robustly reach the boresight
angle without the need for parameter tuning regardless of the existence of action noise.
Among the Climber-based algorithms, Climber-d performed the worst across all eval-
uation parameters. As we hypothesized, the mismatch between the reward definition
(negative angular distance to the boresight angle) and the observation definition (APr)
caused the difficulty in learning. The success rate of Climber-sc is higher than that of
Climber, and the total distance traveled by Climber-sc is slightly longer than that trav-
eled by Climber. This is because of the trials where Climber-sc successfully finished
the mission with long travel distances whereas Climber did not as it will be confirmed
in later sections.
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Figure 3.6: Performance comparison with various action noises

Effect of SNR Secondly, the effect of SNR is examined. SNR is divided into seven cat-
egories shown on the horizontal axis in Fig.[3.7/and data within each category were av-
eraged. Although the success rates of any algorithms did not change, the total traveling
distances and their standard deviations of GA-based algorithms except GA-1 and GA-4
were affected by SNR range. The trajectory became less efficient and got more variance
as SNR got smaller. Meanwhile, the Climber-based algorithms maintained consistent
performance across all SNR ranges. Note that we propose to use the sequential infor-
mation through LSTM network to overcome the POMDP issue. The simulation results
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confirm the issue caused by the noise is effectively mitigated. GA-4 has a high value of
momentum parameter y and hence its trajectory was generated by the highly weighted
previous direction of move. Therefore, like the Climber-based algorithms, its trajectory
was not influenced by SNR. The characterizing parameter of GA-1, which is & = 0.05,
defines the distance to the sampling points. The trajectory of GA-1 did not show the
effects of changes in SNR since the measured signal strengths at sampling points were
distinctive regardless of the RF noise.
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Figure 3.7: Performance comparison with various SNR

Effect of beamwidth Next, the influence of the beam shape is assessed. The shape
of the beam is categorized by 03,45 and the results are shown in Fig. of which the
horizontal axis describes the range of 63,5. As Fig.[3.8aillustrates, the success rate of
algorithms varies depending on the shape of the beam. The success rates of GA-0, GA-
1 and GA-3 improved as 63,45 increased up to the range of 1.5°-2.0°, after which the
performance started to degrade. When the beam is narrow, they did not converge be-
cause the step size was too large for the beam shape. This also explains the low success
rate found in GA-2 and GA-4. In the given environment setting, a wider beam results
in alarger mean initial angular distance between the UAV and the boresight angle. The
performance degradation beyond this range is likely due to the steps being too small
to reach the boresight angle within 100 steps. This will be confirmed in the following
evaluation. Climber and Climber-d showed significantly lower success rates when 03,5
was larger than 2.5, while Climber-sc kept high success rates in the entire range. As dis-
cussed in Section[3.3] the observation without scaling was less distinctive in large areas
when the beam was wide. Fig.[3.9|illustrates the trajectory of Climber and Climber-sc

54



Chapter 3. Boresight localization 3.4. Experiment

when the same environmental parameters were set (SNR= 80dB, 3,5 = 3.5, boresight
angle was [—2.0,2.5]). The position of the UAV, the received signal strength, and the
angular distance to the beam center on the trajectory are represented in the figure.
The UAV guided by both algorithms arrived near the beam center at around step 30.
However, the Climber algorithm could not guide the UAV precisely after this step and
ended up loitering around the peak till the end of the episode. Climber-sc reached
the threshold distance at step 38, as indicated by the "done" label in the figures. Al-
though the episode should be terminated in this evaluation environment, the episode
was extended to 100 steps to show the behavior for the next localization evaluation.
The success rate of Climber without scaling could be improved by training the network
on a smaller dedicated range of the beamwidth. However, the solution would no longer
cover the entire targeted range of beamwidth. Therefore, the Climber-sc approach was
effective.

The average total distance in success and its standard deviation became larger as the
beam width increased. The total distances in the success of Climber and Climber-sc
were similar until 6345 is 2.5 (Fig.[3.8b). Beyond this range, the trajectories became
longer due to the loitering behavior.
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Figure 3.8: Performance comparison with various beamwidth

Effect of distance The performances are compared by taking the initial angular dis-
tance between the UAV and the boresight angle as shown on the horizontal axis of
Fig. The initial angular distance is categorized into 10 by 0.5° intervals, rang-
ing from 0° to 5°. As discussed in the previous evaluation with the beam shape, GA-0,
GA-1, and GA-3 could not reach the beam center due to the small step size when the
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Figure 3.9: Trajectory comparison

distance to cover was large, while GA-2 and GA-4 could thanks to the increased step
size produced by the high learning rate @« or momentum weight y.

The success rate of Climber and Climber-d showed degradation as the initial distance
increased. Owing to the UAV’s initial position being set within the range of 6”’% to
position the UAV on the beam, the larger initial distance corresponds to larger beam
width. Therefore, the success rate deteriorated because of the flatness of the beam.
Climber-sc maintained high success rates, and the total distance increased almost lin-
early as the initial distance to the boresight angle increased without increasing the
standard deviation. This confirms the stable performance of Climber-sc across all dis-
tances and beam shapes.

Fail case of Climber-sc The trials in which Climber-sc failed are examined. Fig.
plots all trials with respect to the relationship between the initial distance to the bore-
sight angle, the beam center, and FNBW. The blue dots and orange dots represent suc-
cesses and failures respectively. As it illustrates, Climber-sc failed only when the initial
position was at the edge of the main beam.
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Figure 3.10: Performance comparison with the distance to go

Empirical radiation pattern To evaluate whether the developed algorithms can be
applied to more realistic environments, they were tested on the antenna pattern con-
structed based on empirical measurements provided by QuadSAT. The patterns were
asymmetrical, and the signal strength was based on actual measured values, which do
not neglect the constant in (3.4), unlike the training environment. Table 3.2]shows the
performance results of the Climber-based algorithms. The 65,45 values of "Pattern1"
and "Pattern2" range from 2.99° - 3.28° and 2.52° - 2.6° respectively, depending on the
cut direction of the beam. The maximum initial distance to the boresight angle was
set at 3°, and the UAV’s angular position was randomly initialized within this range.
The results demonstrated that the developed algorithm is effective in realistic environ-
ments. Notably, Climber-sc achieved a 100% success rate after 1000 trial runs.

Table 3.2: Performance in empirical radiation pattern

pattern method success rate total dist. in suc. total dist. std. in suc.
Climber 0.798 4.068 1.607
Patternl Climber-d 0.814 5.838 2.555
Climber-sc 1.0 2.848 1.445
Climber 0.969 3.28 1.638
Pattern2 Climber-d 0.994 4.23 2.147
Climber-sc 1.0 2.632 1.38
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3.4.3.2 Localization evaluation

In this section, the boresight angle is numerically estimated by applying the data col-
lected by the Climber-sc policy to the described estimation methods. Then, the overall
application performance is compared with the BO beam localization method.

Estimation method Fig. shows the estimation error and its standard deviation
comparisons using "RL", "polynomial estimation" (labeled as "poly" in the figure), and
"GP", as discussed previously. The positions of the data sampling before reaching the
area of the boresight angle are biased, while the polynomial regression expects IID con-
ditions from the provided data. Hence, the collected data were omitted if the power
level was below a specific criterion in dB relative to the maximum signal strength on
the trajectory. The numbers in brackets on the label represent this criterion. The accu-
racy of the polynomial estimation varied depending on the criterion (Fig[3.12a). Addi-
tionally, the performance improved or unchanged when the action noise was larger be-
cause the data was more randomly distributed as the data set became closer to the IID
condition. Although this method could achieve the highest accuracy with the smallest
standard deviation of error (Fig[3.12b) when the criterion was set at 1dB, "poly(1.0)",
and the best criterion would be different depending on the beam shape. The Climber-
based policy is not suitable unless its trajectory is designed to satisfy the IID condition.
The polynomial estimation method would be more appropriate when the sampling
points are uniformly distributed, like in a raster scan. The estimation from RL exhibited
the worst estimation performance because the estimation relies solely on the corrected
data. This method also lacks repeatability, as shown by the high estimation error stan-
dard deviation. This result underscores the importance of constructing a model based
on the samples. GP regression is the most suitable estimation method to apply to the
data from Climber-sc since GP regression does not explicitly assume IID data and it
showed comparable and robust accuracy in the results, regardless of the action noises.

Comparison with BO Climber and BO [98] are evaluated in this scenario where the
initial position of the UAV is on the main beam. Table describes the numerical
simulation results when the step size is limited to 50. BO does not have prior knowl-
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Figure 3.12: Estimation accuracy comparison

edge of the general beam pattern. Therefore, its trajectory is initially highly focused
on exploring the entire search domain, resulting in a much higher total travel distance
compared to Climber-cs. The acquisition function LCB in BO seeks to find points in
the search domain where the antenna gain is expected to be high and uncertain, and
the trade-off between exploration and exploitation is decided by a tuning parameter.
The estimation accuracy of Climber-sc was higher than that of BO. The accuracy of BO
improved as the action noise increased. This would indicate that the parameter to bal-
ance exploitation and exploration in BO was not optimally tuned because the accuracy
was improved by consequently encouraging exploration by the action noise. The esti-
mation from Climber-sc was superior because the UAV, guided by Climber-sc, moved
slightly but more consistently than BO after reaching the center, as shown in Fig.
However, the estimated amplitude and its variance of Climber-sc were inferior to those
from BO, as it does not interact with the GP regression model.

3.5 Conclusion

In this work, an application to localize the boresight angle of the AUT for UAV-based
measurements was developed. We devised a guidance algorithm, Climber-sc, based
on an RL algorithm. The RL algorithm takes historical actions and observations on the
trajectory as its inputs to overcome the challenge of POMDP. By defining RF elements
appropriately, Climber-sc could robustly guide the UAV to the boresight angle, irre-
spective of conditions such as SNR, beamwidth, and initial angular distance to the tar-
get angle under positioning disturbances, if the UAV was initially located on the beam.
Together with the GP regression model, the boresight angle was localized with an ac-
curacy of around 0.004°.

The trajectory of Climber-sc after reaching the beam center was not developed in this
study. The guidance policy could be a hybrid of Climber-sc and other algorithms such
as the combination of raster scan and polynomial estimation or BO in a small search
space. The mechanism of handing over the guidance policy should be explored further.
More importantly, this work assumes that the UAV was initially located on the beam.
The likelihood to have this condition depends on the beamwidth of the AUT and the
expected boresight offset which might vary in each AUT evaluation. The development
of an algorithm to roughly localize the beam should be a focus of our future work.
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Lastly, the beam was localized considering a two-dimensional surface. This method-
ology could be extended to a three-dimensional strategy. If the beam center can be
localized on the way to reach the evaluation range, the continued AUT evaluation can
be instantly started, thus potentially saving significant operational time.
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Table 3.3: Localization comparison
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Chapter 4

UAV-based satellite communication on
the move depointing measurement for a
phased array antenna

Abstract

A method for numerically measuring depointing angles of Satellite-Communication-
On-The-Move terminal antenna is developed. The developed application is dedicated
to the evaluation of phased array antenna where the radiation pattern varies depend-
ing on its steering angle. Multiple unmanned aerial vehicles with radio frequency pay-
loads are guided by a reinforcement learning-based algorithm to track the boresight
of the antenna under test. The problem is analyzed as a Partially Observable Markov
Decision Process to implement a reinforcement learning algorithm. Due to the limita-
tion of the practically available number of sensors and the infeasibility of collecting all
possible radiation patterns, a standard framework for Partially Observable Markov Pro-
cess, which generally contains an external estimator, is not applicable. The proposed
method does not utilize an estimator and is not restricted by the range of depointing.
The results showed accuracy that meets the industrial requirements and demonstrated
the feasibility of a new way of depointing measurement. Additionally, by introduc-
ing an imaginary agent, the required number of UAVs is effectively reduced without
compromising the performance quality. The proposed method would enable on-site
phased array terminal antenna depointing measurement without exhaustive data col-
lection.

4.1 Introduction

Satellite-Communication-On-The-Move (SOTM) is nowadays a commonly used ap-
plication that maintains communication between mobile terminals and satellites. A
SOTM system comprises an antenna, which is mounted on the vehicle, a satellite mo-
dem, and an Antenna Control Unit (ACU). The angle of offset between the boresight
and its target direction is numerically measured as "depointing". The ACU generally
has an automatic pointing algorithm to compensate for the motions generated by the
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vehicle so that the antenna stays pointed toward a target satellite, minimizing the risk
of undesirable adjacent satellite interference. SOTM systems are widely applied in land
mobile, maritime, and aeronautical applications [104, 2]. The types of terminal anten-
nas used for SOTM systems are Very Small Aperture Terminals (VSATs) or Electronically
Steerable Antennas (ESAs). For installing the SOTM terminal antenna on the roof of ve-
hicles, ESAs are more beneficial solutions compared to conventional reflector anten-
nas, such as VSAT, since they are more compact and offer instantaneous beam steer-
ing [105} 106]. While conventional mobile communications are established between
satellites in geostationary orbit (GEO), a number of satellites were recently launched
in Low-Earth-orbit (LEO) and Medium-Earth-orbit (MEO). Establishing seamless com-
munication with satellites on Non-Geostationary Satellite Orbit (NGSO) is more chal-
lenging for SOTM applications since it requires further dynamic tracking of the in-
tended satellite and handover.

Harmful interference is a critical issue. According to a survey, the satellite industry
frequently suffers from satellite interference [107]. The characteristics of interference
caused by SOTM systems are fundamentally different from the ones caused by fixed
terminals since they appear randomly and intermittently. Hence, it is difficult to detect
the source of interference and rigorous verification of SOTM systems is essential to pre-
vent interference [2]. Satellite operators are responsible for ensuring that their users’
communications do not interfere with other satellite communications and every satel-
lite operator has their own requirement for type approval [6]. International organiza-
tions, such as Federal Communications Commission (FCC), International Telecommu-
nication Union (ITU), and European Telecommunications Standards Institute (ETSI),
also provide their recommendations [108, 109, [110]. Particularly, Satellite Operator’s
Minimum Antenna Performance (SOMAP) was generated by Global VSAT Forum (GVF)
and industry-leading satellite operators to set minimum performance criteria [4]. Specif-
ically, SOTM systems are subject to special requirements in terms of depointing and
cessation of emissions. SOMAP stipulates that the allowable depointing is 0.5° and
transmission cessation should occur within 100 milliseconds if depointing exceeds 0.5°
[5,147]. To provide a comprehensive evaluation of SOTM terminal antennas in the far-
field, Fraunhofer IIS and Ilmenau University of Technology have developed a Facil-
ity for Over-the-air Research and Testing (FORTE), accompanied by extensive research
[111]. FORTE is currently operated as an Authorized Test Entity (ATE) of the GVE In de-
pointing measurements conducted at FORTE, a signal is transmitted from an Antenna
Under Test (AUT), with the signal being received at sensors placed in the far-field. The
AUT is mounted on a motion emulator which simulates the angular motion of the in-
tended vehicle based on motion profiles [7]. Five sensors are attached to a tower on a
horizontal and vertical axis and their intersection point. Depointing is derived by cal-
culating the correlation between the measured signal strength and the reference table.
This method may have several drawbacks, despite the test result satisfying the required
measurement accuracy of 0.05°. First, it requires a vast, stationary facility. The mea-
surement process might be too time-consuming to handle the demand for evaluations,
given the rapidly increased number of user terminals due to the growth of the satellite
industry. Second, sensors are fixed at specific positions. The accuracy of the method
is sensitive to sensor positioning with respect to boresight angle. However, it does not
allow dynamic sensor positioning during the measurement. Therefore the measure-
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ment accuracy may vary depending on the depointing and the measurable range of
depointing is limited. Also, due to the static sensors, the facility is incompatible with
the scenario where AUT communicates with Non-Geostationary Orbit (NGSO) satel-
lites. Finally, the method requires reference tables. The radiation patterns of phased
array antennas vary depending on the steering angle, and collecting all possible refer-
ence data is not feasible, as pointed out in [111].

In recent years, Unmanned Aerial Vehicle (UAV)-based antenna measurement has re-
ceived a lot of research and industrial attention. Airborne RF measurements leverage
UAVs to gather Radio Frequency (RF) data, facilitating antenna measurements [112}
28]. The UAV carries an RF payload to transmit or receive a signal from the AUT. Based
on the collected RF data, such as power level and phase, and positional data of the
UAV, antenna diagnoses are performed. The UAV-based measurement has practical
benefits for the industry since it does not require bulky test facilities and the AUTs
are evaluated on-site in a real operating environment. Furthermore, the UAV-based
measurement system can adjust the sensor positions during the test and offer flexible
testing scenarios, e.g.,[113]. However, to the best of our knowledge, there is no existing
work regarding UAV-based depointing measurement despite its importance.

In this study, we propose a method to guide UAVs with RF sensors to accurately eval-
uate SOTM terminal antenna in terms of depointing, especially for phased array an-
tennas. To evaluate a phased array antenna, the previously mentioned method used in
FORTE is not applicable, since available reference data are limited. Therefore, we pro-
pose to estimate the direction of boresight using multiple UAVs, under the assumption
that no specific reference data are known in advance. The multi-agent system could
be categorized as "team", "formation", and "swarm" based on the number of agents
[114]. The "team" consists of fewer than 10 agents and "formation" and "swarm" as-
sign categories include more than 10s of agents. If a "formation" or "swarm" of UAVs is
available, the beam direction could be estimated by simultaneously reconstructing the
shape of the beam based on the measured data at each UAV. There might be even may
even be no need to reposition the UAVs during the measurement. Nonetheless, oper-
ating more UAVs increases logistical and operational complexity, as well as costs, and
time for evaluations. It would be more practical to utilize UAVs in the range of "team"
for real-world implementation as a service. When the number of available sensors
is limited, UAVs should be dynamically positioned to maintain the estimation accu-
racy. Consequently, the decision-making process to guide UAVs must be instantaneous
without exhaustive calculation. We propose the use of a Reinforcement Learning (RL)
algorithm for this problem which maps observation to action spontaneously via a pre-
trained neural network. The contributions of this work are summarized below:

* The problem is analyzed in Section[4.3] The standard framework of Partially Ob-
servable Markov Decision Problem requires an external estimator to maintain
recursive updates. However, this approach is not feasible in this case, as the ex-
plicit measurement model is unavailable and the full state of the AUT is not di-
rectly observable. Hence, new frameworks are proposed to cope with this issue.

* The RL-aided guidance algorithm for UAVs without using an estimator is pro-
posed in Section The proposed algorithm identifies the transition of the
motion of the boresight angle and the pattern transition. The algorithm is inde-
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pendent of the reference coordinate system and hence, the developed method is
applicable to the NGSO scenario.

* Keeping the required number of UAVs as small as possible is beneficial in prac-
tice. We discuss how the measurements taken at the boresight provide less useful
information for decision-making. From this analysis, we introduce the concept
of an imaginary agent (Section(4.3).

* The proposed algorithms are evaluated by numerical simulation results (Sec-
tion[4.4). The performance is compared with other methods from the perspec-
tive of accuracy, trajectory stability, the required number of UAVs, their forma-
tion, and the robustness of the accuracy when action noise is considered. It was
identified that the accuracy of the depointing measurement could reach 0.05°
with a minimum of 3 UAVs.

4.2 Preliminary

In order to describe the problem and characteristics of the proposed RL algorithm, we
provide some preliminary information in this section.

4.2.1 FORTE method

The method for depointing measurement at FORTE [111] can be described in three
steps.

1. Create a reference table based on radiation patterns for five sensors placed at
specific positions. The reference table may consist of the following items: de-
pointing angle and expected signal strength at each sensor.

2. Record the received signal strength received at each sensor when the AUT is on
the move.

3. Calculate the correlation between the measured signals and the reference table.
Depointing is indicated by the angle which shows the maximum agreement.

The targeted measurement accuracy was set to 0.05° in the development [111] which is
10% of the allowable depointing stated in [5}/47]. Hence, this work also targets to reach
0.05° measurement accuracy. The measurement accuracy of FORTE to evaluate re-
flector antennas, which have static radiation patterns, satisfied this requirement when
the sensors were placed at the optimal positions based on the function developed in
[I11]. The function for optimal sensor placement is a function of Signal-to-Noise Ra-
tio (SNR) and 3 dB beamwidth. The physical meaning of this function is that the re-
ceived power is increasingly affected by RF noise as the power level decreases when
it is measured in dB units. Also, as the beam becomes flatter, a smaller deviation be-
tween measurements is obtained, making it more difficult to detect depointing based
on the reference table. The parameters of the function were tuned to find an optimal
balance between the noise effect and the distinctiveness of the observed signal, based
on numerical simulation and statistical analysis. In [111], the method was also applied
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in phased array antenna measurements. The reference table was prepared for a spe-
cific steering angle. However, due to the mismatch between the reference data and the
actual steering angles operated during the measurement, the accuracy did not meet
the expected requirement. An alternative method proposed to increase the number of
sensors to reconstruct the beam pattern simultaneously instead of using a reference
table. However, increasing the number of sensors is not preferable, especially for UAV-
based measurements, as it may increase operational complexity, cost, and accident
risk.

4.2.2 Phased array antenna

To illustrate the challenges of the method in FORTE that utilizes a reference table for
phased array measurements, and to analyze the problem, we describe the behavior of
a phased array antenna as follows.

A phased array antenna comprises multiple stationary antenna elements. The beam
is concentrated toward a target direction by controlling the phase of the signals. With
this technology, a higher antenna gain can generally be achieved compared to reflec-
tor antennas. The elements need to be fed coherently to steer the main beam toward
target angles in space using variable phase or time-delay control. The pattern may also
vary depending on the amplitude control of each element. The phased array antenna
pattern is described in [115] as

Array Pattern = Element Pattern x Array Factor (4.1)
Namely,

E®,¢)=fO,$) Y |am,nlexp(jko(mdsy(u— up)
mn (4.2)
+ndy (v —vy)))

where ko =27/ 1o (A is wavelength), f(0, ) is the element pattern in elevation 0 and
azimuth ¢ directions, |a,,,,| is the weight amplitudes, m, n, dy, d, are element num-
bers and cell distances in two axes respectively, u = sinf cos¢, v = sinfsin¢ are di-
rection cosines, and uy and v, are the beam direction in u-v space when beam peak
is placed at (0, ¢o) [115]. Figure shows the simulated 32 x 32 element rectangular
phased array antenna patterns with various steering angles. The element factor is de-
fined as cosine shape and element spacing and frequency are configured as 1¢/2 and
14GHz. As can be observed in Figure[4.1} the basic behavior of a phased array antenna
is that the beamwidth and scan loss of the main lobe becomes larger as the steering
angle is increased [116]. Also, the beam becomes narrower when the number of ele-
ments is increased. The precision of pointing is affected by the number of elements,
spacing, and bits utilized for phase shifting [117].

Due to the impracticality of creating reference data for all possible radiation patterns,
the method used in FORTE cannot accurately measure depointing. Currently, there is
no existing solution for evaluating phased array antenna depointing for SOTM applica-
tions, and the patterns are often evaluated using antenna simulators. Therefore, a new
approach for measuring depointing that does not rely on reference data is necessary.
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Figure 4.1: Simulated phased array antenna with various steering angles

4.2.3 LSTM-TD3;haihc

The developed solution utilizes an RL algorithm. RL is one of the branches of machine
learning techniques where an agent learns the optimal policy by interacting with the
environment instead of requiring a model of the environment. The environment pro-

vides the state s; and reward r; at timestep f. The agent generates action a; based
on the state s;. The reward r; is the evaluation of the action when the agent is at the
state s;. When the true state is not available due to disturbances or limited sensors, the
problem is referred to as a Partially Observable Decision Making Process (POMDP). In
POMDPs, it is common to use sequential observation as input to the policy through an
enhanced Recurrent Neural Network (RNN), such as Long-Short-Term-Memory (LSTM)
[51] or Gated Recurrent Unit (GRU) [52]. When the environment dynamically changes
due to non-static disturbances to observations or by its inherent nature like this prob-

lem, it is beneficial to consider sequential actions as well as sequential observations
as inputs to the network. By considering both sequences, the causality between them
can be internally identified, and the agent can dynamically adjust its policy to the envi-

ronment. LSTM-TD31,11.[94] was developed to provide robustness in such situations.

Unlike conventional test facilities, the UAV-based measurement system allows the UAVs
to dynamically change their positions during the measurement. The proposed method
tracks depointing by positioning UAVs with RF sensors around the boresight, as will be
discussed in Section[4.3] To realize this approach, LSTM-TD31pha1hc[94] is implemented
as a guidance algorithm for the UAVs. As it was described, there is an existing transition
pattern of the radiation pattern in a phased array antenna. Also, it may be possible to

construct a dynamic model of the boresight, even though the steering angle is digitally
controlled. In this kind of environment, LSTM-TD3pa11c could internally model these
transitions from the sequential information and guide the UAV to the boresight angle.
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4.3 Method

In this section, considered test setup and coordinate system are introduced to define
the problem. Then, the problem is conceptually analyzed to define RL environment.

4.3.1 Measurement setup

The considered real-world measurement setup comprises UAVs with a receiving RF
payload, an AUT, and a motion emulator, as shown in Fig. The angular motion
of the intended vehicle is generated at the motion emulator based on the motion pro-
file [7], while the AUT steers its beam towards the target direction to compensate for
the motion. We introduce coordinate systems defined by azimuth and elevation [118].
Fig. shows a projection of the elements on a measurement surface, illustrating the
considered coordinate systems in a Cartesian coordinate system. The reference coor-
dinate system with origin Og defines the target direction, the realized boresight an-
gles, the angular position of the agents, and the angular motion caused by the motion
emulator. A typical phased array antenna has an operation range of steering angles,
illustrated as a gray shadow in the figure. The second coordinate system is the AUT
coordinate system with origin Oy, which is attached to the motion emulator. The
angle towards the target direction seen from this coordinate defines the ideal steering
angle for the AUT. If the angular motion of the motion emulator and steering angle are
zero, the AUT’s boresight is projected onto the origin Og.

Target direction

*

. _ Elevation
b ¥ Realized boresight y
-> % Target directi
get direction b 4 %
¥ UAV .
K depointing
RX ¥ > S
C (_}Qf -
v [ . Or  Azimuth
Oavr
Motion
emulator
(a) Real-world evaluation setup (b) Coordinate systems

Figure 4.2: Measurement setup

4.3.2 Obijective of guidance

The objective of this application is to estimate the direction of the boresight angle.
When only the signal strength is available from the environment and the measurement
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model is not, the estimation cannot rely on time-series information via a recursive up-
date (e.g., the Kalman filter) but must solely depend on the current observation. De-
pointing may be estimated by two methods: either (a) applying the observed received
signal strength and its measured position to a mathematical model and obtaining de-
pointing from the constructed model, or (b) using the agent’s ideal position. In this
work, a polynomial model is selected for method (a), and is referred to as "polynomial
estimation". The accuracy of the polynomial estimation is sensitive to the position of
the sensors and the number of samples simultaneously collected at different positions.
Method (b) does not rely on an explicit model like method (a). Instead, the estimation
is obtained based on the ideal position of a selected agent, which is the waypoint gen-
erated from the RL. The realized position of the agent might contain errors due to dis-
turbances. The term "ideal" position differentiates it from the realized UAV position.
This approach is named "positional estimation" in this paper. The positional estima-
tion requires one of the agents to be located at the boresight angle. Additionally, for
polynomial estimation, the estimation accuracy should be improved if the measure-
ment is taken at the boresight angle. Therefore, the objective of the guidance should
be to dynamically place one of the agents at the moving boresight angle.

When the agent’s waypoint at timestep ¢ + 1 is set to the estimated boresight angle at
timestep f, based on the measurement at #, there is a delay in estimation at £+ 1. It
would be beneficial if the guidance policy could predict the boresight angle at ¢+ 1
based on the current measurement and generate the waypoint to the predicted angu-
lar position of the boresight. Hence, the objective of the guidance is restated to place
one of the agents at the predicted boresight angle at 7+ 1.

The agent intended to be on the boresight angle is called a central agent. The other
agents, referred to as subset agents, are placed around the central agent and collect
measurements. With all the collected data, the estimation is performed, and the guid-
ance algorithm generates trajectories.

4.3.3 Problem analysis in POMDP framework

To analyze the problem, let us consider a simple dynamic model of boresight angle and
measurement model at the origin of the reference coordinate system Og. The dynamic
model could be assumed as (4.3).

0,

at] -

where At is the sampling interval time and 6 and 8 , 6 represent angle, angular velocity
and angular acceleration respectively. The measurement model at Oy is defined as
(4.4) since the available measurement from the environment is only signal strength
and the angular velocity does not contribute to the signal strength.

1 At
0 1

= 0, 4.3)

1A 42
1nt
At

Qt+1
0141

Pr; = [f,o] gi (4.4)

where Pr; is the received signal strength and f is a hypothetical function related to
(4.2). If we analyze the observability of this system, it is found that this system is not
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observable. Therefore, the prediction of the boresight at ¢ + 1 cannot be formulated
explicitly.

The system under consideration is not observable and the measurements contain noise
in this problem. When the agent has no access to the true state of the system, the
problem is categorized as POMDP. The standard framework to approach POMDP is
illustrated in Fig. [49,[70]. The estimation is recursively updated based on the cur-
rent observation, previous estimation, and action, utilizing measurement and dynamic
models of the system. However, antenna models are hard to obtain and the states of
the system are not observable. Therefore, the external estimator utilizing recursive up-
date in Fig. is not available for this problem.

Some available strategies, in this case, are depicted in Fig. and Fig. as "fram-
eworkl" and "framework2", respectively. It might be possible to predict the bore-
sight angle at ¢ + 1 by processing the available information (i.e., observation, action,
and output of the estimator) from the previous timesteps at the policy. Frameworkl
more closely resembles the standard PODMP as it contains an external estimator. In
frameworkl, the policy considers all available information from the current and pre-
vious timesteps including the output from the estimator. Provided the estimation is
sufficiently accurate, taking the values from the estimator might add valuable informa-
tion. However, due to the limited number of sensors, obtaining accurate estimations
might be challenging. Therefore, we propose the structure seen in Fig. which
omits an external estimator, and action is generated solely based on the observations
from the previous and current timesteps and previous actions. LSTM-TD3ha1hc[94]
utilizes [ length of past sequential information from ¢ -1 to £—1 and the available infor-
mation at ¢. By considering the sequential information, which includes disturbances
from the noise, LSTM-TD3pa1he should find the causality between them and learn to
identify the pattern of the transition of the radiation pattern and boresight dynamic to
conduct targeted guidance.

4.3.4 RLsetup

Based on the above discussions, POMDP tuple to implement RL is defined in this sec-
tion.

State and observation In RL, there are two types of "state": the "environment state"
and the "agent state" [119]. The environment state is the private representation of the
environment in which the observation and reward are determined. In the problem
under consideration, the environmental state could include the state of the AUT, AUT
configurations, and the radiation patterns of the AUT which are not visible to the RL
agent and may not be relevant to decision-making for the defined guidance objective.
The agent state is the internal representation of the agents and the action is based on
the agent state. In POMDPs, the action is generated from the observation, which can
be disturbed or limited, rather than the agent state. Since the guidance objective is to
place the central agent at the boresight angle, the state must have a positional interpre-
tation between the agent and the boresight angle. The agent position on the reference
coordinate system is independent of the AUT coordinate system. Therefore, the agent’s
position in this coordinate system does not contribute to decision-making. The rela-
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Figure 4.3: Structure diagram

tive position between the estimated boresight angle from the estimator could provide
useful information if it is accurate. The received signal itself also has an implicit rela-
tionship between the agent position and the boresight angle as found in (4.2). There-
fore, the elements of the observation should either be defined as the relative angular
state of the agents with respect to the estimated boresight angle and received signal
strength, or only signal strength.

As such, when the frameworkl with an external estimator illustrated in Fig. is se-
lected, the observation is defined as [Aaz s P?:N ] , where Ad, is a realized vector between
the angular position of the central agent and the estimated center, and P¥" is the re-
ceived signal strength from N number of agents. On the other hand, the observation
of the algorithm using the structure without an external estimator (Fig. is set to
be [P?:N ] . Although the range of received signal strength varies depending on the test
configuration (e.g., transmission power level and distance between the sensor and the
AUT), the received signal strength for RL can be normalized at steering angle zero since
it is valid to assume that the signal strength at the boresight angle with steering angle
zero is easily obtained in this scenario.
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Reward Since the state and observation have the interpretation of the positional re-
lationship, the reward is also defined as (4.5).

ry = —Ad[—0.0IAat (4.5)

where Ad; is the angular distance between the central agent and realized boresight
angle and Aa;, is the displacement of the agent to prevent aggressive and inefficient
maneuvers.

Action The action is configured as the displacement of the agents. This approach
makes the developed application applicable to the NGSO scenario by avoiding the
utilization of absolute position values. In this work, a fixed formation is considered.
Therefore, both the central and subset agents receive the same action from the policy.

4.3.5 Imaginary agent

The agent, in the above descriptions, is understood as UAVs. However, the agent could
also be an entity that does not perform the measurement but is involved as a part of
the RL system. In such a case, the agent is referred to as an "imaginary agent" in this
work, and a UAV is not assigned to this agent.

It is preferable to use a smaller number of UAVs for the practicality of the application.
The shape of the beam around the beam peak (i.e., boresight) is generally flat and not
distinctive. Especially when the depointing is estimated by the "positional estimation"
method from framework? (Fig.[4.3c), it might be able to maintain the estimation accu-
racy without assigning a UAV at the central agent because the obtained signal strength
at the central agent would be less informative due to its lack of distinctiveness, as dis-
cussed. Therefore, it might be feasible to designate the central agent as an imaginary
agent that does not provide information. In this case, observation is replaced by P}:N ,
labeling the central agent as agent 0.

4.4 Experiment

4.4.1 Environment

Antenna pattern of AUT The RL system is trained with the antenna model, as de-
fined in Section[4.2]} as illustrated in Fig. In a real-world evaluation setup, a motion
emulator simulates the angular motion of the intended vehicle based on its motion
profile (Fig.[4.2a). The AUT compensates for the angular motion by steering the beam.
Depointing is caused by a misalignment between the target direction and the actual
beam direction. To simulate this test setup, the dynamics of the AUT are decomposed
into two parts: base angle and depointing. The base angle represents the angular state
of the motion emulator, and depointing represents the misalignment angle. Therefore,
the actual steering angle of the AUT at the AUT coordinate is given by

steering angle = boresight angle = —base angle + depointing. (4.6)
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Based on the calculated steering angle, the radiation pattern at that moment is simu-
lated. Furthermore, the signal strength at each UAV is calculated at the transformed an-
gular position of the UAV position on the AUT coordinate. The observed signal strength
is disturbed by simulated RF noise defined by SNR with respect to the beam peak when
the steering angle is zero.

AUT dynamic model In the simulation, the motion of the base angle and depointing
is simulated by generating random acceleration. The dynamic model of the AUT is
governed by (4.3), with At = 0.1, and the angular acceleration is randomly generated

as per (4.7).

0;~ U(a,b) (4.7)
where [a, b] = [-1.0,1.0] for base angle and [a, b| = [-0.1,0.1] for depointing.

UAV dynamic model In this work, UAVs are assumed to be replaced to the guided
position instantaneously as described in (4.8).

0

uav] _ t

v =1 1 . (4.8)
where OY4 is the angular position of UAV and a, is the generated angular displace-
ment.

Initial condition and testlength The AUT is initialized with a random base angle and
zero depointing. Also, the angular velocity and acceleration terms for the AUT are set
to zero. The initial position of the central agent, or the imaginary central agent, is set to
the beam peak. These initial conditions represent a measurement scenario where the
initial states of the boresight are stationary and are perfectly known to the test system.
Hence, the initial angular position of the UAV is aligned with the boresight angle. The
SNR is randomly configured between 60 to 100 dB at the start of each episode. The
simulation duration is set to 200 timesteps, and the AUT motion is generated during
this period. The base angle is restricted between —30° and 30°, which is the typical
operating range of a phased array antenna. The target direction is set to the origin of
the reference coordinate Oy to simplify the simulation. It should be noted that mea-
surement is still performed at any steering angle within the operational range since the
base angle is randomly initialized.

4.4.2 Compared Algorithms

The algorithms used for comparison are summarized in Table The "Algorithm"
is the label of the algorithms used in the following discussion. The "Framework" and
"Estimation method" refer to POMDP frameworks and the estimation method intro-
duced in Section[4.3] Also, the "Policy input" shows the input elements of the policy.
The algorithm "Poly" is additionally considered, which does not utilize an RL-based
policy. The policy of "Poly" directly takes the vector between the current polynomial
estimation and the current position of the central agent, i.e., a; = Adt. The "Poly" does
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not belong to any of the frameworks and could be illustrated by removing all the de-
lay operators from the frameworkl, since the policy only depends on the output of the
estimator. The purpose of including "Poly" in the comparison is to evaluate whether
RL-based algorithms are predicting the boresight angle of the next timestep. The algo-
rithms "RLyeppr", "RL*el4pr", "RLp:" and "RL*p" are the discussed algorithms in Sec-
tion[4.3] "*" denotes the presence of an "imaginary agent". The expression of ¢t —1: ¢
and t—[—1:t—1 describes the sequence of the element between the timestep at the
left and right side of ":". The length of the taken past information / in any RL-based
algorithms is set to 5.

Table 4.1: Compared algorithms

Algorithm Framework Policy input Estimation method
Poly - Ady polynomial
RLyel4pr 1 Acft_l:t,P?f}’: »@;i-1-1:1-1  polynomial/ positional
RLp; 2 P?:_Al’: o Ar—1-1:t-1 polynomial/ positional
RL*el4pr 1 Ad;_;. [,Pl}’_]}’: @i-1-1:4-1 polynomial/ positional
RL*p; 2 PN a1 polynomial/ positional

4.4.3 Result

The performance of the trained system is evaluated from several aspects in this sec-
tion based on the performance with the same environmental settings. As the AUT’s
motion is generated by the random angular acceleration and the pattern varies by the
realized boresight angles, the agent would have different experiences from the train-
ing. Although discussing the RL algorithm itself is beyond the scope of this work, the
learning trajectories of each RL algorithm can be found in Appendix[4.6.1}

Basic comparison with 4 subset agents Firstly, the result of the basic configuration,
which has 4 subset UAVs (with or without an imaginary agent at the center), is com-
pared. The angular distance between the center and the subset UAVs was set to 1°
as depicted in Fig. Table[4.2] presents the numerical performance results averaged
over 1000 times of trials. "poly" and "pos" in the "Est. method" column describe "poly-
nomial estimation" and "positional estimation". "Avg. error", "Std. of err.", "Avg. total
dist." and "Std. of total dist." stand for averaged estimation error, the standard de-
viation of estimation error averaged total angular travel distance per episode, and its
standard deviation. The last two elements of the evaluation parameter describe the
stability of the trajectory.

When a central agent was not imaginary, the polynomial estimations showed slightly
better estimation accuracy by comparing the results in "RL;,p;" and "RLp;". The poly-
nomial estimation accuracy of "RL,p;" and "RLp;" were improved compared with
"poly" policy. As it was described, the action from "poly" policy is always one step
behind because it does not consider the future state. On the other hand, RL-based
policies take past information and try to place the central agent to the estimated bore-
sight angles at the next timestep. As it was hypothesized, the proposed method could
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perform in a dynamic environment by analyzing the sequential information via an in-
ternally learned model about the environments. The total distance and standard de-
viation of "poly" policy were also higher than the other RL-based algorithms, which
reveals the instability of the polynomial estimation itself due to the delayed guidance
policy. "RL;.,p;" of the positional estimation accuracy and the total distance of RL-
based algorithms with a central UAV were better than "RLp;". However, the standard
deviation of the total distance of "RLe|,p;" Was noticeably larger. Since "RL;},p;" takes
the information based on "poly" estimation which is accurately performing, the accu-
racy and the distance were improved. The estimation from "poly" is independent of
the time sequence and there is no restriction to produce locally scattered estimation.
This might have caused the large standard deviation in traveling distance. When an
imaginary agent was introduced the polynomial estimation accuracy unsurprisingly
got much worse than the formation with a central UAV. Therefore "RL*¢,p;" marked
the worst in all evaluation parameters although the network learned to reject the un-
reliable information i.e., Aci, and still somewhat could perform. On the other hand,
"RL*p;" resulted in comparable performance with other RL-based algorithms which
assigned a UAV to the central agent regardless of the no presence of a UAV at the cen-
ter in terms of positional estimation accuracy, the standard deviation of the error, and
efficiency and stability of total distance. Overall, all results could satisfy the required
estimation accuracy of 0.05°. From this analysis, it could be concluded that the RL
algorithm with the structure without an estimator (framework2) could be a more suit-
able approach when the estimator is unstable, and the required number of UAVs can

n

be reduced by introducing an imaginary agent as described in the result of "RL*p,".

Elevation
b
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Figure 4.4: Basic formation
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Table 4.2: Performance

Algorithm Est. method Avg. err. Std. oferr. Avg. total dist. Std. of total dist.

poly poly 0.034 0.027 2.155 6.411
RLrel.pr I;ley el 1.126 0.446
w0 ST s o
W B DOR e
wo  BYDETOE e o

Comparison in a change of UAV numbers of each algorithm Next, the number of
the subset UAVs was reduced by one and the performances of each algorithm were
compared. The subset agents were distributed equally on the radius of 1.0°, as in the
previous evaluation. Fig.[4.5]illustrates the results in terms of the aforementioned four
evaluation parameters. Fig.[4.7aland Fig.[4.7b|separately show the result of the two esti-
mation methods. The horizontal and vertical axes show the total number of UAVs and
the results of the evaluation parameters. As the number of UAVs decreases, the esti-
mation accuracy declines. The degradation of polynomial estimation by the reduction
of UAVs was more significant compared to positional estimation. The total distance
and standard deviation of RL*,¢.p; became smaller with a lower number of UAVs since
it has less weight on the estimated relative distance to the boresight angle Ad;. It can
be visualized by the trajectory example of them shown in Fig. The blue and red
crosses in the figure indicate the start and end angular positions respectively. The fig-
ure illustrates that the trajectory was less affected by polynomial estimation. It shows
that the trained agents with three subset agents had a smaller weight on Ad; since
it is no longer reliable and does not provide informative values. The performance of
RL*p, stayed comparable with the RL-based algorithms with one more UAV, as shown

in Fig.
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Figure 4.5: Performance comparison in total UAV numbers of each algorithm
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Figure 4.6: Trajectory example of RL* ¢}, p; of 3,4 subset UAVs

The effect of action noise In this section, the performance under the presence of ac-
tion noise is analyzed. The additive noise was defined as a zero-mean Gaussian with
various standard deviations. The horizontal and vertical axes show the standard devi-
ation of the action noise and the results of the evaluation parameters respectively. The
labels represent the corresponding algorithms. The numbers in brackets in the labels
describe the total number of UAVs including central and subset. It should be noted the
positional estimation is based on the generated waypoints which are not affected by
the positional noise. In Fig. as the scale of the noise increased, the total distance
and its standard deviation were naturally increased and the positional estimation ac-
curacy degraded except for RL* ., p; with three UAVs although it performed the worst
as shown in Fig. Since it is hard to identify the error of polynomial estimation
and compare it with positional estimation from Fig. Fig.[4.8|also shows the com-
parison of the estimation error of the algorithms with five UAVs without an imaginary
agent with the vertical axis on the shared scale. The polynomial estimation by RL-
based algorithms was better than positional estimation although the degradation ratio
against noise scale was larger. Hence, polynomial estimation would be a better estima-
tion method when 5 UAVs are available. Unsurprisingly, by comparing results based
on the number of UAVs between individual algorithms, the accuracy and its standard
deviation of the system were improved by utilizing more UAVs and this trend did not
change by action noise scale. Considering the target accuracy of 0.05°, RL*p; with three
UAVs satisfies the criteria in any action noise with the minimum number of UAVs in
the compared algorithms.
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Figure 4.7: Performance comparison in action noise

79



Chapter 4. SOTM depointing for phased array 4.4. Experiment

est method = positional est method = poly
0.037
0.036 v/
0.035 — poly(5)

0.034 RL rel+Pr(5)
—— RLPr(5)

error

0.033
0.032

0000 0025 0050 0075 0100 0000 0025 0050 0075 0100
action noise std action noise std

Figure 4.8: Estimation method accuracy comparison

The effect of action noise and UAV numbers The effect of the UAV numbers under
the presence of various action noises was investigated to address the minimum re-
quired number of UAVs with this formation and find whether the performance con-
verges by increasing the number of UAVs. RLp; was selected in this analysis to evaluate
the polynomial estimation accuracy as well, although RL*p; showed comparable per-
formance with fewer UAVs in the above results.

The subset UAVs were equally distributed in terms of phase between them on the circle
of which the radius is 1°. Fig.|4.9[shows the comparison of performance in the change
of the number of UAVs. The label indicates the used number of UAVs. When the num-
ber of UAVs is above 5, there was no tendency in positional estimation error and its
standard deviation with respect to UAV numbers. The performance of positional es-
timation randomly varies with more than 5 UAVs. However, the result shown in this
figure is depending on the final state of the trained network. The recorded total reward
on the learning trajectory also fluctuates (Appendix[4.6.1). For example, the formation
with 7 UAVs, which showed the best performance, did not always keep the best total re-
ward on the learning trajectory. From this observation, it is concluded that increasing
the number of UAVs with this formation does not necessarily improve the performance
of positional estimation beyond 5 UAVs. Contrarily, the estimation error and its stan-
dard deviation from polynomial estimation have a clearer trend since they improved as
the number of the UAVs increased except for the case with 5 UAVs. Clearly, the trend of
the algorithm with 3 UAVs is different from the others. Since the subset UAVs were dis-
tributed in one line, the data in the orthogonal direction might not have been obtained
and this degraded the estimation error.
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Figure 4.9: Performance comparison in action noise and UAV numbers
The effect of formation Next, let us evaluate the formation to the positional estima-
tion of UAVs using RLp; with 5 UAVs. The tested formations are listed as follows:

e Vshape formation: The 5 UAVs were placed in V-shaped formation. The angles
of each line were 45° and 135° from the azimuth axis and the separation between
each UAV was 0.5° in angular distance.

* Ishape formation: The 5 UAVs were placed in I-shaped formation. All UAVs were
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aligned on one line and the separation between each UAV was 0.5°.

e Radius 0.5: Same formation as the basic formation. The separation from the
central UAV was decreased to 0.5°.

e Radius 1.5: Same as above. The separation from the central UAV was increased
to 1.5°.

Fig. represents the performance comparison when the formation was changed.
Symmetrical formation in one axis (V shape and I shape) showed worse performance.
Particularly, the performance degradation of I shape was distinctive and it has a sim-
ilar trend with 3 UAVs in Fig. Hence it reinforces the hypothesis that, with the
formation in one line, the information related to the pattern is available only for one
dimension and the orthogonal motion of the boresight angle to the line of UAVs is hard
to detect. The transition of the radiation pattern is symmetrical and therefore, the re-
lation between observation and action cannot be mapped uniquely in the network. By
comparing the formation with different radii (rad 0.5, 1.0, 1.5), the formation with a
larger radius resulted in better performance. As observed in imaginary agent cases,
the data obtained near the beam center is less useful to guide UAVs since it is less dis-
tinctive. However, the RF measurements are affected by RF noise if the received signal
strength becomes lower which is also as the FORTE method suggests. The design of the
radius should have a relation with SNR and beam shape and the optimal radius might
dynamically change during the measurement as the beam shape changes in the case
of phased array antenna evaluation.

82



Chapter 4. SOTM depointing for phased array 4.4. Experiment

035 o0ts 0225

o0 = 0.200
0.30 -

0020 === ~
m L ——— 0175 I
oo

025

0.150 ,
— rad 1.0 o — rad 1.0

020 e ] — |

- 201 — |
g —V 2 0125 ow ——————— vy
L rad 0.5 g d 0.5
wm gy o - - - - S 0.100 — ra
015 ’ ” * = ”  — rad15 ) 002 00t 008 008 0y — rad15
0.075
0.10
0.050
005 — 0025
0.00 0.02 0.04 0.06 0.08 0.10 0.00 0.02 0.04 0.06 0.08 0.10
action error covariance action error covariance
(a) Average error of positional estimation (b) Error std

— rad 1.0
—_— |
—V
— rad05
— rad 15

— rad 1.0

—V
— rad 05
— rad15

total dist
&
total dist. std

0.00 0.02 0.04 0.06 0.08 0.10 0.00 002 0.04 0.08 0.08 010
action error covariance action error covariance

(c) Average displacement (d) Displacement std

Figure 4.10: Performance comparison in action noise

The effect of past information Finally, the effect of past information inclusion on the
inputs of RLp; algorithm is evaluated. Two new algorithms were introduced without
changing RL elements definition: (a) RLp, without past action and (b) RLp; without any
pastinformation. It can be conceptually understood that the delay operator connected
to action is eliminated for (a) from Fig. and the ones connected to action and ob-
servation were deleted for (b). To provide higher contrast, the SNR was set to 40dB in
observed signal strength and the performance of these three algorithms is compared in
Table Astheresultillustrates, the positional estimation and total distance were bet-
ter with past information which confirms the existence of causality between sequential
action and observation, and hence, RLp; improved the performance by identifying the
pattern between them. Also, it would be worth pointing out that the algorithms that
utilize the past information (RLp; and RLp; without past action) showed much more
sample-efficient as observed in learning trajectory Appendix[4.6.1]
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Table 4.3: The effect of past information in SNR 40dB

Algorithm Est. method Avg. err. Std. of err. Avg. total - Std. of total

dist. dist.

RLpr I;(:)IZ g:gi; 8:8?? 8.138 0.850
R},Liétﬁﬁﬁﬁt I;ZIZ 8:822 8:8?2 11.566 1387
pustinformation ot 0037 oos 1o osoz

4.5 Conclusion

In this paper, the RL-based application was proposed to evaluate SOTM phased array
depointing by utilizing UAVs. The conventional method is not applicable and there is
currently no solution to measure depointing in SOTM scenario when AUT is a phased
array due to the change of the pattern. The proposed method guides the central agent
to the boresight angle and existing depointing can be estimated by either constructing
a mathematical model or a UAV position. The former could estimate the depointing
accurately if there were more than 5 sensors from the numerical simulation results.
The latter is a more robust method if the number of sensors is limited. The proposed
structure of the RL system does not require an explicit estimator, unlike the standard
POMDP structure. By using this structure and utilizing an imaginary agent, the mini-
mum number of UAVs is effectively reduced without compromising measurement ac-
curacy.

In the training and evaluation, a single configuration of a phased array antenna model
was simulated. In our future work, we will increase the types of AUTSs to evaluate the
method in a wider scope of phased array antennas and investigate whether the sys-
tem can perform in more general environments. Also, the dynamic model of UAVs was
not considered in this work in detail. A development that takes the dynamics of UAVs
into consideration would be needed to apply this system in a real-world application.
Finally, the result showed that the formation of the UAVs affected the performance.
Thus, further development to optimize the formation should be continued. The for-
mation might be dynamic because it might have a relation to the shape of the beam
and the beam shapes of phased array antennas dynamically change.
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4.6 Appendix

4.6.1 Learning trajectory
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Figure 4.11: Learning trajectory of without imaginary agents
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Figure 4.13: Learning trajectory of various number agents
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Chapter 5

Overall Discussion

Overall discussion on the contributions contained in Chapter 2, Chapter[3|and Chap-
ter[4)is found in this chapter in terms of the objectives, hypothesis, and aim of the the-
sis stated in Chapter|[I] Future work, possible extended scenarios, and implementation
plan are also discussed.

5.1 Accomplishments of Objectives

Objectivel: Develop a deep-RL algorithm with improved robustness of optimality
which can dynamically adapt to the POMDP environment under the presence of
non-static disturbance and which provides an end-to-end solution

In Chapter[2} a deep-RL was developed to pursue the robustness of optimality in POMDP
environment. The challenge of POMDP is that the agent has no access to the true state
of the system. We considered the scenarios where the observation was disturbed by
adding stochastic noise or dynamic noise to the observation, or by hiding one of the
elements of the observation. To cope with this situation, the necessity of identifying the
causal effect of action and observation and recognizing the pattern of the transition of
the environment was addressed. In the standard framework of POMDP, the belief state
is updated via Bayesian inference where action contributes to the belief state update.
In model-free RL, the model is internally constructed in the neural network. Therefore,
it was hypothesized that including sequential action information as a part of the input
would help improve the robustness of optimality. The LSTM network implemented
in the neural network architecture processes the sequential information and gener-
ates internal state representations. The disturbances were analyzed into two categories
based on whether the disturbance had a temporal correlation with one another. It was
discussed that the role of LSTM was different depending on this category. If there is a
temporal correlation in the disturbance, the neural network would model the transi-
tion function including the dynamics of the disturbance, whereas LSTM would learn
to exclude the disturbance from the observation if it does not exist. The hypothesis
regarding the effect of the inclusion of the past action sequence was confirmed in the
classical control "Pendulum" environment under the presence of different types of dis-
turbances by using an existing algorithm, called LSTM-TD3. LSTM-TD3 had a network
structure to treat the current information and past sequential information separately.
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Hence, it was proposed to modify LSTM-TD3 structure to process the information from
the past to the current in one stream so that the flow of processing information follows
the belief state update. With this structure, we also proposed another algorithm where
the LSTM network in the Critic network takes the generated hidden state from the be-
havior actor as its initial hidden state and cell state to decrease the time of training by
avoiding to repeat the trajectory in several networks in TD3. The numerical simulation
result showed that the robustness of optimality was improved by modifying the struc-
ture and the computational time was drastically decreased by sharing the hidden state
from the behaviour actor. The generalizability of the algorithms was also discussed.
Although the type of disturbance was different between the training environment and
the evaluation environment, the agent could still perform when the disturbances in
both environments were in the same category. This work contributes to enhance the
generalizability of general RL algorithms trained in a simulation environment toward
the implementation in real-world.

Objective2: Develop a boresight angle localization application using the developed
RL algorithm

In Chapter |3} the application to localize the boresight angle was developed. Firstly,
the range of beamwidth of VSAT antenna and the effect of the positioning noise in an-
gles at different distances between the AUT and the UAV were analyzed for the existing
technology. The meta-RL concept was introduced since the application was intended
to perform in the environments covering entirety of the range of the beam shape of
VSAT terminal antenna. When multiple MDP exists, it also requires recognizing the
MDP pattern based on the causality between action and observation. The application
comprised two components. The first component was a guidance algorithm to drive
the UAV to the boresight angle for desired accuracy. Another component was in charge
of the numerical estimation of the boresight angle. One of the developed algorithms,
LSTM-TD3 pa1ne developed in Chapter |2l was utilized to guide the UAV to the bore-
sight angle on the two-dimensional surface. The data, which can be obtained from
the sensors, include the received signal strength and the position on GPS coordinates
in the currently available measurement system in general. To implement the RL algo-
rithm, the problem was analyzed and found that these measured values could not be
used directly, otherwise, the state space became massive and the learning would be-
come difficult. To resolve this issue, it was proposed to utilize the differentials of the
obtainable information. As the action was defined to be the displacement from the
current position, the differential of the position was already a part of the input element
of LSTM-TD31ha1ne. Hence, the observation in the RL algorithm was defined as only
the differential of the received signal strength. Based on the definition of the observa-
tion, state, reward, and termination conditions were defined for the RL settings. Even
though RL settings were defined to reduce the size of the state space, the range of the
beam shape addressed is quite large, and the agent would struggle to cover the entire
range. To mitigate this challenge, a scaling function was introduced in the sequence
of the observation. With this method, the range of the observation was fixed while the
ability to identify the pattern’s characteristics was still maintained, based on the se-
quential action and the scaled sequential observation. For the second component of
the application, it was proposed to localize the boresight angle by using Gaussian Pro-
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cess (GP) regression based on the collected data along the trajectory generated by the
proposed guidance algorithm. The mathematical modeling of the radiation pattern to
estimate the boresight was critical in order to improve the robustness of the estima-
tion accuracy. The proposed guidance algorithm was evaluated by comparing it to the
gradient ascent method in the numerical simulations. The success criteria of the mis-
sion was defined to reach the boresight angle within the accuracy of 0.05° to meet the
industrial requirement. The algorithms were evaluated in terms of success rate, total
distance in successful cases, and standard deviations of the total distance in successful
cases. Overall, the proposed guidance algorithms demonstrated a success rate of over
90%, while the success rate of the gradient ascent was much lower and it was highly
dependent on the parameters. The simulation results were closely analyzed by chang-
ing positioning noise, SNR, beamwidth, and the initial angular distance between the
UAV and the boresight angle. The analysis highlighted that the developed guidance
algorithm with scaling observation sequence could provide 100% success rate with ef-
ficient and robust trajectories in any shape of the beam as long as its initial position
was not at the edge between the main beam and the side lobes while the developed
algorithms without scaling function showed lower success rates when the beams were
wide. The developed guidance algorithms were also tested in empirically obtained ra-
diation patterns. The results proved the proposed method was applicable to realistic
radiation patterns and particularly the algorithm with scaling showed a 100% success
rate again in this environment. Also, the localization method was evaluated by com-
paring the polynomial optimization method and a method simply taking the angu-
lar position where the maximum signal strength was observed on the trajectory. The
results confirmed that GP regression method was the most suitable approach in this
scenario because the polynomial optimization method assumes IID condition which
is not assured by the developed guidance algorithm, although it could potentially ob-
tain higher accuracy. Finally, the overall performance of the proposed application was
compared with the Bayesian Optimization method and showed that the trajectory was
much more efficient. The final estimation error from the proposed application was
around 0.004° which greatly satisfies the required measurement accuracy of 0.05° de-
fined in Chapter|]

Objective3: Develop a depointing measurement application for SOTM phased array
antenna using the developed RL algorithm

In Chapter [4} the application of depointing measurement for SOTM phased array an-
tenna has been developed. The purpose of this application is to evaluate whether the
AUT can keep tracking the target direction when it is on the move. The work aimed to
develop a method that can estimate the boresight angle with the minimum number of
UAVs while satisfying the estimation accuracy requirement of 0.05°. The radiation pat-
terns of phased array antennas vary depending on the steering angle. The trend of the
pattern transition is that the beamwidth becomes wider and the scan loss gets larger
as the steering angle is increased gradually. In the case of reflector antennas of which
the radiation pattern is static, depointing can be measured by taking the correlation
between measured signal strength from the sensors and reference radiation pattern.
However, this approach is applicable only when the radiation pattern is static. As the
radiation patterns of phased array antennas change, it is not feasible to collect refer-

89



Chapter 5. Overall Discussion 5.2. Response to Hypothesis

ence data for all possible radiation patterns and utilize them to measure depointing.
Also, since the specific measurement model is not available and the angular velocity
of boresight angle is not observable, the estimator, that performs stochastic recursive
updates, e.g., Kalman filter, is not available. One of the advantages of UAV measure-
ment is that the UAVs with RF payload can dynamically change their positions during
the measurement. By taking advantage of this aspect, novel two methods to estimate
the depointing were proposed. The first estimation method, called "polynomial esti-
mation", estimates the depointing by constructing a polynomial model based on the
measured signal strength and estimating the boresight angle based on the obtained
model. The second method, named "positional estimation", takes the ideal position
of one of the RL agents to estimate the boresight angle. In both cases, it was identified
that the objective of guidance should be placing one of the agents at the boresight angle
to improve the estimation accuracy. The POMDP framework was also discussed since
the standard POMDP framework was not available, two other frameworks were con-
figured. As such, a guidance algorithm was designed to guide the UAVs in a formation
to the dynamically moving boresight angle by utilizing LSTM-TD31pha11 developed in
Chapter[2] The roles of the UAVs in fixed formation were that the central agent was in
charge of tracking the boresight angle and data was collected by subset agents, which
were equally distributed around the central agent at a specific distance from the cen-
tral agent. The observation of the RL element in the proposed application required
only received signal strength which was indirectly interpreted to the UAV position in
the AUT coordinate system. The imaginary agent was introduced to reduce the num-
ber of required UAVs. It was hypothesized that the measurement from the agent in
the center did not provide informative information because the radiation pattern at
the beam center is less distinctive. In the numerical simulation, the performance was
evaluated in terms of accuracy and trajectory stability. The result indicated that the
proposed method could predict the future state of the depointing angle from the se-
quential information and place the agents at the accurately predicted position. The
result also revealed that the minimum required number of the subset UAVs was three
to meet the required accuracy and the performance converged utilizing after utilizing
more than four subset UAVs. By comparing the performance of the system with and
without an imaginary agent, the result represented that the performance was compa-
rable if the number of the subset UAVs was the same. The simulation result showed
that the system robustly met the required accuracy even when positioning noise was
added. In the evaluation, the framework was also contrasted and it was addressed that
utilizing an external estimator degrades the entire performance when the polynomial
estimation became unreliable. Also, the effect of the inclusion of the past action and
past information (action and observation) was investigated and the result represented
that the positioning estimation accuracy was better when past information was uti-
lized and the trajectory was more stable which confirmed the discussion addressed in
Chapter[2]in a totally different environment.

5.2 Response to Hypothesis

The thesis was developed on the hypothesis stated in Chapter[I|which was:
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Accurate and robust UAV antenna evaluation applications can be designed by utilizing
an algorithm which performs in a POMDP environment under the presence of distur-
bances without the specific knowledge of models of AUT.

The hypothesis was proven in Chapter[2} Chapter[3|and Chapter[4] In Chapter[2} deep-
RL algorithms were discussed and developed to cope with POMDP environment with
disturbance by adding past action sequences as input of the neural network. By ana-
lyzing the causal effect of the available information, the developed algorithms recog-
nize the pattern of the environment and dynamically adapt its policy. Although the
RL algorithm was developed in a classic control problem, it was applicable for the
guidance problem in different environments since both require decision making in dy-
namic POMDP environments.

The objective of the RL algorithm in boresight localization application developed in
Chapter |3, was to maximize the difference of received signal strength between the
first step and the final step in minimum steps. The observed signal was disturbed by
stochastic noise, the effect of which is exaggerated when the sampled signal strength
is weaker at the lower gain of the AUT if it was measured in dB units. In this environ-
ment, the scale of the noise to the observation varies during the episode. Also, it was
necessary to learn to perform a large number of MDPs generated by changing meta-
parameters of the environment. In meta-RL, the environment does not change dur-
ing the episode but varies between the episodes. Hence, the developed RL algorithm
learned to identify the pattern of MDP and excluded the effect of noise from the se-
quential information to produce the action to achieve the objective.

On the other hand, the application of depointing measurement in Chapter 4| required
the RL algorithm to identify the transition of radiation pattern and boresight angle and
predict the depointing angle of the next timestep. The pattern transition is caused
by a dynamically changing steering angle. Therefore, it has the same characteristic
as when the disturbance has temporal correlations. Although this transition is not a
disturbance, the RL algorithm learns to model the transition of the radiation pattern.
Also, the observation was disturbed by RF noise and also the angular velocity term of
the system was hidden. Hence, it could be also seen that the disturbance of this en-
vironment was the combination of "noise" and "hidden" from the scenarios tested in
Chapter[2]

Both applications commonly require the recognition of dynamic patterns to execute
their respective missions, the RL algorithm was developed to perform in dynamic POM
DP environments. Therefore, the developed RL algorithm could address the challenges
of these applications.

One might wonder if the boresight angle localization application is applicable to the
depointing measurement application. However, this would not be feasible as the for-
mer algorithm was trained to identify the MDP and does not anticipate a dynamic en-
vironment in which both the pattern and the boresight angle change during the mea-
surement. Furthermore, to identify the movement of the boresight angle from the tran-
sition of the radiation pattern, multiple samples from different positions are required.
Oppositely, it would be possible to utilize the depointing measurement application for
boresight localization as it can be considered as the special case of depointing mea-
surement where velocity and acceleration are zero. However, there are differences in
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their conditions. In the depointing measurement, the range of received power can be
expected because it can utilize the information of antenna patterns of AUT, whereas
it cannot in the boresight localization application since it is assumed that there is no
information on the AUT based on the measurement. This was the reason why the dif-
ferentials of received signal strength were used as observation in the boresight localiza-
tion application. The considered condition about pre-known information is different
and additional development would be needed to utilize the depointing measurement
application for the boresight localization application.

Also, the observation and the reward of the boresight angle localization application
were defined using the differentials of measured signal strength, whereas these ele-
ments of the depointing angle application were set as directly measured signal strength.
The reason why differentials were used in the former application was that it was not
possible to define the expected range of the received signal strength during the mea-
surement without knowing the radiation pattern of AUT. In contrast, the latter appli-
cation assumed that the radiation pattern of AUT was known at steering angle 0° and
measured signal strength can be internally processed to normalized value based on
this knowledge. Hence, the range of observation can be operated to some extent. The
rewards were defined to reflect the defined states. The former application maps the
reward from the scaled sequence of differential transition of the signal strength. In the
latter application, the received signal strength has direct interpretations regarding the
position of the UAV in the AUT coordinate system. Therefore, the reward, defined as
the distance to the target angle, can be mapped from the observation.

5.3 Response to Aim

The aim of the thesis was stated in Chapter|[I|was as follows:

To extend knowledge and develop applications of autonomous UAV-based measurement
system for satellite terminal antenna evaluation.

The thesis was motivated by the urgent need within the satellite industry to verify
antennas, which have undergone drastic changes due to industry and technological
transformation. As utilizing NGSO has become more popular and the number of SOTM
applications is rapidly increasing, the risk of interference continues to soar. The cur-
rently required antenna measurement system is the solution to efficiently verify a mul-
titude of AUTs and evaluate the risk of interference caused by mobile terminals utiliz-
ing NGSO satellite communication and SOTM. The UAV-based measurement can offer
much more flexible scenarios and can be integrated into dynamic measurement, un-
like the conventional test facilities. However, the current research trends in UAV-based
measurement do not seem to be focusing on these aspects. The efficiency of the mea-
surement can be enhanced by an autonomous system, which is a novel concept in an-
tenna measurement. The autonomous system, which performs under the restrictions
of flight time, UAV numbers and positioning error, is a popular topic in GNC, how-
ever, UAV-based measurement is a minor topic in this field. The thesis demonstrated
the development of autonomous systems for UAV-based antenna measurement and its
efficiency to solve practical problems. As will be discussed later in Sec. the appli-
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cations developed can be extended to other scenarios, including NGSO communica-
tion. From this point, the thesis contributed to extending the knowledge of UAV-based
antenna measurement and to responding to the urgent needs of applications to the
satellite industry.

5.4 Future Work from the objectives

Dynamic RL algorithm Toward the implementation of RL systems in the real world,
as discussed in Chapter[2} it is important to increase the robustness of the trained sys-
tem rather than focusing on increasing the fidelity of the simulator. Regardless of the
effort to increase the fidelity of the simulator, it is not possible to perfectly model the
real world, and discrepancies between the simulator and the real world would remain.
The robust system with generalizability should be able to keep the performance when
it is encountered unexpected conditions. Chapter 2] worked on improving the robust-
ness of optimality and developed algorithms for the environment which contains non-
static disturbances toward building such a robust system. The analyses showed that
the trained system could perform in an environment with disturbances which had
never been experienced during the training if both disturbances belonged to the same
category. The application developed in Chapter 3|showed that the developed RL algo-
rithm can perform in the environment where the scale of the stochastic noise dynam-
ically changes during the episode and meta-parameters of the environment are differ-
ent between episodes. The RL algorithm in the application developed in Chapter[4]was
trained in the environment where the change of the environment was temporally cor-
related and the state of the system was not fully observable. Hence, it is hypothesized
that RL systems trained in the environment where combined disturbances exist can
simultaneously learn eliminating the effect of uninformative data and modeling the
dynamics of the disturbances or the change of the environment from the sequential
information. The work in Chapter [2| proposed the representative disturbances. This
hypothesis should be tested in the environment under these combined disturbances.
If the hypothesis holds, the general robustness of the RL systems would be improved.

Boresignt angle localization The trajectory generation in the application in Chap-
ter [3| only relied on RL-based policy which was intended to guide the UAV to near the
boresight angle. The trajectory, after reaching the region of the boresight angle, could
be optimized for efficiency, thereby enhancing the boresight angle localization accu-
racy. This could be realized by handing over the execution to another policy, by devel-
oping a strategy to trigger the transition. As discussed in Chapter 3} the policy could
employ a raster scan to construct a polynomial model or utilize Bayesian Optimiza-
tion. The following policy can be executed in much smaller search areas compared
with the case in which they have to search the entire initial search domain. The esti-
mation based on the polynomial model could provide better accuracy than Bayesian
Optimization from the results. However, IID condition should be ensured to apply this
method. A continued evaluation of the efficiency by configuring the number of sam-
ples and size of the search range is required together with the development of the trig-
gering mechanism of the second policy.
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Also, the developed application requires an initial condition where the UAV is placed
on the beam. Ensuring this condition, however, requires further development. If there
is no information about the radiation pattern, it might require searching the entire re-
gion equally since Bayesian Optimization would still miss the main beam when it is
very narrow. For example, the search area could be split into a grid. The grid shape
could be defined based on the expected first null beamwidth obtained from the di-
ameter of the AUT and the operation frequency. By collecting the information equally
from each grid, the cell where the main beam exists could be identified. However, the
required trajectory could be drastically increased with this method. Antennas might
have a general relationship between sidelobes and a main beam. It would be possible
to construct a stochastic model incorporating the antenna theory to estimate the main
beam position without visiting all cells.

Thirdly, a two-dimensional surface was considered during the development phase.
The method could be expanded to provide guidance in three-dimensional space, al-
lowing for the localization of the boresight to be completed when UAV reaches the
evaluation range. As such, the continued antenna evaluation could be executed in-
stantly. It would significantly reduce the time required for antenna evaluation pro-
cesses. The effect of the UAV’s positioning error on the measurement becomes smaller
as the distance between the UAV and the AUT is increased. On the other hand, the trav-
eling distance to cover the same angular range gets larger as the distance is increased.
Extending to three-dimensional space would entail addressing the balance between
uncertainty and trajectory efficiency.

Depointing measurement for phased array antenna The application developed in
Chapter[4]was trained and evaluated in only one example of the phased array antenna.
The application should be further evaluated with various phased array antennas and
be tested if it can be a general solution for any phased array antenna SOTM depoint-
ing measurement. However, a large number of parameters to simulate a phased array
antenna exists and it is difficult to get information to define the general industrial con-
figuration or range of the parameters as the development in Chapter [3| since phased
array antenna is emerging technology. Further extensive research on literature and in-
creasing the understanding of phased array antenna using sophisticated antenna sim-
ulators might help the continued development.

Also, it was assumed that the UAV can be instantly moved to the guided waypoint in
the development. If the depointing angle varies faster than AUT, the proposed method
would not perform well. The evaluation including the appropriate UAV dynamic model
and study on a dynamic model of boresight angle for phased array antenna are re-
quired in the future.

Finally, the current development was performed with fixed formation of the UAVs.
However, the simulation result found that the accuracy of the measurement had a de-
pendency on the formation. Thus, the formation should be optimized in continued
research. Particularly, when the subset UAVs were placed on the different radii of cir-
cles, the performance varied depending on the radius. The optimal distance from the
boresight angle may have a relationship with the beam shape and SNR as identified in
[111]. Since the beam shape varies in a phased array antenna, the optimal formation
would need to dynamically change.
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The development of both applications assumed that the source of uncertainty was SNR
to the signal and positioning error of the UAV. Further development might consider
other error factors such as gimbal stability and reflection from the ground to evaluate
the applications in a more realistic environment.

5.5 Extended scenarios of the applications

To discuss the industrial impact of the developed applications and new potentials of
UAV-based measurement, a few examples of extended scenarios are introduced.

Partial sidelobe characterisation As described in Chapter |1, one of the evaluation
criteria is sidelobe characteristic by introducing a regulatory mask. However, sampling
data to construct radiation patterns can be time-consuming in general and collecting
all possible radiation patterns for the phased array antenna is not feasible. The point
which has the largest potential to violate the mask would be the peak of the first side-
lobes. Hence, just revealing the characteristics of the first sidelobe peaks in compari-
son to the main beam peak would provide useful information as an initial investigation
of interference. The boresight angle localization application in Chapter 3| can be also
applied for sidelobe localization. By simultaneously operating multiple UAVs with the
developed application, a new framework to evaluate the sidelobe characteristics is pro-
posed. The framework for a phased array antenna could follow the procedure below:

1. Find the main bean and the first sidelobes to track.

2. Apply the proposed application to find the beam center of each beam
3. Record the power level and the angles of the beam centers

4. Slightly steer the beam

5. Repeat[2|to[4]till covering the operation steering angles

This new framework would drastically decrease the time for the evaluation of a phased
array antenna and provides only critical information regarding the relationship be-
tween the main beam and sidelobes. This framework could be also applied to examine
beam squint and grating lobe tracking which are also special characteristics of phased
array antennas.

Evaluation of SOTM phased array antenna in NGSO communication The test sce-
nario in SOTM depointing measurement application developed in Chapter 4| can be
extended to include SOTM depointing measurement for NGSO communication. The
considered scenario in Chapter[4]was that the target satellite of the AUT is a GEO satel-
lite and the target direction was fixed during the measurement. On the contrary, the
target direction constantly moves in NGSO communication. The application should be
able to measure depointing without additional amendment to the algorithm to include
the trajectory information of the NGSO satellite because the additional maneuver in-
troduced by NGSO scenario to steering angle does not need to be differentiated from
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experienced motion during the training and since the output from the guidance algo-
rithm is the displacement from the current position, the application is not constrained
by space. Furthermore, satellite handovers are required for terminals in NGSO. The
application could be also extended to the scenario where a handover is executed by
introducing another team of UAVs operated with this application. The first team mea-
sures the depointing before the handover execution and the second team awaits at the
direction where the communication is transferred next.

Development of VSAT mobile terminal evaluation The VSAT mobile terminal evalu-
ation has not been developed in this thesis. However, the developed method to define
the RL environment in the boresight angle localization application in Chapter[4should
be applicable in VSAT scenario. The radiation pattern of the VSAT antennas is static
and hence, the problem is simpler than in a phased array antenna case as the agent
need not construct the transition model of the AUT pattern. The required accuracy of
the measurement of 0.05° might be achievable with less number of UAVs compared
with the case in which the AUT is a phased array antenna.

5.6 Implementation plan

The implementation plan towards autonomous pointing accuracy evaluation is dis-
cussed in this section. The implementation of the applications does not require any
new hardware development since they were built based on the existing technology.
Also, since the applications do not generate direct control input to the UAVs but gen-
erate waypoints, it is less likely to generate dangerous maneuvers to make them crash.
Table [5.1| shows the milestones toward implementation. MS and PA in the table refer
to milestone and phased array terminal. The milestones are defined by the type of ter-
minals, the orbit of communicating satellite, and whether it is SOTM application. The

Table 5.1: Implementation plan

MS Terminal type Orbit SOTM
MS1 VSAT/PA GEO No

MS2 VSAT NSGO No
MS3 VSAT GEO Yes
MS4 VSAT NSGO  Yes
MS5 PA NSGO No
MS6 PA GEO Yes
MS7 PA NSGO Yes

required equipment is listed as follows:
e UAV / multiple-UAVs with RF payload

e AUTs
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e GCS
* Motion emulator (SOTM only)

Additionally, the antenna simulator would help the continued development of phased
array antenna scenarios in MS5-MS7. The GCS should be able to receive the data of the
UAV position and measured signal strength and send the new waypoints to the UAV(s)
in real time. The plan would be executed by accomplishing the stated future work at
the related milestones. The proposed tasks for each milestone are described as follows:

MS1 The developed beam localization application is verified in MS1 for a static envi-
ronment. In this milestone, the tasks could be decomposed as follows:

* Investigation of the effect of other uncertainty factors, e.g., gimbal stability and
reflection from the ground in simulation and empirical experiments.

* Development of an algorithm to find the approximate position of the beam, if
applicable from future work.

 Implementation of the boresight localization algorithm developed in Chapter[3]

 Evaluation of accuracy by comparing the results obtained from high-resolution
raster scans.

MS2 In this milestone, the VSAT-NGSO scenario is tested. The tasks of this milestone
would be:

* Extension of the algorithm for VSAT depointing measurement from the future
work and its evaluation in a simulation environment.

* Analysis of the UAV to obtain a dynamic model.

* Feasibility test of the application in simulation environment considering the dy-
namic model and uncertainty factors from MS1.

* Implementation of the application and test in the real world.

e Evaluation of the results by comparing them with those obtained by using the
method in FORTE [111] and simulating the NGSO trajectory with UAVs.

MS3 VSAT-GEO-SOTM scenario is tested in this milestone. The approach is distin-
guished from FORTE although the scenario is identical. The tasks for MS3 would be:

* Feasibility analysis of the application extended in MS2 for this scenario, consid-
ering the dynamic model and uncertainty factors in a simulation environment.

* Implementation of the application and test in the real world.

 Evaluation of the results by comparing them with those obtained using the method
in FORTE.
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MS4

VSAT-NSGO-SOTM scenario is tested in this milestone. The tasks for MS4 would

be identical to MS3.

MS5

PA-NSGO scenario is tested in this milestone. The antenna simulator would

support achieving the milestones from this point. The tasks could comprise as follows:

MS6

Research to increase the knowledge of the standard phased array in the industry
as mentioned in future work.

Evaluation of the developed depointing measurement application in Chapter
in simulation environment considering the dynamic model, uncertainty factors,
and configuration of the phased array antenna.

Extension and evaluation of the developed depointing measurement application
for general phased array antenna from the future work.

Implementation of the application and test in the real world.

Evaluation of the results, which could be obtained from the simultaneous re-
construction of the pattern. The data for this reconstruction should be obtained
from a number of sensors. If this isn’t available, a less precise evaluation could be
conducted by measuring the signal strength at the target position and assessing
its consensus with the simulated result from the simulator, using the estimated
steering angle by the developed application.

PA-GEO-SOTM scenario is tested in this milestone. The tasks for MS6 could

consist of:

MS7

Evaluation of the developed and extended depointing measurement application
in MS5 in simulation environment considering the dynamic model, uncertainty
factors and configuration of the phased array antenna also from MS5.

Preparation of standard simple motion profiles with various speeds such as cir-
cles and spirals for verification purposes.

Implementation of the application and test with the simple motion profile in the
real world.

Evaluation of the results as MS5.

Implementation of the application and test with the realistic motion profile in
the real world.

Evaluation of the results as MS5.

PA-NSGO-SOTM scenario is tested in this milestone. The suggested tasks are

identical to the tasks in MS7.
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Chapter 6

Conclusion

Due to the industrial and technological transformation in the satellite industry, the
conventional approach to verifying antennas is almost obsolete. It is urgently required
to develop new methods to address this issue. The core contribution of this thesis
was extending the knowledge of UAV-based measurement to respond to these urgent
needs, and to indicate possibilities to explore new aspects of antenna measurement
systems that contain the GNC perspective by showcasing two applications. The effi-
ciency, robustness, and accuracy can be improved by introducing autonomous sys-
tems. Autonomous UAV-based measurement, which flexibly adapts to emerging com-
plex scenarios, would support the transition of the satellite industry and accelerate the
deployment of new technology for a better communication environment.

In the thesis, the development of deep-RL algorithms was motivated based on the anal-
ysis of the environments of the considered applications. The deep-RL algorithm with
improved robustness of optimality for POMDP was developed in Chapter[2and it was
effectively employed by the two applications for satellite antenna evaluation in Chap-
ter|3|and Chapter 4l The targeted environments to apply the applications were where
the specific models were not available and the observations were disturbed by noise.
Therefore, the agent had to dynamically adapt to the environment due to the existence
of multiple MDPs or dynamically changing patterns and boresight angles during the
measurement. The developed applications demonstrated that they could solve each
problem with the required accuracy in simulation environments.

The UAV-based antenna measurement allows more flexibility and control in measure-
ment scenarios and conditions compared to conventional antenna measurement meth-
ods. Further developments of autonomous systems for UAV-based antenna measure-
ment would make the verification more efficient and reliable.
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