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The objective of this dissertation is to develop and demonstrate autonomous ship-board
landing with computer vision. The problem is hard primarily due to the unpredictable stochastic
nature of deck motion. The work involves a fundamental understanding of how vision works,
what are needed to implement it, how it interacts with aircraft controls, the necessary and sufficient
hardware, and software, how it differs from human vision, its limits, and finally the avenues of
growth in the context of aircraft landing. The ship-deck motion dataset is provided by the U.S.
Navy. This data is analyzed to gain fundamental understanding and is then used to replicate
stochastic deck motion in a laboratory setting on a six degrees of freedom motion platform, also
called Stewart platform. The method uses a shaping filter derived from the dataset to excite the
platform. An autonomous quadrotor UAV aircraft is designed and fabricated for experimental
testing of vision-based landing methods. The entire structure, avionics architecture, and flight
controls for the aircraft are completely developed in-house. This provides the flexibility and
fundamental understanding needed for this research. A fiducial-based vision system is first
designed for detection and tracking of ship-deck. This is then utilized to design a tracking

controller with the best possible bandwidth to track the deck with minimum error. Systematic



experiments are conducted with static, sinusoidal, and stochastic motions to quantify the tracking
performance. A feature-based vision system is designed next. Simple experiments are used
to quantitatively and qualitatively evaluate the superior robustness of feature-based vision under
various degraded visual conditions. This includes: (1) partial occlusion, (2) illumination variation,
(3) glare, and (4) water distortion. The weight and power penalty for using feature-based vision

are also determined.

The results show that it is possible to autonomously land on ship-deck using computer vision
alone. An autonomous aircraft can be constructed with only an IMU and a Visual Odometry
software running on stereo camera. The aircraft then only needs a monocular, global shutter,
high frame rate camera as an extra sensor to detect ship-deck and estimate its relative position.
The relative velocity however needs to be derived using Kalman filter on the position signal. For
the filter, knowledge of disturbance/motion spectrum is not needed, but a white noise disturbance
model is sufficient. For control, a minimum bandwidth of 0.15 Hz is required. For vision,
a fiducial is not needed. A feature-rich landing area is all that is required. The limits of the
algorithm are set by occlusion(80% tolerable), illumination (20,000 lux-0.01 lux), angle of landing
(up to 45 degrees), 2D nature of features, and motion blur. Future research should extend the
capability to 3D features and use of event-based cameras. Feature-based vision is more versatile
and human-like than fiducial-based, but at the cost of 20 times higher computing power which is
increasingly possible with modern processors. The goal is not an imitation of nature but derive
inspiration from it and overcome its limitations. The feature-based landing opens a window
towards emulating the best of human training and cognition, without its burden of latency, fatigue,

and divided attention.
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Chapter 1: Introduction

This chapter introduces the topic of this dissertation. It begins with a history of ship-deck
landing and then explains the the motivation behind the research topic. This is followed by
history of computer vision and explanation of prior works in use of vision for ship-deck landing
and autonomous ship-deck landing methods. Next it states the objectives of the research, and
technical approach followed to achieve those objectives. Finally it ends with an organization of

the rest of the dissertation.

1.1 Brief History of Ship-Deck Landing

As we walk into the age of automation when all but high-level decision making may be
delegated to machines, there are still tasks that are extremely dif cult to automate. Landing on a
ship-deck is one such tasks. The task is a formidable one even for navy pilots and yet forms the

basis many critical operations in naval aviation.

The rst aircraft to be used for naval operations were sea-planes and the rst ship-deck landing
was performed by Eugene Burton Ely with a Curtiss pusher biplane on board the USS Pennsylvania
anchored in San Francisco bay, on January 18, 1911 [1]. It used a braking system of sandbags

and ropes - a direct pre-cursor to modern arrester-hook and wire system used on aircraft carriers.



Figure 1.1: Birth of naval aviation with the rst ship landing performed by Eugene Ely on USS
Pennsylvania anchored in San Francisco Bay (Photo from Naval History and Heritage Command)

The rst rotary wing aircraft landing on a ship however would not happen until 30 years
later when an autogiro called Pitcairn XOP-1 (PCA-2), piloted by Lt. Alfred Metville Pride
took off and landed on the aircraft carrier USS Langley while it was underway on September 23,
1931 [2]. However, autogiros are not powered and they cannot takeoff or land vertically. Hence
the rst powered vertical landing on a ship is credited to Lt. Stewart Ross Graham with Sikorsky
YR-4B onboard British ship SS Daghestan docking off from North Atlantic on January 16, 1944
under high wind [2]. This was also the rst rotary wing landing on a small ship with a single
ight deck. This was important as it allowed Navy to operate helicopters from smaller combat
ships such as cruisers, destroyers, and frigates instead of only giant aircraft carriers, which have

larger landing area and are more stable due to larger mass.
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Figure 1.2: First naval rotorcraft XOP-1, similar to the one used by Alfred M. Pride pictured
in ight over the aircraft carrier USS Langley in 1931 (Photo from Naval History and Heritage
Command)



Figure 1.3: Arare color picture of rst naval VTOL aircraft, USCG R-4/HNS-1 landing on a ship
near Floyd Bennett Field in Brooklyn, New York. (Photo from USCG/Stewart Graham Collection
Photo, Vertical Magazine)

Helicopters are now a mainstay of naval operations, but only when the conditions on ight
deck are favorable. In bad-weather or high sea-states, they remain grounded. In the late 1950s the
Royal Canadian Navy invented a helicopter hauldown and rapid securing (HHRSD) device, also
known as beartrap. This system was cleared for service in 1967 for both day and night operations
up to 30 degrees of roll and 9 degrees of pitch in Sea State 6 [3]. It was so successful that it
was replicated by other navies around the world including the United States and is still in use

even today. In the typical functioning of the system, a cable drops from the helicopter that is



attached by the deck crew to a heavier cable passing through the center of beartrap and attached
to a winch below the deck. The cable is then pulled back and secured to the helicopter. Then
when the landing safety of cer determines the conditions to be favorable, he instructs the pilot
to decrease and increases the tension in the cable to pull the helicopter down and attach it to the
deck by closing the beartrap. Once the helicopter is secured to the deck, the beartrap is also used

to move the aircraft in and out of the hangar using rail lines on the deck.

Figure 1.4: Helicopter Hauldown and Rapid Securing Device (HHRSD) also known as beartrap



Figure 1.5: Sea-King helicopter CH-SS2 is hauled down by a beartrap to a landing on the deck
of Canadian ship Assiniboine on May, 1967



The bear trap system improves helicopter ship-deck landing in two ways:

1. It helps to keep the helicopter aligned with the center of the ship-deck when the helicopter

is hovering over it.

2. It helps handling of the landed helicopter by securing it to the deck and preventing it from

falling over.

In some modern modi ed versions of beartrap, such as Aircraft Ship Integrated Secure and
Traverse (ASIST) system, the rst functionality is performed ‘wirelessly' by an electro-optical
system. In case of ASIST, laser beacons placed on the helicopter are used to track the aircraft
from an optical tracking device on the ship. The precise relative position is then communicated to
the pilot through visual cues, which then uses it to better align the helicopter with the ship-deck.
However once landed, a beartrap like mechanical system is still used to secure the aircraft to the
ship. The bene t of using the electro-optical system for aligning the aircraft is that the pilot is
always in complete control of the helicopter. In a Japanese version of the system produced by
Mitsubishi Heavy Industries, a laser beam from the ship is re ected off a mirror placed on the

helicopter to calculate the relative position of aircraft with the ship.

1.2 Motivation

The modern modi cations to the bear-trap makes it clear that the original beartrap landing
system has de ciencies and needs to be changed. The tethered wire approach to align the
helicopter with the ship-deck is hazardous for the helicopter pilot as he gives up control over his
aircraft. Moreover, the system needs personnel on deck for its operation which leads to the risk of
man overboard, especially during bad-weather and high sea-states. Furthermore, as automation in
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cockpit increases, ship-deck landing needs to be automated to achieve a completely autonomous
naval helicopter. Finally with the recent rise of unmanned aerial vehicles (UAVS), an autonomous
ship-deck landing system is necessary for use of these aircrafts in naval aviation. All these form
the overarching motivation behind this research that aims to develop a vision-based autonomous
system for vertical landing on ship-deck. The vision based approach to autonomously align
the aircraft with the ship-deck seeks to replace the tethered wire approach of beartrap. The deck
handling of the landed aircraft however is still expected to be with the mechanical securing device
of beartrap. The idea is that with precise vision based measurements the helicopter autonomously
tracks and land at the center of the beartrap, which then closes and secures the aircraft to the ship.
The vision based autonomous landing approach is envisioned to be similar to a pilot on visual
ight rule but with more precise measurements of relative position between the aircraft and the
ship and with faster response due to the absence of inherent delays present in human action. The

next section goes into detail on history and methods of computer vision.

1.3 Computer Vision

Computer vision aims to replace the functionality of human eye but with greater precision
and speed. Similar to eye, the primary goal here is to recover useful information about the world
from the output of a light sensitive sensor called camera. The useful information to be extracted
depends on the actual application, but typically it is recognizing the structure of the world and
the objects present in it. The history of computer vision is primary an effort in this direction
with different breakthroughs over time establishing four different paradigms or approaches to the

same problem.



Figure 1.6: First digital image

The eld was born when the rst digital image was produced in 1957. Many algorithms
for manipulating these images were soon developed. Most of these were aimed at photographic
enhancement. But soon in 1960s researchers turned their attention to extraction of edges and
contours from images and using them to derive shapes and then infer about more complicated
patterns and objects present in the images. This was the rst paradigm of vision, the method of
deriving progressively complicated structures from underlying simpler ones. A good summary
of work from this early period can be found in [4] and [5].A common misconception of the era
was that solving vision should be easy as humans do it all the time. A famous of story of the
time is that in 1966 Marvin Minsky, a professor at MIT asked his undergraduate student Gerald
Jay Sussman to “spend the summer linking a camera to a computer and getting the computer to

describe what it saw” [6]. It is now known that the problem is more dif cult.



Figure 1.7: Hubel and Weisel experiment to understand the visual cortex

The most important work for computer vision during these early years however came
from another eld. David Hubel and Torsten Wiesel, two scientists working in the eld of
neurophysiology, through a series of experiments on cats between 1959-1969 described in detail
how the signals from the eye are processed by the visual cortex [7]. Their groundbreaking work
earned them the 1981 Nobel prize in medicine. And as it is shown later, their work directly
inspired two different modern paradigms of computer vision: 1)feature based vision, and 2)

Convolutional Neural Network (CNN).

The rest of the 20-th century saw steady improvements in both low level vision i.e. extraction of

image primitives such as edges, contours, and corners and high level vision i.e. detecting more
complicated shapes and objects in the images. Also, methods to obtain camera motion, and 3D
structure of the environment from multiple images based on geometry were developed during this

period. Popular optical ow methods were also developed during this time [8, 9]. These works
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are summarized in [10-12].

An important work of the era that led to the second paradigm of computer vision was the
development of neocognitron. Neocognitron was a multilayered arti cial neural network proposed
by Kunihiko Fukushima in 1980 for pattern recognition [13]. It was heavily inspired from the

previous work on visual cortex by Hubel and Weisel, and in turn inspired the development of

modern deep convolutional neural networks (CNN) used in computer vision.

The rstdecade of 21-st century saw the development of image point-feature extraction algorithms.
The well known paper by Lowe [14], established this third paradigm of computer vision. It uses
point features instead of lines and shapes for higher level vision tasks such as object detection or
3D reconstruction of a scene. Lowe's work was also partly inspired by the earlier work on visual

cortex by Hubel and Weisel.

The second decade of the century saw the re-emergence of neural networks in computer vision
with the in uential paper by Alex Krizhevsky, llya Sutskever, and Geoffrey E. Hinton [15]. The
paper developed a deep CNN architecture that signi cantly outperformed the state of the art in
visual recognition. The depth of the network was necessary to achieve this result. This work was
inspired by a previous work by Yan le Cun [16] who introduced the backpropagation algorithm
to train neural networks. Yan le Cun's work was in turn inspired from the neocognitron work
by Fukushima. Deep neural networks have now completely overtaken the eld of computer
vision. This is primarily due to their very high success rate in almost all vision tasks, compared
to any other conventional method developed over the previous half a century of vision research.
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However, there is little to no explanation as to why these deep neural networks are better or why
they even work in the rst place, which limits their use in aerospace. A good summary of these

modern works in computer vision can be found in Ref. [17].

While CNN has come to dominate the eld in the last decade, a new paradigm of computer vision
has also developed quietly during this time. Unlike the previous ones, this has occurred in vision
hardware. Researchers have now realized that traditional frame-based cameras are made for
photography which has different requirements than vision. As a result, researchers at University
of Zurich trying to replicate the human eye, invented the event-based camera in 2008 [18]. This
new type of camera has no shutter and is always on, but records only changes in intensity of
light. Change in intensity received by a pixel is called an event and the changes are recorded
asynchronously as they happen. This is quite different from the frame-based cameras which
record the total energy of light received by all the pixels synchronously over a speci ed exposure
time. The event-based cameras record dynamic phenomena and as such are not pleasant to the
eye but have signi cant bene ts over frame-based ones such as low-latency, low power, low data
bandwidth and high dynamic range. However, conventional vision algorithms cannot be used
with them and hence they require a complete re-formulation of computer vision algorithms. This
has been slow due to low quantity and high cost of event cameras in market, which in turn is due

to low consumer use cases. A good survey of event based vision can be found in Ref [19].
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Figure 1.8: Standard vs event camera outputs; Standard camera pixels synchronously capture the
entire scene at a speci ed frame rate. Event camera only detects changes in scene with every
pixel ring asynchronously.

1.4 Vision for Ship-Deck Landing

Computer vision has already found applications in many areas such as facial recognition
in surveillance and law enforcement, automatic license plate reading in traf c management, 3D
medical imaging and diagonostics in medicine, and automated sorting and monitoring of crops
in agriculture. In aerospace, vision has found use in analysis of satellite images, inspection
of aircraft parts, and in star trackers and earth sensors for satellite attitude determination and
navigation. The bene ts of vision are obvious as a low cost and low SwaP sensor. Hence,
recently researchers have started exploring use of vision to detect and track ship-deck. One of the
earliest work in this area was by Sanchez Lopez [20] in 2008, who proposed a method to detect
the H marker on helipads. This approach has more recently morphed into detection and use of

custom designed ducials [21, 22] which are more reliable to detect. This ducial based vision is
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one of the method used in the current dissertation. Other approaches include using color LEDs
on deck [23], custom designed colored objects on deck [24, 25], and using other sensors such as

Lidar [26, 27] or acoustic sensors [28] in addition to or as a replacement of vision.

All these previous work fall under the rst paradigm of computer vision that detects image
primitives such as color, lines and contours in images and uses them to detect more complicated
shapes and objects. The reason they have been widely used in practice is because they are not
robust to environmental degradation and lighting conditions. This dissertation begins ducial
based vision, but then develops a feature based vision for deck landing, which falls under the
third paradigm of computer vision discussed earlier. It is found that this approach is far more

robust.
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(a) Landing pad with helipad marker (b) Landing pad with red LEDs

(c) Landing area constructed with red cones

(d) Landing pad with a vision ducial

Figure 1.9: Different types of landing pads proposed in vision literature for ship-deck landing

1.5 Autonomous Ship-Deck Landing

Landing on the deck of a small ship is hard because of three important problems:
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1. Turbulent wake from ship's structures
2. Con ned landing area

3. Stochastic deck motion

Landing a helicopter in turbulence or in a con ned area is quite common even on land. Hence of
the three factors, the one unique to ship-deck landings is the deck motion. Beartrap was invented

primary to tackle this problem. This problem is also the focus of this dissertation

In recent years, an autonomous landing method for Unmanned Air Vehicles (UAV) has been
released by Sierra Nevada Corporation (SNC). The system called UAV Common Automatic
Recovery System (UCARS) consists of a radio transponder attached to the UAV and a tracking
device on the ship (see Fig. 1.10). The tracking device localizes the UAV with respect to the ship
with the help of a microwave radar and a beacon on the airborne transponder and then guides it
to the center of the deck. The system is currently in use on the Northrop Grumman Fire Scout

UAV.

(a) Transponder to be placed on
the UAV

(b) Ground Tracker to be placed
on the ship-deck
Figure 1.10: SNC's UCARS system for autonomous ship-deck landing of unmanned helicopters
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More recently, Airbus has developed a similar system for local positioning of helicopters
with respect to ship-deck called DeckFinder. It consists of three airborne and six ground units

that use RF signals to triangulate and localize the aircraft similar to GPS.

Figure 1.11: Autonomous Flight testing of Airbus DeckFinder system;

Both the SNC UCARS and Airbus DeckFinder are pure localization systems and neglect
deck motion. Hence they can only be used when the deck is calm and in low sea-states, which
does not solves the main problem. Moreover, they use active communication that may not be
desirable if the ships want to maintain a low pro le. This dissertation develops a vision-based
method for localization and tracking of ship-deck using only a single passive sensor, a monocular

camera.

There is literature on autonomous ship-deck landing research, but most deal with simulation

[29, 30] and only a few with actual test data [31]. They have proposed various non-linear
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adaptive techniques but none have provided a clear demonstration. Experimental demonstration
is where the real challenge is encountered: sensor noise which thwarts any technique that tries to

dynamically adapt to deck motion without adapting to noise.

Other works on autonomous landing on ship-deck pertain to prediction of quiescent period of
deck motion during which the helicopter can descend and land on the deck. To this end, some
use an empirical formulation called energy index that is a function of deck motion and is used to
predict when a quiescent deck period might be imminent. Such a system is often called Landing
Period Designator (LPD) [32, 33] or Landing Period Indicator (LPI) [34]. A few others try to
predict the deck motion into the future by tting a parametric model to the past values [35].
The present work does not try to predict but instead search for a quiescent period using vision

measured deck motion.

Recent studies that have used small-scale experiments on this topic can be found in Refs [36, 37].
They have ignored the effect of stochasticity of deck motion in their efforts which is important

and is one of the distinguishing aspect of this dissertation.

1.6 Obijectives of the Dissertation
The objectives of this dissertation are the following:
1. Develop an experimental setup to produce stochastic ship-deck type motion.

2. Fabricate an in-house 3.75-lb quadrotor platform to establish minimal s&ronputing

requirement for vision only autonomy.
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3. Develop a ship-deck tracking/landing method using ducial based vision.
4. Experimental evaluation of ducial based landing method.
5. Develop a 2D-feature based vision for ship-deck detection and tracking.

6. Explore feature-based vision over ducial based vision systematically from robustness of

algorithm to overhead weight and power penalty.

1.7 Technical Approach and Organization of the Dissertation

The rst objective is achieved by developing a shaping Iter based method to generate
stochastic ship-deck type motion from white noise input. This method is then used to control
the motion of a commercially procured robotic hardware called Stewart platform. The hardware
consists of six parallel actuators that together control the 6-degrees of freedom of a rigid platform.
The description of the platform and detailed derivation of shaping Iter based method to excite

the platform into ship-deck type motion is provided in Chapter 2.

For the second objective, an autonomous 3.75-lIb quadrotor UAV is fabricated in-house with
3 sensors and 2 ight computers. The aircraft serves as a testing platform for the ducial
vision based landing method. The detailed description of the fabrication process, the avionics

architecture and the control algorithms for the aircraft is provided in Chapter 3.

To achieve the third objective a method to estimate both position and velocity of ship-deck using

ducial based vision is developed. The results are validated using measurements from Vicon.
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The description and validation of ducial based vision is provided in Chapter 4.

For the fourth objective, systematic experiments are carried out to study the tracking performance
of the quadrotor UAV using ducial based vision. The ground truth values about motion of both
the quadrotor and the Stewart platform is obtained using Vicon. The details of the experiment

and the results are provided in Chapter 5.

The fth and nal objectives are achieved by developing a new feature based vision system and
through systematic experiments evaluating its robustness in different environmental conditions
such as partial occlusion, illumination variation, glare and water distortion. Also, weight and

power penalty for using featured based vision are studied by evaluating its performance on

different ight computers. The details are provided in Chapter 6.
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Chapter 2:  Ship-Deck Motion

This chapter focuses on ship-deck motion and methods to replicate it in lab at a small scale.
It starts with a description of different types of ship-deck motion and sea-states, followed by a
description of the deck motion dataset obtained from the Navy. Next, it describes the construction
of a shaping lter from the dataset to generate stochastic ship-deck motion. After that, the
hardware used to replicate deck motion is described. This is followed by Van Loan's algorithm to
discretize a linear system and the process followed to replicate the deck motion in the laboratory

setting.

2.1 Types of ship-deck motion

Ship-deck motion can be broadly categorized into six types: 3 translations and 3 rotations.
The translational motion along the longitudinal axis of ship is called surge, while the translational
motion along the lateral axis is called sway. The translational motion perpendicular to these axes
is called heave, which is the raising or lowering of the ship-deck. The rotational motions along
the longitudinal axis is called roll (positive to right), along the lateral axis is called pitch (nose
down positive), and along the axis perpendicular to these is called yaw (nose left positive). These

motions for a ship-deck are depicted in Fig. 2.1.
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Figure 2.1: 6 types of ship-motion

Table 2.1: Douglas Sea-scale

State Wave Height Characteristic

0 Om Calm Glassy Sea
1 0-0.1m Calm Rippled Sea
2 0.1-0.5m Smooth Sea

3 0.5-1.25m Slight Sea

4 1.25-2.5m Moderate Sea
5 2.5-4m Rough Sea

6 4-6 m Very Rough Sea
7 6-9m High Sea

8 9-14 m Very High Sea

9 >14m Phenomenal Sea
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2.2 Sea States

Sea states are numbers used to characterize the roughness of sea. It is part of the Douglas
sea scale devised in 1921 by Capt. H.P. Douglas of the Royal Navy for ship navigation. The scale

is summarized in Table 2.1.

Ship-deck motion is stochastic as the exact forces applied by sea-waves to the ship cannot be pre-
determined. However, statistical properties of these forces can be inferred from available datasets.
These properties can then be used to simulate the deck motion in the laboratory environment. This

is the approach followed here.

2.3 Deck Motion Dataset

A standard deck motion dataset for a generic surface combatant that is representative of
a DDG-51 destroyer was provided by NAVAIR. The dataset contained 30 time histories in 3
different sea-states for the ship traveling in a straight line along its surge direction. A sample
snapshot of the time history of deck motion from the dataset is presented in Fig. 2.2. Motion

histories for all six degrees of freedom are shown.
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(a) Surge (b) Sway (c) Heave

(d) Roll (e) Pitch (f) Yaw

Figure 2.2: Sample ship-deck motion time series from Navy provided dataset

The dataset when converted to frequency domain provides unique insights. Figure 2.3
shows fourier amplitude vs. frequency of deck's sway acceleration at three different sea-states.
Each color in the gure is from a single time history. It is observed from the gure that the
primary effect of increasing sea-state is an increase in the amplitude of deck acceleration. The
frequencies always remain between 0.1-0.3 Hz. This frequency domain information is used in

the next section to construct a shaping lIter used later to replicate deck motion in the laboratory.
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(a) Sea State 2-3 (b) Sea State 4-5 (c) Sea State 7

Figure 2.3: Fourier transform of deck acceleration; different colors are from different time
histories

2.4 Construction of Shaping Filter

This section deals with the construction of a shaping Iter from the Navy provided dataset.
The shaping lter is essentially a linear system which takes a white noise input and generates

ship-deck motions similar to that in the dataset.

To begin, we rst analyze the power spectrum of the deck motion. The power spectrum of a
signal is the average power per unit frequency present in the signal as a function of frequency.
And power spectrum of a signal of an ergodic random process is expected power spectrum of
the process itself. Additionally, according to Weiner-Kinchin theorem, this is the same as the
Fourier transform of the process auto-correlation function. Sox [¢) be a continuous signal
generated by an ergodic random process. Then the power spedttyrof the signal, as well as

the expected power spectrum of the random process is given by the following equation:
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S()=lim ZiRe ()P (2.1)

whereX (1) is fourier transform o 1 (t) de ned as

8
Sxm if T2 t T=
Xr(t) =

3

-0 otherwise

Now if we only have a set dfl discrete measurements of the sigkdlt), spaced t apart. Then

the power spectrum can be re-written in discrete form as,

2

Pix (o = “2 X (19X (1) (2.2)

S(!
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P . L . :
whereX (! ) = Ezolx (tn)e ™ « tisdiscrete Fourier transform of the discrete measurements

X (t,) of the signalFs = it is sampling frequency, anidi =2 k=(N t)fork=0toN 1

are theN discrete circular frequencies where the power spectrum values are obtained.

Equation 2.2 is used to calculate the power spectral density of the deck's sway acceleration time

series data for Sea State 4-5 (Fig. 2.3b). Figure 2.4 shows this calculated power spectral density

for different time series represented by different colors. Also shown in the gure is an analytical

function approximation of the power spectrum, which has the following equation

K! ©

S = s 1oraa1

(2.3)
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The gainK of this power spectrum function is a parameter that controls its amplitude and hence

can be used to represent different sea-states.

Figure 2.4: Power Spectral Density of deck's sway acceleration

Now according to the theory of linear systems and stochastic processes, a stochastic wide
sense stationary (WSS) input signal to a linear time invariant system produces a stochastic wide

sense stationary output signal whose power spectrums are related by the following equation,

Syy(1) = iG(i! )i*Sw(!) (2.4)
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Figure 2.5: Linear time invariant system with stochastic wide sense stationary (WSS) input gives
stochastic WSS output

Now, if the input signal to the linear system is a white noise with unit intensity, i.e.

Sw(!) =1, the outputis

Syy(!) = iG(i! )i* = G(it )G( j! ) (2.5)

Hence the power spectrum function found above in Eq. 2.3 can be thought of as generated by
a linear system with white noise of unit intensity as input. A spectral factorization of the power

spectrum is performed to recover the linear system:

Sw) = G(t )G( ! )
PRy (26

GGt = (' )% +2:406(! )3+ 2:8944(! )2+ 2:406(! )+1

whereG(jw ) is chosen so as to contain the stable poles and to have minimum order. Lifting the
factorG(jw) into laplace domain by simply replaciflg with s results in the following transfer

function. This is also called a shaping lIter.

p?s3

Gl8)= G5 2406°+ 2:80442 + 2406 + 1

(2.7)
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Converting it to state space results in,

3

2 2 3
000 1 0
1 00 2406 0
X+ u
010 2894 0 (2.8)

0 01 2406 1

>
1

d= 0 0 0 1X

whereu is white noise with intensit¥ .

Equation 2.8 is the shaping lIter that drives the ship-deck sway with white noise input. It should
be noted that its output is deck's sway acceleration. Hence the output should be fed into a double
integrator to get the deck sway position. Physically, Eq. 2.8 represents a model of the stochastic

forces acting on the ship-deck.

2.5 Hardware to replicate deck motion

A Stewart platform is used to replicate ship-deck motion in the lab at a small scale. The
platform is a parallel manipulator that uses six electric linear actuators to control the complete
6-DOF motion of a horizontal platform representing the ship-deck. The platform used in this
research was procured from Acrome robotics and is shown in Fig. 2.6. Its speci cations are

presented in Table 2.2.
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Figure 2.6: 6-DOF stewart motion platform used to replicate ship-deck type motion in lab
environment

Table 2.2: Stewart Platform Speci cations

Parameters Value
Gross mass 5.2 kg
Platform diameter 30cm
Linear travel range +/- 10 cm

Angular travel range +/- 30 degrees
Max speed (No load) 50 cm/s

Max force 280 N(static)

The discrete dynamic equations required to excite this platform to simulate ship-deck motion is

derived next.

30



2.6 Van Loan's algorithm to discretize linear system

Van Loan's algorithm with zero-order hold is used in this chapter and throughout this
dissertation to discretize continuous linear time-invariant systems. The method followed in these

cases is described here.

Any continuous linear time invariant system has the following form:

X = Ax + Bu + Byw

wherex is system's stateyl is control,w is white noise of intensityQ, andA;B; B ; are time
invariant matrices. From linear systems theory, the above system can be discretized into a discrete
linear system of the form:

Xk+1 = FrXi + Grug + wy

wherex, andxy.; are states of the system at time stgpandty., respectivelyuy is control
input assumed to be held xed between the two time stepsyand a Gaussian random variable
with varianceQy. The matriced~; Gy andQy are related to the continuous system as given by

the following equations:

Fr = efltin 1) (2.9)
Z k1
Gk = et )Bd (2.10)
tk
Tk+1 T
Qx = e (ke )BlQBTeA (ts1 (g (2.11)
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Van Loan [38] gave a fast and easy way to nd the matriEgsand Q.

construct another matrix: 2 3

§ A BlQBIé

0 AT
Then use the following identity to ndF, andQy:

3

F 1
ol ter ) = g K Qké
0 FkT

where means that term is irrelevant to the present discussion.

His algorithm is to

(2.12)

(2.13)

Hence,F, is transpose of lower right partition ef %+ ) andQ, is upper right partition pre-

multiplied by Fy.

Similarly, Gy can also be found by using the following identity,

3

2
A B
E %(tkﬂ tk) 2 3
e

00 _ng Gké

wherel is identity matrix.

(2.14)

The matrix exponentials in this work was evaluated using the MATIleXBm function.
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2.7 Procedure to replicate deck motion

The trajectory of the Stewart platform hardware described in Sec. 2.5 is controlled using
a Simulink model provided by Acrome robotics. The input to the model is desired position and
orientation of the platform at each time step. Hence to simulate deck motion using the platform,
we need a way to generate discrete deck positions using the shaping Iter designed in Section

2.4. This is described here.

The output of the designed shaping lIter is deck's acceleration. Hence it is rst augmented

with a double integrator to get a linear system whose output is deck's position. This results in the

2 3 23
01000 O 0
00000 1 0
00000 1 0
X+ u

2:406 0 (2.15)
00010 2894 0

0 00 01 2406 1

following linear system.

>

1
o
o
[
o
o

Y= 1000 0 0X

whereu is again a white noise process with intendity The value oK controls the amplitude

of deck disturbance and hence different values can be used to simulate different sea-state.
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The above linear system is discretized using Van Loan's algorithm resulting in the following

discrete linear system. The discretization time step is chosen as 0.01 s as the simulink model runs

at 100 Hz.
2 3
1 le? 831 415 10 166e 7 496 °
0 1 415 10 1:66e 7 4:96e ° 0:88 3
0O O 1 1:66e ’ 4:96e ° 9:88 3
Xks1 = Xk + Wk
0 0 Ie?2 1 119 4 238 2 (2.16)
0 O e S le 2 1 2:87e 2

0O 0O 6%’ 496° 9883 976!

Y«= 1 0 0 0 0 0%k

wherewy is a random vector with zero mean Gaussian distribution whose covariance @atrix

is found to be:

2
4e 10 0:96e 8 0:96e 8 2:40e 7 2:80%e 7 1:32 °
996e 8 2:65e ° 265 ° 63%° 7:70e° 39% 3
9:96e 8 2:65e ° 2:65e ° 6:3% ° 7:70e ° 3:95 3
Qk = (2.17)
240e 7 63% ° 63%° 154+ 186 * 0:53 8
2:8% 7 77e > T7e 1:86e 4 2:24e 4 1:15e ?

1:32 > 39% 3 39% % 953% 3 11% 2 79le!

The value of white noise intensitg used while discretizing above is chosen asc8f=s’ to

bound the output positions from the discrete system to be within the range of the platform motion.
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The discrete linear system represented by Eg. 2.16 is used to generate desired discrete deck
positions at each time-step and fed into the simulink model provided by Acrome robotics to
control the position of Stewart platform. The linear system itself is driven by Gaussian white

noise with covariance matrix given by Eq. 2.17.

A sample stochastic Stewart platform trajectory generated using the above method is shown
in Fig. 2.7. The trajectory shown is platform motion measured using a VICON system. The

trajectory is observed to be stochastic and similar to the sway motion of the original data.

Figure 2.7: A sample stochastic deck motion trajectory generated by commanding the Stewart
platform through the designed shaping Iter and measured using a VICON system

2.8 Summary

In this chapter, the Navy provided dataset was used to construct a shaping Iter which was
then used in this research to replicate ship-deck type motion in the lab at a small scale. The motion
itself is produced using a 6-DOF Stewart platform hardware. The properties of the platform and
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the method to excite it into ship-deck type motion have also been discussed in this chapter. Based

on this part of the work, following conclusions are drawn.

1. Navy provided dataset showed that the effect of increasing sea-state is an increase in deck
motion disturbance amplitude; the frequency distribution of the disturbance remains the

same.

2. The frequencies of deck motion disturbances for the DDG-51 destroyer for which the data

was provided lie predominantly between 0.1-0.3 Hz irrespective of sea-state.

3. A small 30 cm diameter Stewart platform can be used to replicate the ship-deck motion in

laboratory setting.

4. The power spectrum of ship-deck disturbances derived from ship-deck motion dataset can
be used to construct a shaping lter. The Iter with a white noise input can then be used to

excite the Stewart platform into stochastic deck motion similar to the original data.
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Chapter 3: Fabrication of Quadrotor UAV

This chapter describes the design and fabrication of the VTOL UAV used in this research.
It begins with a short overview, and then it covers the structure, propulsion system, avionics,

sensors, computers, communication protocols, control system, and state estimators in deatil.

3.1 Overview

A Vertical Take-Off and Landing quadrotor UAS was fabricated in-house as a representative
vertical lift vehicle to track and land on the ship-deck represented by the Stewart platform. The
guadrotor con guration was speci cally selected because of the inherent simplicity in its ight
dynamics and control allocation. So, the principal emphasis can be on the avionics, and vision-
based algorithm required for ship-deck landing, and not on system identi cation of the plant.
Commercial-Off-The-Shelf (COTS) quadrotors were unsuitable for this research because of the
numerous modi cations required to integrate the many special purpose sensors and computing
platforms, while not being over-burden with unnecessary features. This exibility was important
particularly as components were often replaced and upgraded as the research progressed. An
additional consideration was the use of secure source in-house designed components and software
as much as possible. Modern additive manufacturing technology with metals and carbon- ber

made this a feasible endeavor at least at the small UAV scale studied in this research. Hence,
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a quadrotor was designed and fabricated ground up with a scale about the same as that of the
Stewart platform and with just the right sensors and processing units required for ship-deck
landing. The nal vehicle has a dimension of about 280 mn280 mm (11 in. 11in.), a

gross take-off weight of about 1700 grams (3.75 Ibs), and a maximum thrust to weight ratio of

about 2. The vehicle is described in detail in the next few sections.

3.2 \/ehicle Structure

The primary load-carrying component of the vehicle is an H-shape structure, as shown in
Figure 3.1. The structure is made from 10 mm hollow square aluminium-6063 T5 tubes of 1 mm
thickness. Al-6063 T5 was chosen for good strength and machinability at a low cost. The tubes
with a exural modulus of 112.84 MPa give a factor of safety of at least 64 for material yield
under steady ight conditions. The high factor of safety is essential for this research vehicle as it

reduces the probability of structural failure during high impact landings.

Figure 3.1: Quadrotor skeleton made from square aluminum tubes
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3D printed parts are used to secure components to the aluminum frame. Motor mounts
(Figure 3.2) used to secure motors as well as transfer loads from the motor base to the aluminum
structure are printed from Onyx, a material made of micro-carbon bers in a nylon matrix. These
are also reinforced with 1 mm thick unidirectional 3D printed carbon ber sheets at the top. This

gives it a similar elastic modulus and strength as Al-6061 T6.

3D printed plates made from ABS plastic are used to secure avionics components to the quadrotor

frame (Figure 3.2). The slits and cutouts of the plates are tailored to the attachment that will

secure the avionics later. The avionics components are soft-mounted with rubber dampers to

reduce vibration transfer to the components.

Figure 3.2: Quadrotor frame ready to be mounted with propulsion and avionics components
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3.3 Propulsion System

A pair of clockwise and counter-clockwise rotating 3-bladed, 6-inch xed-pitch rigid rotors

are used for propulsion. The rotors are driven by iFlight Xing-E 2450KV brushless direct-drive
electric motors (Fig. 3.3), each with 12 electromagnets and 14 N52SH neodymium permanent
magnets. The motors are controlled by electronic speed controllers (ESC) (Fig. 3.4) running
BLHeli32 rmware. Communication with the ESC is established using DSHOT protocol. The
bene t of this protocol over the conventional analog pulse width modulation (PWM) is that it is
digital and hence is faster and more robust to noise. This leads to more precise and faster changes
of motor RPM than what is possible with PWM signals. A brief description of the protocol is

presented in the section 3.7.

Figure 3.3: iFlight 2207 2750Kv motor used on the vehicle; Con guration: 12N14P
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