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This dissertation investigates feature-based computer vision algorithms for ship-deck landing.
These algorithms incorporate 2D, 3D, and stereo computer vision techniques. The vision algorithms
were validated using camera and computer hardware integrated into a quadrotor aircraft. Each
of the evaluated vision algorithms is capable of estimating ship-deck pose or ship motion in real-
time using only on-board vision hardware.

First, a previously developed 2D feature-based algorithm was refined and experimentally
characterized. The algorithm utilizes feature matching to estimate a ship-deck pose using a stored
2D reference image. Performance was compared for a realistic helipad reference image and a
detailed, customized image. Experimental validation was performed for Sea-state 6 ship-deck
motion simulated using a Stewart platform. Additional experiments were performed for visually-
degraded conditions, including occlusion, glare, and low illumination, and free flight. The results

indicated that while the algorithm can utilize realistic landing pad designs, a feature-rich, custom



landing pad image is needed for good performance. With this customized reference image, the
algorithm was found to accurately estimate the ship-deck pose across all test scenarios.

A 3D feature-based vision algorithm was developed. The algorithm is based on the structure-
from-motion technique used in 3D computer vision, and is capable of estimating the pose of a
known 3D object. A simplified 3D object was created to represent a ship-deck for experimental
validation. The accuracy and computational speed of the algorithm were evaluated for different
feature detectors. Experimental tests were carried out for Sea-state 6 motion. The results indicated
good pose estimation performance, with comparable accuracy to 2D vision methods. Additional
tests validated performance for visually-degraded conditions, specifically glare, occlusion, and
low illumination, as well as free hover. The algorithm was found to be robust to occlusion and
low illumination, but performance was reduced in severe glare.

A feature-based stereo vision algorithm was also developed. The algorithm can estimating
the motion of arbitrary ship structures without prior knowledge of their visual appearance or
geometry. Experimental results showed that the stereo vision algorithm is capable of accurately
estimating the motion of a simulated ship. As the algorithm estimates motion between frames,
an initial pose is necessary, and pose estimates will drift over time. A Kalman filter was used
to fuse results from the stereo vision algorithm with the previous 2D feature-based algorithm,
which provides full estimates of ship pose and does not suffer from drift. This fused algorithm
was validated using a realistic simulated ship incorporating 3D structures and 2D flight deck
markings representative of a DDG-51 type ship. The fused algorithm was evaluated for Sea-
state 6 motion, large-angle motion, and free flight. Results showed very accurate pose estimation
results for Sea-state 6 motion, but accuracy was reduced for the large-angle case. In the free-

flight test, the fused algorithm relied heavily on the stereo vision algorithm due to failure of the



2D algorithm to detect the flight deck, but still provided reasonable pose estimates.
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Chapter 1: Introduction

This chapter introduces the topic of this dissertation. It defines the research topic, covers
the background and motivation behind the research topic, surveys the literature, and provides an
overview of prior work at UMD. It then states the overall contributions of this work and provides

an outline of the dissertation.

1.1 Ship-Deck Landing

Ship-decks present a challenging and highly dynamic environment, with stochastically
varying linear and large rotational motions. Landing a helicopter or any other vertical lift aircraft
on a moving ship-deck therefore remains one of the most challenging and dangerous tasks for a
human pilot.

The objective ship for this dissertation is a small ship, such as a DDG-51 type ship or
similar. Larger ships, including carriers, have large inertia and very small motions, removing
the challenges of dynamic deck motion. This work assumes that the target ship has no added
instrumentation on-board to aid in landing; additionally, on the aircraft itself, GPS is denied and
lidar is unavailable. Landing must therefore be achieved using only computer vision and on-board

hardware. This is the challenging context in which we seek to solve the problem.



Heave

Figure 1.1: Illustration of ship motions along reference axes.

1.1.1 Characterization of ship-deck motion

Ships undergo motion along six degrees of freedom, as shown in Figure 1.1. The three
rotational motions are described using Euler angles: roll about the X-axis, pitch about the Y-axis,
and yaw about the Z-axis. The three translational motions are known as surge, sway, and heave,
describing linear motion along the X-, Y-, and Z-axes respectively.

The Douglas sea scale is used to characterize the roughness of sea conditions. It defines
various sea-states ranging from calm to extremely rough sea, as summarized in Table 1.1. Higher
sea-states correspond to more severe ship motions.

Ship-deck motion is stochastic, with random variations in amplitude and frequency. It will
typically include alternating periods of larger motion and quiescent (calmer) motion. However, its
statistical properties can be evaluated using time histories of ship-deck motion, obtained either
through real-world measurement or simulations. The Navy SCONE dataset provides multiple
motion time histories obtained through time-domain simulation [6]. These time histories are
representative of a DDG-51 type ship and include results for a range of sea-states. An example

time history is shown in Figure 1.2; note the quiescent periods with smaller roll amplitudes at



Table 1.1: Sea-states defined by Douglas sea scale.

Sea-state  Wave height (m)  Description

0 0 Calm (glassy)
1 0-0.1 Calm (rippled)
2 0.1-0.5 Smooth

3 0.5-1.25 Slight

4 1.25-2.5 Moderate

5 2.5-4.0 Rough

6 4.0-6.0 Very rough
7 6.0-9.0 High

8 9.0-14.0 Very high

9 >14.0 Phenomenal

approximately 100 s and 250 s.
Fourier transforms of the time histories can be used to approximate the typical frequencies
of ship-deck motion. An FFT (Fast Fourier Transform) plot of roll acceleration is shown in Figure

1.3. For all motions, the predominant frequencies fall between 0.05 and 0.3 Hz.
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Figure 1.2: Example time history showing Sea-state 5 roll and pitch motions.
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Figure 1.3: Fourier transform of roll acceleration. Colors represent different time histories.

1.1.2 State-of-the-art piloted landing procedure

For helicopter landings today, pilots wait for a quiescent (calm) period of ship-deck motion
to safely descend and land. While waiting for a safe landing opportunity, the pilot hovers
above the flight deck, tracking its position. This process is very challenging as the pilot must
simultaneously monitor the ship’s motion and accurately maintain the aircraft position above the
small landing area.

Ship landings commonly utilize a helicopter hauldown and rapid securing device (HHRSD),
also known as a beartrap. Developed by the Royal Canadian Navy in the late 1950s, the beartrap
enables landing at higher sea states with large deck motions and improves the overall safety of
landing [7]. During landing, a cable is lowered from the helicopter hovering above the ship deck.
Crew members on the deck then secure the cable to the beartrap. A landing safety officer controls

a winch below the deck to maintain tension in the cable, aligning the motion of the helicopter and



ship. This is shown in Figure 1.4 [8]. During descent, the helicopter drops power and is slowly
pulled down by the cable and winch. When the helicopter lands, the beartrap is closed to secure
it to the deck [9], [10]. This ensures that the aircraft will not slide, tip over, or fall overboard
during handling, even in higher sea-states. Once secured, the beartrap device can be moved along

a track to transport the aircraft to the onboard hangar.

1.1.3 Typical operating limits

Operational limits define conditions in which a shipboard landing can be carried out safely.
These limits are typically specific to each aircraft and/or ship, and incorporate factors such as
wind conditions, flight deck motion, and aircraft structural limitations [11]. The defined limits
may also vary across different operational phases, including launch, landing, and deck handling.
During the final landing stage, deck rotation and motion criteria are used to determine quiescent
periods of motion for safe descent and landing. For full-size helicopters, an example of typical
limits are a maximum roll angle of 8 degrees and a maximum pitch angle of 3 degrees [12]. In

comparison, the ship deck roll and pitch motions may be up to 30 and 10 degrees respectively.

1.1.4 Modern shipboard landing systems

A number of commercial systems have been developed for shipboard landing. Some
systems assist with piloted landings, while others can be utilized for autonomous landing.

One example of the former is the Aircraft Ship Integrated Secure and Traverse (ASIST)
system by Indal Technologies (now Curtiss-Wright). Optical sensors track a helicopter equipped

with a laser beacon, determining the position of the helicopter relative to the flight deck. This



Figure 1.4: On May 25, 1967, Sea King helicopter CH-SS2 is hauled down by a Bear Trap to
a landing on the deck of Her Majesty’s Canadian Ship Assiniboine. (Courtesy Department of
National Defence / PCN-67-415)



Figure 1.5: Shipboard landing with ASIST system [1]

data is provided to the pilot to aid in landing, and is also used to align a securing device on the
deck below the helicopter [1]. Figure 1.5 shows a landing carried out using this system.

An example system for autonomous UAV landing is the UAV Common Automatic Recovery
System (UCARS) by Sierra Nevada Corporation. A ground tracker installed on the flight deck
localizes and tracks a transponder on the aircraft, shown in Figure 1.6. Position data from the
system is used to perform precise autonomous landings [2].

DeckFinder by Airbus is another system used for autonomous landings of both manned
and unmanned aircraft. Six ground units on the ship-deck emit RF ranging signals. These signals
are received and processed by a range measurement unit onboard the aircraft, which precisely

calculates the aircraft relative position [3]. The system is illustrated in Figure 1.7.



(a) Ground tracker installed on flight deck. (b) Airborne transponder.

Figure 1.6: UCARS system components [2]

(a) Landing demonstration. (b) Position localization using RF ranging
signals.

Figure 1.7: Airbus DeckFinder system [3]

For all of these systems, heavy equipment and instrumentation is needed on the ship deck;

this, they are not the type of autonomy envisioned in this dissertation.

1.2 Motivation

Even with more recent advancements in aircraft stability and control systems, ship-deck
landing remains an extremely difficult and hazardous task. There is a significant risk of accidents
due to pilot error, particularly at high sea states. Landing using the beartrap system requires crew

to be present on the ship-deck, placing them at risk of accidents or falling overboard.



Additionally, the modern ship landing systems possess significant limitations. All of these
systems require specialized equipment on both the ship and the aircraft, adding significant expense
and limiting their use to ships and aircraft that can accommodate this added equipment. Additionally,
these systems provide only positioning information, rather than both deck relative position and
orientation. This is a major drawback at high sea states, where orientation information is needed
to determine safe landing periods.

An autonomous landing system, one which is reliant only on on-board sensors, is needed to
mitigate the limitations of existing ship landing systems. Vision-based systems, which estimate
the ship pose using on-board vision hardware, could potentially fill this need. Vision systems
mimic the perception of the human eye, but with the precision of a computer, to calculate what
the human brain cannot - the pose of the deck - quickly and accurately and even under degraded
visual conditions. Using only cameras on the aircraft, a vision system could estimate the pose
of a moving ship-deck with high accuracy. An autonomous landing controller can process this
information and respond with greater speed and precision than a human pilot. This would remove
the risk of pilot error during landing, and enable safer landing at higher sea states.

With the growing use of smaller-scale unmanned aerial systems (UAS), there is also a need
to implement safe ship landing procedures for these aircraft, ideally without the need for manual
pilot intervention. Due to their low weight and power requirements, vision systems can be scaled

down for smaller UAS in addition to larger, full-size rotorcraft.



1.3 Computer Vision

Computer vision encompasses theory and techniques for processing and acquiring information
from images. The field began to emerge in the 1960s from both the early development of digital
image processing and research into the biological vision system. Many foundational computer
vision techniques, including edge detection and optical flow, were later developed throughout
the 1970s and 1980s. Preliminary work in neural networks for computer vision was also carried
out during this time [13]. Significant advances would later be made in the area of 3D computer
vision, including 3D reconstruction. Many feature detection and matching algorithms would
also be developed throughout the late 1990s, 2000s, and 2010s [14, 15]. With advancements
in computing technology and availability of large datasets, machine learning techniques gained
significant attention in the early 2010s, and remain a very active research area to this day. This
has led to major advancements in common computer vision tasks, such as image identification,
object detection, and 3D vision [16, 17].

A wide range of applications exist for computer vision, including facial recognition, medical
image analysis, industrial inspection, text recognition, and terrain mapping. Computer vision is
widely used for autonomous and semi-autonomous ground vehicles for tasks such as navigation

and obstacle detection.

1.3.1 Computer vision in aviation

Computer vision has also seen widespread use in aviation, encompassing a wide range of
research, commercial, and military applications. On full-size aircraft, applications of computer

vision include navigation in GPS-denied environments, surveillance, and pilot assistance systems.
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The low weight and power requirements of onboard cameras has enabled widespread use in small
UAVs, including multirotor aircraft. Common computer vision uses include obstacle avoidance
and object tracking. Vision tasks are processed using either small onboard computers or offboard

ground stations.

1.4 Vision-Based Landing

A large number of studies have addressed the problem of vision-based rotorcraft landing,
with many focusing on multirotor UAVs landing on stationary or linearly moving targets. Various
approaches have been investigated for detecting the landing target using one or more onboard
cameras. Some examples are illustrated in Figure 1.8. One common approach is the use of
fiducial markers or tags, such as ArUco markers [18-20]. Other work has utilized simple custom-
designed tags [21,22] or arrangements of lights or markings on the landing pad [23]. Feature
detection and matching techniques have also been explored to detect known areas of ground
terrain near a landing location [24,25]. More recently, machine learning approaches have been

investigated for landing target detection, particularly in visually challenging scenarios [26,27].

1.4.1 Vision-based ship landing

Some prior work has investigated the specific problem of vision-based landing on moving
ships. Ship-decks produce large, stochastic oscillating motions, which introduces significant
difficulty to both visual detection and safe landing. Similarly to the more general work on
rotorcraft landing, previous work on ship-deck landing has mainly utilized simple visual references

to detect ship-deck motion. This includes fiducial markers [28,29], H-shaped landing targets
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(a) Detection of AprilTag fiducial markers [18]. (b) Detection of landing marker using neural
network [27].

Figure 1.8: Examples of vision-based landing techniques.

[30, 31], or arrangements of simple visual markers [32-34]. Detecting ship structures using
machine learning techniques has been explored in more recent work [35,36]. Examples of vision-
based landing approaches are illustrated in Figure 1.9.

Previous work at UMD has investigated the use of vision for ship-deck landing using
fiducial markers, particularly for tracking stochastic ship-deck motion in high sea states, where
severe oscillations are present. It was validated that a ship-deck could be detected and tracked
using only vision with a single camera [4]. A quadrotor was developed in-house to demonstrate
tracking and landing on a stochastically moving ship-deck. A fiducial-based algorithm, which
detects the pose (position and orientation) of an AprilTag marker on the ship-deck, was used
and executed on the quadrotor using an on-board flight computer. In experimental tests, the
algorithm was able to detect and track the ship-deck at various oscillation frequencies as well as
for stochastic motion, as shown in Figure 1.10. However, the fiducial-based algorithm fails in
visually-degraded conditions, including for any type of occlusion on the marker, since the entire

marker must be clearly visible for detection and pose estimation.
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(a) Detection of H-shaped landing marker [30]. (b) Recursive AprilTag fiducial marker [29].

(c) Detection of colored rectangular markers on ship (d) Arrangement of lights on moving deck
[34]. [32].

Figure 1.9: Various techniques in prior work for visual detection of a moving ship-deck.

13



Figure 1.10: Tracking moving platform using fiducial marker [4].

Figure 1.11: Detecting landing pad using feature matching [5].
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To rectify this deficiency, a new feature-based approach was investigated [5]. The new
technique, which utilizes feature detection and matching to estimate the pose of a landing pad, is
shown in Figure 1.11. While feature detection has been investigated for rotorcraft landing [24],
this technique has not been previously used to track the pose of a moving landing platform. This
new algorithm is intended to accurately track the pose of a ship-deck in both ideal and visually-
degraded conditions. It was verified to be robust to occlusions and illumination differences under
simple bench-top test conditions. This algorithm is also capable of working with generic landing
pad patterns, unlike the fiducial-based algorithm, which requires a pre-designed tag. However, the
algorithm was computationally intensive, requiring a flight computer with significantly increased
power requirements and weight. This computer could not be integrated into the previous quadrotor

aircraft.

1.5 Objective of this Research

Prior efforts on vision-based ship landing have primarily focused on low sea-states, where
ship motions, in particular rotational motions, are small. The majority of prior experimental
work also does not address visually degraded conditions such as occlusion or glare, despite such
conditions being commonly experienced in real ship-deck landing scenarios. Vision approaches
utilizing simple visual references, including fiducial markers, can potentially fail in such conditions.

A vision approach based on feature detection and matching can mitigate these concerns.
Feature-based approaches offer robustness to visually degraded conditions; in addition, these
techniques can be used for 2D landing pad detection, or can be combined with 3D computer

vision methods to track 3D ship structures.
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The main objective of this research is to develop and experimentally evaluate feature-based
vision approaches for autonomous ship-deck landing, with a particular focus on high sea-states

and visually degraded conditions.

1.6 Contribution and Technical Approach

The unique contribution of this research is the development of feature-based vision algorithms
for ship-deck landing which can eliminate the need for special tags, can handle degraded visual
conditions, and rely only on computer vision hardware and software onboard the aircraft, removing
the need for instruments on the ship. These combinations constitute a unique set of requirements

that have not been addressed in the past. The key contributions were the following:

1. Development of a 2.75 kg quadrotor UAV, incorporating the hardware necessary for vision-

based landing, without the need for additional off-board sensors or computer hardware.

2. Refinement of the 2D feature-based algorithm introduced in [5] to mitigate individual poor

pose estimates.

3. Extensive experimental characterization of the 2D feature-based algorithm for sea-state 6

motion, visually-degraded conditions, and free flight.

4. Development of a new 3D feature-based algorithm based on the structure-from-motion
computer vision technique; the algorithm is able to accurately estimate the pose of a known

3D object.

5. Experimental validation of the 3D feature-based algorithm for sea-state 6 motion, visually-
degraded conditions, and free hover.
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6. Development of a feature-based stereo vision algorithm, capable of estimating the motion

of arbitrary ship structures without advance knowledge of the ship’s visual appearance.

7. Creation of a new vision algorithm combining output from both the 2D and stereo vision
algorithms; the combined algorithm can estimate the pose of realistic ships without the

need for added markers or tags.

8. Validation of the stereo and combined algorithms using a realistic ship representative of a

DDG-51 ship; experiments were performed for sea-state 6 motion and free flight.

9. Initial development of an autonomous landing algorithm to demonstrate vision-based landing.

1.7 Organization of the Dissertation

The dissertation is organized into six chapters. Chapter 2 describes the implementation of
the 2D feature-based algorithm, including the development of a quadrotor UAV incorporating the
required on-board vision hardware. This chapter also describes refinements made to the algorithm
and provides extensive experimental characterization for high sea-state motion, visually degraded
conditions, and free flight. Chapter 3 details the development of a new 3D feature-based algorithm,
which estimates the pose of a 3D object rather than a 2D reference image. The algorithm is
described in detail, and experimental validation is performed for ship-deck motion, visually
degraded conditions, and free hover. Chapter 4 describes a new feature-based stereo vision
algorithm to estimate the motion of arbitrary ship structures. The algorithm is also combined
with the previous 2D feature-based algorithm to enable full estimates of ship-deck pose without

drift. The stereo vision and combined algorithms are validated for ship-deck motion and free
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flight using a realistic simulated ship. Chapter 5 details efforts to develop an autonomous landing
algorithm using pose estimation data from the feature-based vision algorithms. Chapter 6 lists

the key conclusions and recommendations for future work.
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Chapter 2: 2D Feature-Based Algorithm

This chapter documents a 2D feature-based algorithm for ship-deck pose estimation and its
experimental validation. First, the development of a new quadrotor UAV platform incorporating
all required vision hardware is described. Next, the results of controlled algorithm testing for
simulated ship-deck motion and under visually degraded conditions are provided. Finally, the
algorithm performance is evaluated for free-flight, first in visually ideal and then in visually
degraded conditions. The material presented in this chapter was previously published in the

Journal of the American Helicopter Society [37].

2.1 Fiducial-Based Algorithm

Fiducial markers, such as AprilTags or ArUco markers, are commonly used for vision-
based UAV landing. A fiducial-based approach was used in previous work at UMD, with vision-
based landing successfully demonstrated in ideal visual conditions [4]. However, this approach
fails under visually degraded scenarios, such as those illustrated in Figure 2.1 as the entire marker
must be clearly visible for successful detection and pose estimation. A feature-based vision
approach is robust to visually-degraded conditions such as glare, occlusion, and distortion; this
motivated the development of a 2D feature-based algorithm to detect and estimate the pose of a

ship-deck [5]. However, this algorithm could not previously be demonstrated due to hardware
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(a) Glare. (b) Occlusion. (c) Water distortion.

Figure 2.1: Visually degraded conditions resulting in detection failure of an ArUco marker [5].

and computational limitations. A refined implementation of the algorithm on new hardware are

discussed in this chapter.

2.2 Quadrotor Development

The intent of our vision algorithm is that it must function using only on-board computer
and vision hardware, as ship-deck landings may occur in isolated locations or poor weather,
where external communication is unreliable or compromised. The feature-based vision algorithm
is computationally intensive, requiring a powerful on-board computer to operate in real-time.
Therefore, there were physical size and weight constraints, because of which it was not possible
to readily integrate the required computer into an existing aircraft. There was also a need to
customize the onboard vision and computer hardware based on evolving research requirements.
Additionally, it was also an objective to establish the absolute minimum of hardware and software
requirements for vision, with no unnecessary weight overhead. For these reasons, developing a

custom quadrotor in-house was deemed desirable. A 2.75 kg gross weight quadrotor UAV was
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(a) Major components. (b) Axes system.

Figure 2.2: CAD diagram of new quadrotor showing major components and axes system. Note
that the z-axis is positive down.

sized, designed, and fabricated around this new computer and other ancillary hardware.

2.2.1 Flight computer

While the feature-based algorithm is more capable than our previous fiducial-based system
[4], it is also much more computationally intensive. An UP Xtreme embedded computer, featuring
an Intel 15 processor, was selected for the large quadrotor UAV.

This computer is able to update the vision algorithm at a maximum rate of 12 Hz in
benchtop tests. In contrast, the computer used in previous experiments is only capable of updating

the feature-based algorithm at a rate of 0.7 Hz, far too slow for real-time operation [5].

2.2.2  Structure and specifications

The new, larger quadrotor was developed and fabricated in-house using a combination of in-
house custom-built and off-the-shelf components. The overall specifications of the final aircraft
are listed in Table 2.1. A CAD model of the quadrotor was first developed as shown in Figure 2.2,

with the overall layout and major components. The mass and moments of inertia were estimated
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from CAD software. In designing and choosing components for this UAV, we kept in mind
future modifications and possible hardware additions. Therefore, the quadrotor was designed to
be larger and to carry a greater payload than the current test hardware. This allows components

to be added in the future with fewer weight or geometric constraints.

Table 2.1: Quadrotor characteristics.

Parameters Value
Gross take off mass 2.75kg
Rotor spacing (x and y) 0.45m
Rotor diameter 0.229 m
Rotor RPM at hover 7300 RPM
Tip Mach 0.26
Center of mass (X) -0.020 m
Center of mass (y) 0.0 m
Ipy 0.0350 kgm?
I, 0.0699 kgm?
I, 0.1018 kgm?
Battery mass 1.0 kg
Hover endurance 12.8 minutes

The new quadrotor has a frame size of 450 mm x 450 mm (measured from the centers
of the motors) and a gross take-off weight of 2.75 kg. This is much larger than the previous
quadrotor, which had a frame size of 270 mm x 270 mm. The frame is constructed of 0.5
inch (12.7 mm) 6061-T6 rectangular aluminum tubes, with 1/16 inch (1.59 mm) wall thickness.
The 6061 aluminum alloy offers greater strength compared to the 6063 aluminum alloy used in
the previous quadrotor. The tubes are arranged in an H-shape and attached with steel L-shaped
corner brackets, similar to the configuration used in the previous quadrotor. Aluminum tubes
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Figure 2.3: Photo of the new larger quadrotor.

were chosen because they provide structural strength and stiffness while being easy to machine.

The key components, namely the flight computer, flight controller, batteries, and camera are
mounted to laser-cut acrylic plates mounted to the frame. If any components need to be changed
or rearranged, or if these acrylic plates are damaged in a crash, these items can be quickly re-cut
with in-house laser cutters and replaced.

The motor mounts and landing gear were also custom-designed and produced using in-
house additive manufacturing facilities. They were printed using a Markforged Mark 2 3D printer
using Onyx, a micro carbon fiber filled nylon material. Additional strength was provided through
printed carbon-fiber reinforcement layers.

A photograph of the assembled quadrotor is shown in Figure 2.3.
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2.2.3  Propulsion and power

The vehicle features four 9-inch diameter, 3-bladed rotors, driven by T-Motor Cine66
925KV 2812 brushless electric motors. Using manufacturer-provided test stand data for this
motor/rotor combination, we calculated a maximum hover endurance of 12.8 minutes.

The four motors are driven by a Holybro Tekko32 4-in-1 ESC. This ESC supports a maximum
current of 65 A for each motor. While the motor current is typically well below this level, in the
case of sudden maneuvers or transients, this provides a factor of safety above the maximum motor
current provided in test data.

Separate lithium polymer batteries are used to power the motors and avionics. A 1500
mAbh, 4 cell (14.8 V), 120C battery powers the avionics, including the flight computer. Another
6000 mAh, 6 cell (25.2 V), 50C battery is used to power the motors via the ESC. The weight of

the batteries are 0.18 kg and 0.83 kg, respectively.

2.2.4 Avionics and control

The flight control loop used for attitude control and stabilization is executed on a Teensy
4.0 microcontroller with an ARM Cortex-M7 processor, which is capable of updating the attitude
control loop at 1000 Hz. A ST LSM6DSOX IMU, incorporating a gyroscope and accelerometer,
is used to measure angular velocity and linear acceleration along 3 axes, respectively. The Teensy
communicates with the IMU through the I2C communication protocol, and collects updated
measurements on each control loop update. The Teensy then sends commands for each motor to
the ESC using the digital DShot protocol.

The flight controller receives commands from a 2.4 GHz radio receiver using UART, a serial
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communication method, utilizing an open-source library to read each message. This receiver is
paired with a transmitter, enabling an operator to manually control the quadrotor.

The flight controller stabilizes attitude with nested PID controllers. The inner control loop
takes in desired angular rates and outputs desired moments. These moments are converted to
motor commands using a control mixer. Gyroscope measurements are used to calculate the
current angular rates. A Kalman filter is applied to the raw gyroscope measurements before
sending to the controller in order to filter noise and produce more reliable angular rate estimates.
The outer control loop takes in desired attitude angles and outputs desired angular rates, which
are sent to the inner loop controller. A Kalman filter fuses measurements from the accelerometer

and gyroscope to produce estimated attitude angles.

2.2.5 Vision hardware

Images of the ship-deck are collected using a See3CAM USB camera, manufactured by
e-con Systems. This is the same camera previously used for initial benchtop testing of the
feature-based algorithm [5]. The camera is mounted on the underside of the quadrotor, facing
downward. This camera features a built-in auto-exposure algorithm, which automatically varies
the camera shutter speed for varying light intensity received by the camera. This allows the
camera to compensate for a wide range of scene illumination, though at the cost of increased

motion blur for low illumination levels.

2.3 Vision Algorithm

The 2D feature-based algorithm we developed earlier in [5] is described in this section.
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For this work, functions provided in OpenCV, an open-source computer vision library,
were used for various image processing tasks, such as image reading and scaling. Additionally,
we utilized feature detection and matching functions provided in OpenCV. The new contribution

is in calculating the pose of a moving ship-deck using these techniques and additional algorithms.

2.3.1 Feature extraction and matching

Features, in this context, can be described as small patches of interest in an image. Features
should preferably be invariant to transformations in scale, translation, in- and out-of-plane rotation,
and illumination.

Locations of interest, or keypoints, in an image are typically found by detecting strong
corners or blobs, which have significant intensity variation in both directions. Multiple techniques
exist for detecting keypoints in images. One common method is the Harris corner detector [38].
For a small window or patch of pixels w, the detector evaluates the change resulting from a small
displacement (u, v). For corners, displacement in any direction will result in significant change.

Given a grayscale image /, this is expressed as

E(uv)= Y [I(@+u,y+v)—I(zy) 2.1)

(z,y)ew

From Taylor expansion, an approximation can be obtained:

E(u,v) ~ [u U}M ! (2.2)

v

The structure tensor M is defined as
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.1, I.1,
M = (2.3)

@y)ew | [T, I,I,
where [, and [, are the image gradients in the x and y directions, respectively. The
eigenvalues of M are found from det(M) = A Xy. If both \; and )\, are large, the window
contains a corner. If one eigenvalue is much larger than the other, the patch is an edge (significant

change only in one direction). If both are small, the region is ”flat” with little variation.

Image patches at locations of interest are extracted and converted to feature descriptors.
A descriptor is a numerical vector representation of the image patch. Extracted features can
be matched to find corresponding points across multiple images. Good matches are found by

comparing the distance between two descriptors (vectors), finding pairs with the smallest distance

between them.

2.3.2 SIFT algorithm

The Scale Invariant Feature Transform (SIFT) algorithm, developed by Lowe [14], is a
commonly used algorithm for feature detection and extraction. The algorithm generates vectors
of length 128 containing integer values as feature descriptors. The algorithm is invariant to
changes in scale and translation, and is somewhat resilient to changes of in- and out-of-plane
rotation and illumination. For feature matching, the distance between two features is found using

the L2 norm or Euclidean distance, computed using the formula

d(p,q) = |lp—ql| = (2.4)
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where p and ¢ are vectors of length n. In this case, these are two feature descriptors of
length 128.

SIFT keypoints are detected using a technique known as the Difference of Gaussians method,
which detects image edges. A technique similar to the Harris corner detector is then used to
identify corners and blobs, eliminating edge points. This technique is applied at different image
scales to achieve scale invariance.

Good SIFT features should be distinctive, meaning that these features can be reliably
matched across multiple images with few incorrect matches. Good features typically consist
of corner- or blob-like regions with high contrast. Low contrast or non-distinctive features are
undesirable for feature matching tasks.

For this work, an implementation of SIFT provided in OpenCV was used.

2.3.3 Camera pose estimation

The vision algorithm must estimate the pose of the ship-deck relative to the camera (and
aircraft). To do this, it is necessary to obtain correspondences between known 3D points in the
scene and 2D points projected onto the camera image. An optimal rotation and translation can
then be obtained that minimizes the error across all points, as illustrated in Figure 2.4.

For a single point correspondence, a model can be used to describe the mapping from 3D

world coordinates to 2D pixel coordinates. This model is given below:
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M ] Xz
u
Y
v| =& |:R3><3 T3><1} (2.5)
z
1
- 1
This can alternatively be written as
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where P is a 3 X 4 camera matrix containing both the intrinsic and extrinsic parameters.

The 2D point location in pixel coordinates is (u, v), while the 3D point in world coordinates
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is (z,y, z). Note that these coordinates are represented using homogeneous coordinates, with an
additional component equal to 1, for mathematical convenience. K is the 3 x 3 intrinsic matrix,
which transforms points from the 3D camera coordinate system to the 2D image coordinate
system. This matrix is obtained through camera calibration. The extrinsic parameters R (a 3 X 3
rotation matrix) and 7" (a 3 x 1 translation vector) describe the transformation from 3D world
coordinates to 3D camera coordinates, or the camera pose.

The Perspective-n-Point (PnP) problem involves finding the pose of the camera (the IR
and 7' terms in Equation 2.5) using a set of corresponding 3D world points and 2D image
points. Various methods have been developed to solve the PnP problem; implementations of

these methods provided by OpenCV are used for this work.

2.3.4 Ship-deck detection algorithm

The present algorithm detects and extracts SIFT features in images of the moving ship-
deck. These features were matched to features extracted from a 2D reference image of the landing
pad.

The following procedure was used to detect and estimate the pose of the ship deck:

1. First, extract SIFT features from a reference image of the pattern located on the ship-deck.
The extraction recovers the feature descriptors and their coordinates in the image. Any
image may be used with the algorithm, but an image with many good SIFT features is

preferable.

2. Load the most recent frame from the quadrotor camera, and extract SIFT features from the

image.
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3. For each feature in the reference image, find the two closest matches (best and second best

match) in the features extracted from the camera image. The distance between features is

found by calculating the L2-norm of the difference between the feature descriptors as given

in Equation 2.4.

4. Filter out poor matches using a series of tests:

(a)

(b)

(©)

Lowe’s ratio test: the ratio of the calculated distance for the best and second best

match must be below a threshold, meeting the condition

di < threshold X ds 2.7

where d; is the distance for the best match and ds is the distance for the second-best
match. This algorithm sets threshold = 0.8, as this value was found by Lowe to

reject most incorrect matches while retaining the majority of correct matches [14].

Symmetry test: the best feature match from the reference image to camera frame

should also be the best match from the camera frame to the reference image.

Distance test: the distance to a matched feature should be less than the minimum
distance across all matches multiplied by a constant, 3 in this case. This is checked
using the condition

d < 3 X din (2.8)

A match that fails any of these tests will be removed as a bad match.

5. Find the transformation from the reference image to the ship-deck in the camera image.
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A homography can be used to transform points between two planar surfaces up to a scale
factor. As both the reference image and ship-deck are planar, the homography can be used
to describe the transformation from a 2D point location in the reference image to a 2D point

location in the camera image:

T, T,
sy | =H |y, (2.9)
1 1

where H is a 3 x 3 homography matrix, s is a scale factor, (z,,y,) is the coordinate of a
point in the reference image, and (z., y.) is the coordinate of the corresponding point in the
camera image. The homography matrix is unknown and must be calculated; a minimum of
4 feature matches are required to do so. Therefore, if at least 4 feature matches are found
after filtering poor matches, proceed with the following steps. Otherwise, report that the

deck was not detected.

. Use the Random Sample Consensus (RANSAC) algorithm to find a good homography.
This algorithm works by repeatedly taking random samples of the matched points, which
are used to calculate a homography. The remaining matched points are checked for consistency
with the estimated homography. This procedure produces a result that is robust to outliers

[39].

. Use the homography to transform the corners of the deck image, obtaining the 2D coordinates
of the deck corners within the camera image. Verify that the transformed points are

geometrically valid by checking that the transformed deck corners form a convex quadrilateral.
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If this is the case, the transformed corners can then be used to determine the relative camera
pose using PnP. For this procedure, the center of the landing pad image is defined as the
origin of the world coordinate system. As the aircraft axis (Z-down) convention is used,
the coordinates of the image corners are (+w/2,4+h/2,0) where w and h are the known
width and height, respectively. The known 3D corner locations and transformed 2D corner
points are then used to compute the pose of the ship-deck, or its position and orientation
in 3D relative to the camera. For this algorithm, the PnP method described by Collins for

coplanar 3D points is used [40].

2.3.5 Algorithm implementation

Figure 2.5 illustrates the processing steps in the vision algorithm. The filtering and refinement
steps, applied to the initial pose estimate obtained using the procedure discussed above, are
discussed in the next section.

The feature-based vision algorithm was written in Python and implemented on the quadrotor
for real-time operation. As discussed earlier, the OpenCV library was used for basic computer
vision functions. It used ROS (Robot Operating System) 2, a set of robotics software libraries,
for asynchronous messaging between individual processes, or nodes. The vision algorithm and
logging runs on a single node. A separate node continuously retrieves frames from the camera
and publishes them on a topic, or a bus allowing communication between nodes. The vision node
subscribes to this topic, collecting updated camera frames as needed. Using ROS, the vision node
can then publish the pose estimates, making this data available to other nodes such as a ship-deck

tracking controller.
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2.4 Algorithm Validation

Before this vision algorithm can be used for autonomous tracking and landing, it is necessary
to validate the algorithm’s performance and reliability under varying conditions. For validation,
hand-held and free-flight hover tests of the vision algorithm were conducted.

A primary motivation for the feature-based algorithm is its robustness to visually difficult
conditions, compared to fiducial-based approaches, where even minor visual degradation will
result in detection failure. The algorithm should provide usable estimates of the pose of the
landing target under visually degraded conditions; because of this, it is necessary to investigate
conditions where the performance of the feature-based algorithm may deteriorate. Data was
collected for visually ideal conditions — in this context, typical indoor lighting and no added
occlusions or lighting limiting visibility of the landing image — as well as under various types
of visual degradation.

First, several large-angle controlled tests, in which the quadrotor was held by hand, were
carried out for ideal and visually degraded conditions. Next, tests were conducted in free-flight
hover.

Ground truth data was provided through a Vicon motion-capture system with 8 Vicon
cameras, shown in Figure 2.6. The setup was calibrated before each experimental session, with
a final measurement error of less than 0.5 mm reported by Vicon software. The absolute poses
of the object and camera recorded by the Vicon were converted to relative poses, in order to be
consistent with the vision algorithm output.

For all tests, quadrotor yaw was held constant. Only minimal yaw motion was present in

the ship-deck motion time histories. Due to the lack of yaw motion, and the greater importance

35



N e A — .
"&\_VI‘
e —— i ——

‘: =i~y (
i VN E

;\
|

Figure 2.6: Vicon system and netted enclosure.

of linear, roll, and pitch motions in landing, yaw results are omitted from result plots.

In all tests, images from the camera were scaled down by one-half from their original
resolution of 1920x 1080 pixels, and were processed by the vision algorithm at a resolution of
960x540 pixels. This was needed because feature extraction is much more computationally
expensive at higher resolutions, causing the algorithm to update too slowly for real-time operation.

It is important to note that the vision algorithm calculates the pose of the landing pad
image relative to the quadrotor camera. This means that the relative pose is affected by both the
movement of the quadrotor and the landing pad. Vicon ground truth data is also provided here as
a relative pose, which is extracted from the true poses of the quadrotor and landing target in the

world frame.

2.5 [Initial Algorithm Validation and Refinement

Before evaluating more complex scenarios, simple initial hand-held tests were completed

to provide baseline performance and uncover basic limitations in the algorithm, such as time
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Figure 2.7: Example of vision algorithm result for large roll motions with uncorrected 400
millisecond time delay.

delays. Though the feature-based algorithm can function in visually-degraded scenarios, such
conditions may potentially cause errors in the pose estimates from the algorithm. Therefore, this

section also discusses techniques to refine the algorithm output.

2.5.1 Time delays and update frequency

From benchtop testing, a time delay of approximately 400 milliseconds was observed in
the timestamps of logged pose estimates compared to ground truth. This was further verified
by examining logged data from hand-held testing. The delay is caused by a combination of two
factors: 1) the computational time needed to compute a pose estimate, and 2) latency in retrieving
and publishing frames from the camera. The length of the delay may be reduced with improved
hardware or through software optimizations, but cannot be entirely eliminated, and therefore must
be accounted for during real-time tracking and landing.

As the time delay is consistent, the plotted results in this paper are shown with the pose
estimate times shifted to remove the delay. This allows for better visual comparison in plots.
Additionally, this allows us to quantitatively measure error using methods such as RMSE (root

mean square error). Figure 2.7 shows an example of vision data with the delay present.
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The vision algorithm is computationally expensive, resulting in long delays between updates.
In these tests, the algorithm demonstrated an update speed of approximately 9-11 Hz with the
deck in frame. This was found to be adequately fast to estimate ship-deck oscillation, which
displayed a maximum frequency of 0.34 Hz in the Navy SCONE dataset [6]. However, the
low frequency of algorithm updates make poor individual pose estimates problematic without

additional filtering.

2.5.2 Baseline conditions

The algorithm’s performance was evaluated under ideal, static conditions. This verified that
the algorithm was producing the expected results and provides a baseline level of performance.

The test was conducted under normal indoor lighting (300 lux), and with the landing pad
secured to a fixed, horizontal position on the floor. The quadrotor was held stationary above the
landing pad, with the image fully in view of the camera, for several seconds.

The attitude and position estimation results are shown in Figures 2.8 and 2.9. The estimates
of both linear position and attitude had minimal error. The final RMSE of linear position is below

1.3 cm on all axes. Roll, pitch, and yaw have an RMSE of 0.8, 1.4, and 1.5 degrees, respectively.

2.5.3 Reference image selection

The feature-based algorithm can be used with any generic reference image, as long as a
sufficient number of features can be reliably detected and matched. This means that the existing
markings on a ship-deck could potentially be used as a reference image. However, these markings

have relatively few good features compared to a custom, detailed reference image.
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Figure 2.8: Estimation of aircraft attitude angles relative to a stationary landing marker from
on-board camera.
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Figure 2.9: Estimation of aircraft position relative to a stationary landing marker from on-board

camera.

k4 E B Ed B I K
[ E3 3 ] E bed Bed
Pl i) bl Bl B BN
B e e T ) S B
= Bl (B 21 Bl B [

(a) Detailed reference image composed of an (b) Image representative of typical ship-deck

AprilTag marker grid. landing pads.

Figure 2.10: Reference images evaluated using vision algorithm.
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Algorithm performance was compared using two different reference images. The first,
shown in Figure 2.10a, consists of a customized grid of AprilTag markers. This pattern was
selected as it is rich in distinct, high-contrast features. The second image, shown in Figure 2.10b,
is representative of typical helicopter landing pad (helipad) markings.

The test was conducted under normal indoor lighting (300 lux). The quadrotor was held
stationary above a landing pad with linear and attitude motion, keeping the image fully within

the camera frame. The same motion trajectory was used for both images for consistency.

Table 2.2: RMSE for different reference images.

Test case X (cm) Y (cm) Z(cm) Roll(deg) Pitch (deg)
Customized grid 0.4 0.5 1.2 1.6 1.6
Helipad 1.6 2.0 2.0 2.2 5.0

The RMSE results, given in Table 2.2, indicate a significant increase in pose estimation
accuracy with a detailed, customized landing pad image compared to a typical helipad marking.
This difference can be explained with the greater number of strong, distinctive features in the
detailed image compared to the typical landing pad. This results in a greater number of feature
matches between the reference and camera image. With the customized image, an average of
369 feature matches were obtained in each update; however, for the helipad markings, only 40
matches were obtained on average.

These results show that, while it is feasible to use a feature matching algorithm with existing
ship-deck markings, a customized image with many good features is ideal for good algorithm
performance. The feature-rich image evaluated here is therefore used in all subsequent tests in

this paper.
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2.5.4 Feature match and inlier thresholds

Calculating a homography requires a minimum of 4 feature matches. However, with a
small number of feature matches, incorrect matches can cause the calculated homography to be
incorrect. When executing RANSAC, the number of inliers, or feature matches consistent with
the homography, is calculated. The number of inliers is also useful to determine the quality of a
pose estimate; a small number of inliers may indicate a poor result. The algorithm output could
therefore be improved by implementing minimum thresholds for both the number of good feature
matches and the number of inlier matches, and rejecting images that fall below these thresholds.

A vision algorithm test was completed to determine good match and inlier thresholds.
Algorithm output was collected with the quadrotor held by hand above a stationary landing pad.
The quadrotor was moved in quick, random motions in attitude and position, with the landing
pad either fully or partially in view of the camera. For each pose estimate, the number of feature
matches and inliers were logged. This was intended to generate pose estimates with varying
numbers of matches and inliers.

The attitude and position results are shown in Figures 2.11 and 2.12. The raw pose estimates
with no thresholds (Raw data) correspond to the output of the baseline vision algorithm [5].
These results are plotted alongside data which is then filtered to remove pose estimates falling
below match and inlier thresholds (Thresholding). The baseline algorithm produces a number
of inaccurate and noisy pose estimates, particularly in roll and pitch; this inaccuracy was also
observed during experimental testing in visually degraded conditions [41]. However, these poor
estimates are removed with the added thresholding. The ideal minimum threshold for feature

matches was found to be 25, while the best threshold for inliers was found to be 17. These values
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Figure 2.11: Estimation of aircraft attitude angles relative to a stationary landing marker from
on-board camera. Results are compared with and without the application of feature match and
inlier thresholding.

were chosen to reject a majority of inaccurate pose estimates while minimizing false rejections.
As shown in these results, applying feature match and inlier thresholds improves the pose
estimates significantly, removing almost all of the poor estimates. These thresholds were incorporated

into the vision algorithm, and were applied to all tests later in this paper.

2.5.5 Kalman filters

A Kalman filter was also integrated into the vision algorithm, providing filtered estimates
of the ship-deck pose alongside the unfiltered estimates. The filter can mitigate potential noise

and errors in the algorithm output with minimal computational cost.
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Figure 2.12: Estimation of aircraft position relative to a stationary landing marker from on-
board camera. Results are compared with and without the application of feature match and inlier

thresholding.
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The logged data for linear position (X, Y, and Z position) was processed using a three-

dimensional constant-velocity Kalman filter, shown below.
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(2.10)

where x, yi, and z;, are the linear position at timestep &, and wy, is the process disturbance.

A separate Kalman filter, using the same constant-velocity model, was also used to process the

estimated Euler angles (roll, pitch, and yaw).

The Kalman filter was integrated into the vision algorithm directly, filtering raw position

and attitude estimates produced from ship-deck tracking. The code logs both raw and filtered

pose estimates, allowing both outputs to be evaluated.

2.6 Hand-Held Tests

A series of tests were conducted to evaluate the feature-based algorithm’s performance in

various scenarios in a controlled manner. Two cases were investigated and are discussed below:

1) tracking ship-deck motion in ideal visual conditions; 2) tracking under visually degraded

conditions. The quadrotor was held by hand above the landing pad. This setup removes the
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effects of vibration and motion present in free flight, allowing evaluation of different scenarios
without introducing additional difficulties. It also allows for exaggerated pitch and roll motions of
the UAV to stress the robustness of the algorithm. Such motions would be impractical to recreate
in free flight.

For all tests, the landing pad image was attached to a small Stewart platform (Acrome
Stewart Pro) capable of generating linear and rotational motions, shown in Figure 2.13. The
platform follows a motion trajectory representing Sea-state 6, obtained from ship-deck motion
histories provided in the Navy SCONE database (Ref. [6]). The motion is stochastic and predominantly
features large roll motions of up to 15 degrees, with smaller variations in pitch and linear position.

For clarity, only the vision algorithm output after match and inlier thresholding is shown in

this section, labeled as *Vision’. The Kalman filtered output is omitted.

2.6.1 Tracking ship-deck motion

In this section, the algorithm is tested for tracking motion in ideal visual conditions.

First, the quadrotor is held stationary above the moving Stewart platform, simulating a
stable hover above the ship-deck. In this scenario, the algorithm can correctly follow the movement
of the platform, estimating both attitude and position with minimal error, as shown in Figures 2.14
and 2.15.

Next, the quadrotor is moved with an arbitrarily varying pitch, roll, and linear motions
above the moving platform. As the quadrotor was held by hand, it was possible to produce pitch
motions of up to 15 degrees and roll motions exceeding 20 degrees. As shown in the results in

Figure 2.16, the algorithm is able to accurately follow complex variations of pitch and roll. The
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Figure 2.13: Small Stewart platform with attached 24 x 17 cm landing pad image.
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Figure 2.14: Estimation of aircraft attitude angles relative to a moving Stewart platform from
on-board camera, with aircraft held stationary.
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Figure 2.15: Estimation of aircraft position relative to a moving Stewart platform from on-board
camera, with aircraft held stationary.
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Figure 2.16: Estimation of aircraft attitude angles relative to a moving Stewart platform from
on-board camera, with aircraft also moving.
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Figure 2.17: Estimation of aircraft position relative to a moving Stewart platform from on-board
camera, with aircraft also moving.
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results for Z-position are again very precise, as indicated in the results in Figure 2.17. However,
some error appears in the estimates of X- and Y-position.

The RMSE values, given in Table 2.3, provide a quantitative measure of algorithm performance
in these scenarios. For ship-deck motion alone, the errors in pose estimation are very low.
However, these errors increase with significant motion of both the ship-deck and quadrotor.
During an actual landing, the quadrotor waits for a quiescent period when the deck’s orientation
and rate of change are small. As observed from the results, the algorithm is able to estimate
orientation satisfactorily. In contrast, the estimate of linear position is used in the quadrotor’s
control loop to track the deck, in order to remain above the target for landing. The position errors
from the logged data are small compared to the quadrotor size; additionally the quadrotor will
land on a much larger deck than the one tested in these experiments. As a result, these errors are

unlikely to interfere significantly with landing.

Table 2.3: RMSE for ship-deck motion.

Test case X (cm) Y (cm) Z(cm) Roll(deg) Pitch(deg) Yaw (deg)
Quadrotor stationary 0.6 0.5 1.4 0.5 1.0 1.3
Quadrotor moving 3.5 3.5 1.5 1.3 1.3 1.5

2.6.2 Visually degraded conditions

A critical advantage of the feature-based algorithm is that it offers robustness to occlusion
or varying lighting conditions, where the fiducial algorithm will fail outright. A series of tests
were completed to analyze performance under visually challenging conditions. In all tests, the

quadrotor was held stationary above the moving Stewart platform. Three specific cases were
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evaluated: 1) low illumination; 2) glare; and 3) occlusion. The errors for each case are given in

Table 2.4; each case is described in more detail below.

Table 2.4: RMSE for visually degraded test cases.

Test case X (cm) Y (cm) Z(cm) Roll(deg) Pitch(deg) Yaw (deg)
Low illumination 1.5 1.2 1.4 0.8 1.5 1.3
Glare 1.5 1.2 1.1 0.6 1.4 1.3
Occlusion (regular) 1.4 1.4 1.3 1.1 1.2 1.3
Occlusion (irregular) 1.5 1.9 1.7 1.7 2.0 1.7
Increased camera distance 1.4 1.2 1.2 1.9 1.9 1.4

The first test evaluates the algorithm in low illumination conditions. Dark indoor lighting,
approximately 10 lux, was used for this test case. The results of this test are provided in Figures
2.18 and 2.19. The pose estimates are not significantly degraded by the low illumination condition,
as shown by both the quantitative error calculations and the close match in the plots between the
estimated and ground truth poses.

The second test evaluates the algorithm under glare. A 900 lumen flashlight was mounted
above the landing pad, creating significant glare on the image, as shown in Figure 2.20. This
setup is intended to simulate glare, such as when bright lights or reflections are present on a real
ship-deck. The test was also conducted under low illumination (10 lux) to increase the effect of
this glare. The resulting attitude and position estimates are provided in Figure 2.21 and 2.22.
The estimates of attitude and position again closely follow the ground truth, indicating that the
algorithm can perform acceptably in this condition. The RMSE results show comparable error to
the low illumination case.

Finally, tests were completed to observe the performance of the algorithm for a landing
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Figure 2.18: Estimation of aircraft attitude angles relative to a landing pad undergoing ship-deck
motion under low (10 lux) illumination.
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Figure 2.19: Estimation of aircraft attitude angles relative to a landing pad undergoing ship-deck
motion under low (10 lux) illumination.
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Figure 2.20: Landing pad image with significant glare created by a 900 lumen light; change in
glare pattern due to platform motion during a typical test is illustrated.
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Figure 2.22: Estimation of aircraft position relative to a landing pad undergoing ship-deck motion

from on-board camera, with a 900 lumen light used to simulate glare.
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(a) Occlusions uniformly covering 20 of the 35 (b) Irregular occlusions partially or
tags, or 57% of the landing pad image. fully covering all tags. These
occlusions cover 49% of the image.

Figure 2.23: Occluded landing pad images used to evaluate algorithm performance.
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Figure 2.24: Estimation of aircraft attitude angles relative to an occluded landing pad undergoing
ship-deck motion. The occlusions uniformly cover 57% of the marker patterns on the landing
pad image.

58



X-position

40 ! . !
’é‘ —Vicon
o 20 —="Vision| |
c
2
.a 0 ” -
o
o
_20 1 1 1 1 L
0 10 20 30 40 50 60
Y-position
40 w .
’g —Vicon
o 201 ==Vision| |
c
L2 =
.7) 0 Iy o T s e S
o
o
_20 1 1 1 1 1
0 10 20 30 40 50 60
Z-position
100 ‘ .
’g —Vicon
o —=—Vision
S 50 :
."ﬁ
o
o
0 1 1 1 1 1
0 10 20 30 40 50 60
Time (s)

Figure 2.25: Estimation of aircraft position relative to an occluded landing pad undergoing ship-

deck motion. The occlusions uniformly cover 57% of the marker patterns on the landing pad
image.
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Figure 2.26: Estimation of aircraft attitude angles relative to an occluded landing pad undergoing

ship-deck motion. Irregular occlusions partially or fully cover all marker patterns on the landing
pad image.
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Figure 2.27: Estimation of aircraft position relative to an occluded landing pad undergoing ship-

deck motion. Irregular occlusions partially or fully cover all marker patterns on the landing pad
image.
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pad under significant occlusion. Paper coverings are placed to occlude a portion of the image,
as shown in Figure 2.23. Two test cases were evaluated: 1) regular occlusion, and 2) irregular
occlusion. The tests were conducted in normal indoor lighting (300 lux), to avoid confusing the
effects of occlusion and low illumination.

For the first case, shown in Figure 2.23a, 20 of the 35 tags (57% of the image) are uniformly
covered. In the second case shown in Figure 2.23b, a number of shapes are arranged in a
diagonal pattern, partially or fully occluding all of the tags on the image. These shapes cover
approximately 49% of the image. Note that, due to the partial obstruction of all tags, a fiducial
algorithm will fail outright under this condition.

The results of the first case are shown in Figures 2.24 and 2.25. As in the previous two
cases, the results accurately follow the ground truth data, and the RMSE suggests similar levels
of error to the previous cases. The results for the second case are given in Figures 2.26 and 2.27.
The estimates of roll and pitch are noisier than in the previous case, and, while still accurate
overall, display increased error compared to ground truth. The RMSE results also show increased

error for both attitude and position estimates compared to the previous case.

2.6.3 Increasing camera distance

For the previous hand-held tests, the camera was held at a vertical distance of approximately
40 cm from the landing pad. This condition simulates the terminal landing phase, in which the
aircraft is hovering closely above the ship-deck. However, the effect of increasing this distance
is also of interest, as the feature-matching approach may also be used during earlier landing

phases in which the camera is further from the landing pad. Therefore, a test was completed to
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Figure 2.28: Estimation of aircraft attitude angles relative to a landing pad undergoing ship-deck
motion, with Z-axis (vertical) distance increased from previous tests.

demonstrate the effect of increasing the camera distance from the landing pad image. For this
test, the vertical (Z-axis) distance was increased to approximately 85 cm, double the distance for
the previous tests.

The results of this test are provided in Figures 2.28 and 2.29. The attitude estimation
results are accurate overall, but show increased noise compared to previous tests. The position
results follow the ground truth closely. The RMSE results further confirm these observations; the
position estimation error remains low, but the error in attitude estimation is similar to that of the

irregular occlusion case.
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Figure 2.29: Estimation of aircraft position relative to a landing pad undergoing ship-deck
motion, with Z-axis (vertical) distance increased from previous tests.
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2.6.4 Feature match and inlier summary

As the count of feature matches and inliers has a significant effect on the quality of pose
estimates, analyzing this data for different test cases can provide additional insight. Mean counts

of feature matches and inliers are provided in Table 2.5.

Table 2.5: Summary of mean feature match and inlier counts for different test cases.

Test case Mean feature matches Mean inliers
Quadrotor stationary 346 302
Quadrotor moving 252 197
Low illumination 360 317
Glare 154 127
Occlusion (regular) 199 161
Occlusion (irregular) 65 50
Increased camera distance 44 37

From this data, a general correlation can be observed between attitude estimation error and
feature match and inlier counts. In cases with low numbers of feature matches, specifically the
irregular occlusion and increased distance cases, the RMSE for roll and pitch is notably larger
than the other cases.

However, a similar correlation is not apparent for position estimates. The RMSE for linear
position is comparable for all visually degraded test cases, excluding the irregular occlusion
case. This is despite the significant variation in mean number of feature matches. The error
in linear position is much greater for the quadrotor moving case. For this case, the large-angle
motions introduced factors such as motion blur, large out-of-plane rotations, and the landing
image partially moving outside the camera field of view. This indicates that these conditions
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have a major effect on the accuracy of position estimates. The error also increases modestly
in the irregular occlusion case. This suggests that occlusions interfering with larger patterns on
the landing image, and by extension larger features, may have a moderate effect on position

estimation error.

2.7 Free-Flight Hover Tests

The algorithm was next validated during hovering flight. The quadrotor was manually
piloted through takeoff, hover above the image, and landing. Algorithm output was logged during
the entire flight for each test. Only the hover segment is presented here since the goal of these

experiments is to evaluate performance in hover.

2.7.1 Baseline conditions

Results were initially collected for ideal visual conditions, indoor lighting (300 lux) and
no occlusion of the pad. For this test, the landing image was secured to the ground so no deck
motions were present. The results of this test are shown in Figures 2.30 and 2.31. The estimated
pose, both attitude and position, closely follow the ground truth. Quantitatively, this data shows
an RMSE of 2 cm in each linear axis, and an RMSE of 2.3 degrees and 1.3 degrees in pitch
and roll, respectively. While some minor noise is present in the raw estimates for pitch and roll
due to quadrotor vibration as well as the increase in Z-position compared to the hand-held test
condition, this noise is mostly mitigated by the Kalman filter. This indicates that, under ideal
visual conditions, vibration and small motions from actual quadrotor hover have a minimal effect

on the quality of algorithm output.
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Figure 2.30: Estimation of hovering aircraft attitude angles relative to a stationary landing marker
in indoor illumination (300 lux).
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Figure 2.31: Estimation of hovering aircraft position relative to a stationary landing marker in
indoor illumination (300 lux).

68



2.7.2 Visually degraded conditions

Next, visually degraded conditions were introduced. Occlusion and reduced illumination
were considered, as these conditions were the most challenging in the controlled hand-held test
cases earlier. As in the previous test, the landing pad was fixed to the ground. The quantitative

RMSE results for all cases are given in Table 2.6.

Table 2.6: RMSE for free flight in visually degraded conditions.

Test case X (cm) Y (cm) Z(cm) Roll(deg) Pitch (deg)
Low illumination only 3.0 3.0 1.7 2.0 1.2
Occlusion only 0.9 1.0 2.1 1.1 1.2
Low illumination and occlusion 1.3 1.3 3.0 2.2 2.0

A test was first completed in dark indoor illumination (10 lux) for a non-occluded landing
pad. These results are shown in Figures 2.32 and 2.33. Additional tests were completed for an
occluded landing pad in indoor illumination (300 lux), shown in Figures 2.34 and 2.35, and dark
indoor illumination (10 lux), shown in Figures 2.36 and 2.37. The landing pad was occluded by
covering 57% of the tags on the image.

For all cases, the estimated position closely follows the ground truth position, showing no
significant change in performance with visually degraded conditions.

For occlusion in indoor lighting, some noise is present in the raw estimates of roll and pitch,
though this noise is mostly mitigated by the Kalman filter. With a combination of low illumination
and occlusion, an RMSE of 2.2 degrees in pitch and 2.0 degrees in roll is observed, higher than
with occlusion or low illumination alone. However, some individual attitude estimates show error
exceeding 10 degrees. Errors such as this could cause the controller to falsely reject a period of
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Figure 2.32: Estimation of hovering aircraft attitude angles relative to a stationary landing marker
in low illumination (10 lux).
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Figure 2.33: Estimation of hovering aircraft position relative to a stationary landing marker in
low illumination (10 lux).
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Figure 2.34: Estimation of hovering aircraft attitude angles relative to a stationary, 57% occluded
landing marker in indoor illumination (300 lux).
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Figure 2.35: Estimation of hovering aircraft position relative to a stationary, 57% occluded
landing marker in indoor illumination (300 lux).
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Figure 2.36: Estimation of hovering aircraft attitude angles relative to a stationary, 57% occluded
landing marker in low illumination (10 lux).
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Figure 2.37: Estimation of hovering aircraft position relative to a stationary, 57% occluded
landing marker in low illumination (10 lux).
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Figure 2.38: Estimation of hovering aircraft attitude angles relative to a landing pad undergoing
ship-deck motion.

calm deck motion for landing. While this in itself will not result in a crash, this could make it
more difficult to autonomously carry out a landing.

Compared to the hand-held tests, the quality of pose estimation decreases somewhat in free
flight. Quantitatively comparing the RMSE results, while the pose estimation errors are still low

overall, the errors do increase due to vibrations and aircraft motions in free flight.

2.7.3 Ship-deck motion

Finally, a test was completed to evaluate algorithm performance in hover for ship-deck
motion. For this test, the landing pad was attached to a Stewart platform following the same Sea-

state 6 motion history used for the hand-held tests. The test was conducted under ideal visual
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Figure 2.39: Estimation of hovering aircraft position relative to a landing pad undergoing ship-
deck motion.
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conditions, indoor lighting (300 lux) and with no occlusion of the landing image. The results
of this test are given in Figures 2.39 and 2.38. As in the previous tests, the results follow the
ground truth accurately. For the position estimates, this data shows an RMSE of 3.1 cm in the
X-direction, 2.9 cm in the Y-direction, and 3.7 cm in the Z-direction. For attitude estimates,
an RMSE of 1.8 degrees in pitch and 1.9 degrees in roll is observed. These errors show only
a modest increase from the baseline case. The feature-based algorithm is therefore capable of

accurately estimating the pose of a moving ship-deck in free hover.

2.8 Performance Comparison with Fiducial-Based Approaches

Previous work on vision-based landing using fiducial markers can provide a useful benchmark
for the performance of the feature-based algorithm. The feature-based algorithm offers advantages
over fiducial-based techniques, namely robustness to visual degradation; additionally, the chosen
landing pad image resembles typical fiducial marker designs. Therefore, it is important to benchmark
if the feature-based technique offers comparable pose estimation accuracy to fiducial-based approaches.

Our previous fiducial-based algorithm, evaluated under oscillating motion in visually ideal
conditions, produced pose estimates with error of approximately 1-2 cm along each linear axis,
1-2 degrees in pitch, and 5 degrees in roll [4]. Araar et al. utilized a landing pattern consisting of
multiple AprilTag markers for landing on a linearly-moving (non-rotating) platform, reporting a
pose estimation error of approximately 1 cm for each linear axis and 0.5-7 degrees for rotation
[18]. Nicholson et al. estimated the pose of a ship-deck at varying sea-states using a recursive
AprilTag fiducial marker array; vision-based estimates were fused with inertial data for improved

estimation quality. The results found an average error of 8-23 cm for position estimates and
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1.8-3.1 degrees for orientation [29].

For the feature-based algorithm, error across various test scenarios was found to be less
than 4 cm along each linear axis and 2.5 degrees for pitch and roll. Based on these results, the
feature-based algorithm demonstrates comparable pose estimation accuracy to approaches using

fiducial markers under ideal visibility conditions where fiducial markers can be used.

2.9  Summary

This chapter covered the refinement and experimental characterization of a 2D feature-
based vision algorithm for ship-deck landing under degraded visual conditions. Systematic tests
were carried out on a quadrotor UAS developed in-house which incorporates a computationally
powerful flight computer. All computations were on-board. A series of real-time tests, with
the quadrotor moved by hand for large angles, were completed to first evaluate the algorithm’s
performance. Free-flight tests were then carried out. From these results, the following key

conclusions are drawn:

1. A feature-based algorithm is capable of accurately estimating the pose of a stochastically-

moving platform at Sea-state 6 in both controlled and free-flight conditions.

2. A reference image with many distinct, high-contrast features is ideal for good algorithm
performance. While the algorithm can function with typical ship-deck or helipad markings,
performance degrades as these patterns have few good features. Therefore, a custom image

1s desired.

3. Inideal visual conditions, the vision algorithm could successfully estimate large variations
in attitude in excess of 20 degrees.
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. The performance of the algorithm is resilient to visually-challenging conditions. In hand-
held tests, where roll motions of up to 15 degrees were present, the ship-deck pose could
be accurately estimated with low illumination, glare, and occlusion of the landing pad, as
well as with increased camera distance. The deck pose could also be accurately estimated

in free-flight hover with occlusion and low illumination.

. Vibrations and small motions introduced in free hover have a minor effect on algorithm

performance. Noise in algorithm output can be mitigated through Kalman filtering.

. A time delay of approximately 400 milliseconds was present in the vision algorithm output.
This was caused by a combination of camera latency and algorithm computation time.

However, this delay is not expected to significantly affect tracking and landing.

. With on-board computer and vision hardware, the algorithm updates at a speed of 9-11 Hz,

which is adequate for capturing ship-deck motion.

. The pose estimation results can be significantly improved by incorporating thresholds for
feature matches and inliers; such thresholding allows poor pose estimates to be automatically

rejected.
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Chapter 3: 3D Feature-Based Algorithm

This chapter describes the development and experimental validation of a 3D feature-based
algorithm. It describes the algorithm based on the structure-from-motion computer vision technique,
vision system integration into a quadrotor UAV, comparison of feature detectors, inlier thresholding,
speed enhancement, and the results in ideal and visually degraded conditions. Material presented

in this chapter was previously published in the AIAA Journal of Aircraft [42].

3.1 3D Vision Algorithm

A new three-dimensional feature-based vision algorithm is developed to estimate the pose
of a moving ship-deck. This new approach can potentially address many of the deficiencies of
2D feature-based approaches. It estimates the pose of a 3D object rather than a 2D reference
image; this is more representative of visual estimation performed by human pilots as illustrated
in Figure 3.1, and removes the need for a 2D image on the landing location. Additionally, this
approach can tolerate large rotational motions which could cause the 2D feature-based algorithm
to fail [41]. The algorithm incorporates multiple fundamental techniques used in 3D computer

vision.
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Figure 3.1: During ship landing, the pilot visually tracks the moving 3D ship structures.

3.1.1 Feature extraction and matching

The concept of features remain the same for this new algorithm. They are small patches
of interest, such as regions of high contrast or rich texture in a 2D image, which are robust to
transformations in scale, translation, illumination, and in- and out-of-plane rotation. Locations of
good features are typically found by detecting strong corners or blobs (locations with significant
change in pixel intensity in two directions). Image patches at these locations are extracted and
converted to feature descriptors, which are a numerical vector representation of the image patch.

Features can be matched by comparing these extracted feature descriptors, which can be
used to find corresponding points across different images. The same technique was used in the

2D vision algorithm described in Chapter 2.

3.1.2 Feature detectors

Multiple algorithms have been developed in the past by other researchers to detect and

extract image features. For this work, implementations of these algorithms provided in the
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OpenCV library were used.

The Scale Invariant Feature Transform (SIFT) algorithm, developed by Lowe [14], is
a commonly used feature detector. It generates vectors of length 128 as feature descriptors.
Features can be compared by calculating the L2-norm (Euclidean distance) between two descriptors.
The algorithm is invariant to changes in scale and translation, and is partially robust to changes
in in- and out-of-plane rotation and illumination. While the algorithm provides generally good
feature matching results, it is more computationally intensive than many other detectors [43].

The Oriented FAST and rotated BRIEF (ORB) algorithm [15] is another common feature
detector. The algorithm uses BRIEF binary descriptors; each of the 256 elements has the value
1 or 0. Features can be compared using the Hamming distance, which describes how many
elements differ between two descriptors. For binary descriptors, this distance is computed using

the formula

3

dp,q) = > |(pr — ax)| (3.1)

k=1
where p and ¢ are two descriptors of length n (256 in this case). While ORB is less robust,

it is significantly faster computationally than SIFT [43].

3.1.3 3D triangulation

Using two or more images, it is possible to determine the location of a point in 3D space.
This process, triangulation, is illustrated in Figure 3.2. A point in 3D space is projected onto
images from two cameras with known parameters and poses. Using the two corresponding 2D

image points, the coordinates of the 3D point can be recovered.
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An ideal triangulation case is shown in Figure 3.2a. In this case, the 2D image points are
known exactly without noise or error. The 3D point, labeled X in the illustration, is projected
onto the two 2D image planes along two straight lines. These lines pass through the focal points
of each camera, labeled O; and Os, and intersect at X .

As previously explained in Chapter 2, a model to map 3D world coordinates to 2D pixel

coordinates is given as:

© ] T
U
p Y
vl — (3.2)
z
1
- 1

where P is a 3 X 4 camera matrix containing both the intrinsic and extrinsic parameters,
(u, v) is the 2D point location in pixel coordinates, and (x, y, z) is the corresponding 3D point in

world coordinates. This notation can be simplified to

r=PX (3.3)

where x is the 2D point coordinate and X is the corresponding 3D point coordinate. If the
correspondences and camera matrices are known exactly, the exact 3D point coordinate X will

satisfy two equations:

xr=PX (3.4)

¢ =PX (3.5



where P and P’ are the known camera matrices of the two cameras and = and 2’ are the
two known 2D points corresponding to the same visible 3D point.

In practice, the 2D point coordinates are not known exactly. Techniques for finding these
2D points in images are generally subject to noise and small error. This is illustrated in Figure
3.2b. The straight lines passing through the 2D point and the camera focal point will not pass
through the 3D point X, and may not intersect with each other at all. Since it is not possible to
find X exactly, it is necessary to find an optimal estimate that minimizes error.

Multiple techniques exist to solve this problem. One common technique is the direct linear

transformation (DLT) method [44]. First, rewrite Equations 3.4 and 3.5 as

_u_ _plT_
o| = [pT| X (3.6)
1 |pf
_U’_ _p’lT_
o | = | pf X 3.7
A
A linear system is then derived:
— vps — Py | o]
pi —upy 0
X = (3.8)
v'ps — pi" 0
T —upl 0
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(a) Triangulation with exact point correspondences. In this
scenario, recovering the 3D point location is straightforward.

(b) Triangulation with imperfect point correspondences, as is
typical in real-world scenarios.

Figure 3.2: Triangulation of a 3D point from two images.
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This is a homogeneous linear system of the form AX = 0, which can be solved to find
an optimal estimate of X. The DLT triangulation technique is implemented in OpenCV; this
implementation is used for this work.

The triangulation process requires the poses, or positions and orientations, of the camera(s)
corresponding to each image. The camera poses can be measured directly or recovered using a
visual reference of known size and pose, such as a fiducial marker. Alternatively, the relative
camera poses can be estimated using multiple corresponding or matched 2D image points. The
disadvantage of this approach is that it is ambiguous in scale; an additional scale reference must
be used to recover this information.

While only two images are necessary for triangulation, additional images can be used
to recover additional 3D points for which correspondences could not be found in the previous
images. If point correspondences are found across more than two images, the accuracy of the
recovered 3D points can be improved further through numerical optimization techniques. This is

described in more detail in the following section.

3.1.4 Ship-deck detection algorithm

A new ship-deck detection algorithm was developed as part of this research. The algorithm
is separated into two stages: 1) extraction of features and their 3D positions from a set of
images of a target object; and 2) estimating the pose of the object using this extracted data.
The assumption is that the target object is known in advance.

The feature extraction stage is developed from the structure-from-motion technique, which

is used to recover the 3D structure of an object from a sequence of 2D images of it [45]. In this
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(a) An example dataset image. (b) A 3D point cloud showing (c) The estimated pose of the
the positions of features object in a new image, found
detected on the object. This using the data illustrated in (b).
result is produced using several
dataset images.

Figure 3.3: Images illustrating the steps in the algorithm.

application, the 3D structure consists of a 3D point cloud (a collection of points in 3D space), and
each point is associated with the 3D position of an extracted feature. An overview of this process

is given below:

1. Obtain a sequence of images of the target object along with initial estimated camera poses.
These images can be collected from one or more cameras, and should include a sequence
of varying object orientations relative to the camera(s), covering a range of object poses
similar to those that may be observed during the pose estimation stage. Each image is
assigned a numerical ID value, which is used in later processing steps. The estimated
camera poses (defined relative to the origin of the target object) can be obtained through
physical measurement of the camera position or by use of a known visual reference, such

as an attached fiducial marker.

2. Begin the process of recovering features and their 3D locations using the following steps:

(a) Extract and match 2D features in the first two images in the sequence. For each match,
there will be a pair of corresponding 2D feature locations (in pixel coordinates) in
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each image. Implementations from OpenCYV, an open-source computer vision library,

are used for feature extraction and matching.

(b) Use the corresponding points and camera poses to triangulate the 3D positions of

these corresponding points in physical units.
(c) Store the matched features and their 3D positions.

(d) Assign a unique numerical ID to each stored feature. For each 2D point recovered in
Step 1, store the 2D point coordinates. In addition, store the numerical ID values of
both the image and feature corresponding to each 2D point. This data is necessary for

later steps.

3. Continue this process for each subsequent image:

(a) Extract features from the next image in the sequence.

(b) First, check for any matches with previously stored features. This allows individual

features to be tracked across several images.

(c) Repeat steps 2(a) and 2(b), matching features between the current and previous image
and triangulating their 3D locations. Remove any matched features that were already
matched to stored features in the previous step, and only retain the 3D point locations

of new features. Store these new features and their 3D locations.

(d) Repeat step 2(d). For each new feature recovered in the previous step, assign a new,

unique numerical ID.

4. Repeat this process for all images in the sequence. The end result will be a list of extracted
features and their triangulated 3D point positions. Additionally, there will be a list of stored

&9



2D point coordinates for the features extracted in each image, as well as image and feature

ID values corresponding to each 2D point.

5. For each image in the sequence, calculate the reprojection error for each of the saved 2D
image points. This is done by projecting the 3D points detected in that image back onto the
2D image plane (using the estimated camera pose), and calculating the distances between
the projected points and those obtained during feature matching. Remove any stored 2D
points for which the reprojection error exceeds a specified threshold. This ensures that
outlier points with large reprojection errors will not affect the optimization performed in
the next step. If no 2D image points corresponding to a particular 3D point remain after

this step, remove the 3D point and its corresponding feature.

6. Refine the estimated 3D point positions and camera poses with numerical optimization,
also known as bundle adjustment. Specifically, a nonlinear least squares method is used
to simultaneously optimize the camera poses and 3D points. An implementation of this
method from SciPy, a Python scientific computing library, was used for this step. As each
camera pose is represented with 6 numerical values (3 rotation and 3 translation), this
requires optimizing n = 6nNpses + 3MNpoints parameters. Residuals are found by computing
the reprojection errors using the previously stored 2D points, using the same method
described in step 5. The optimization refines the parameters through multiple iterations,
minimizing the sum of squares of the residual. The result is that the estimated camera poses
and 3D points are refined to minimize the reprojection errors across all points, improving

the accuracy of the 3D point locations.

7. Remove any 3D points, and their corresponding features, that are not located on the object
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itself. These points may be features located in the background or may be outliers resulting
from incorrect matching. In this paper, these points are removed by generating a 3D
bounding box (an imaginary 3D box which fully and tightly encloses the object geometry).
Points within the box are assumed to fall on the object and are retained, while points that
fall outside it are removed. This procedure removes background features and incorrect 3D

points, preventing unwanted matches to these features during pose estimation.

8. Finally, save the refined 3D points and associated 2D feature descriptors.

The next stage is used for actual pose estimation. This is the portion that will be run on-
board a rotorcraft during landing. This stage utilizes a monocular (single) camera, as 2D features

from a single image are matched to stored 3D features. The process is described in detail below:

1. Load the saved features and their corresponding 3D positions.

2. Obtain a new 2D image of the target object, such as a frame from an on-board camera.
Extract features from this image, and find matches with the features loaded in the previous
step. This provides a list of 2D points in the image and their corresponding points in the

stored 3D point cloud.

3. Solve the Perspective-n-Point (PnP) problem, which estimates the pose of the target object
from corresponding 3D and 2D points. An OpenCV implementation of PnP, employing the
RANSAC (Random Sample Consensus) method, is used for this step. RANSAC iterates
through many random samples of the corresponding points, finding pose estimates for each.
The estimate with the largest number of inliers, or points consistent with the pose estimate,

is selected as the final result. This makes the result more robust to outliers (poor matches).
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4. The final output will be the pose (position and orientation) of the object in the 2D image.

This process is repeated independently for any new images inputted.

5. If additional filtering of the raw data is necessary, the results are fed into a Kalman filter to

mitigate any noise or small errors in the pose estimation results.

The features in a camera frame will be extracted and matched to the saved features from the
first step. The matches between the 3D object points and the 2D points in the camera frame are
used to recover the pose of the 3D object (the ship-deck). Because this process extracts features
from many viewpoints of the object, instead of a single 2D image, the pose estimation is expected

to be far more robust to rotation of the ship-deck.

3.1.5 [Initial algorithm validation

The algorithm was initially validated using a publicly-available dataset, consisting of photos
of an object taken from many viewpoints [46]. This dataset is useful for basic validation because
it contains both pre-determined camera poses and accurate ground truth data. We inputted a
subset of the images in the dataset, consisting of one full revolution about the object by the
camera, into the feature extraction stage. Figure 3.3 (a) provides an example of a dataset image
used for feature extraction. A total of 962 features and their corresponding 3D positions were
successfully extracted, as shown in Figure 3.3 (b).

For pose estimation, another subset of images was used, consisting of viewpoints not used
to extract features. These images form a sequence in which the camera again revolves around
the object, though with the camera rotated 15 degrees from the original images to ensure these

viewpoints are not the same as those used earlier to extract features. The sequence covers a 315
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degree view around the object. One of these estimated object poses is illustrated in Figure 3.3 (c).
The estimated poses for the sequence were then compared with ground truth, shown in Figure
3.4. Note that images in the sequence are numerically labeled in order, starting from image 0 and
ending with image 40. For each image, there is a corresponding object pose. The plot shows that

these poses can be recovered precisely.

3.2 Vision System Integration

The vision algorithm is integrated into a quadrotor UAV to demonstrate the feasibility of
vision-based ship-deck landing. Since external communication may be unreliable during real
ship-deck landings, the vision algorithm must run using only on-board hardware. The hardware is
the same as was used for testing the 2D vision algorithm, specifically the camera, flight computer,

and the quadrotor. Therefore, no change in hardware is required for migrating from 2D to 3D.

3.2.1 Code integration

The new pose estimation algorithm was implemented into the same on-board flight computer.
The code uses ROS 2 (Robot Operating System 2), a set of robotics libraries, for asynchronous
communication between individual processes, or nodes. The pose estimation algorithm and
logging runs on a single node. An additional node is dedicated to continuously retrieving and

publishing frames from the camera, which are then received as needed by the vision algorithm.
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3.3 Algorithm Validation with Simulated Ship-Deck

The performance of the new algorithm must be evaluated with real-world objects before it

can be incorporated into an aircraft for ship-deck landing.

3.3.1 Ship-deck

The vision algorithm was validated with a 3D object simulating a ship-deck. The deck
measures 266.7 x 266.7 x 104.8 mm (10.5 x 10.5 x 4.125 inch) and incorporates several simple
3D shapes, as shown in Figure 3.5. ArUco markers of varying sizes have been affixed to the
surfaces of the ship-deck to provide many good features for detection. ArUco markers were
specifically chosen to provide some consistency with the ArUco marker grid used to validate the
2D feature-based algorithm [41].

To extract features and 3D points from the object, we created a set of images of the object
in a controlled manner. A camera was placed at three different fixed positions, and the object
was rotated on a base in 10 degree increments to collect images around the entire object. With
this process, a total of 111 photographs were collected from different camera poses. Example
images from each camera position are provided in Figure 3.5. For improved image quality, these
photographs were taken using an illuminated photography tent with a monochrome background.
This reduces illumination differences and shadows and minimizes unwanted detections of background
features. One of the ArUco fiducial markers on the object, which was fully visible in all views,
was used to obtain initial estimates of the camera poses relative to the ship-deck during feature
extraction. OpenCV functions were used to detect the fiducial marker in each image and compute

the relative pose of the camera.
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Figure 3.5: Example photographs of the ship-deck used for feature and 3D point extraction,
collected at each of the three camera positions.

3.3.2 Algorithm testing

The performance of the algorithm was evaluated using the simulated ship-deck in various
scenarios. For all tests, the algorithm was run in real-time using the previously described flight
computer and camera. Unless otherwise specified, the camera was mounted to the underside of
the quadrotor UAV, with the vehicle held and moved by hand to allow large angles and for more
controlled results.

An important consideration is that the vision algorithm outputs the pose of the ship-deck
relative to the camera. Therefore, all results presented here are relative poses. Note that these
poses are affected by both the motion of the camera and the motion of the ship-deck.

Ground truth data was collected using a Vicon motion-capture system, which tracked the
true pose of the quadrotor and target object during tests. The raw algorithm output, rather than
the Kalman filtered data, is presented to more accurately evaluate algorithm performance.

With the 3D vision algorithm, a time delay of approximately 500 milliseconds was observed
in the timestamps of logged pose estimates compared to ground truth. This delay is due to a
combination of computational time and latency in receiving camera frames. To allow for better
visual comparison in plots, the delay is corrected for in all real-time results presented in the

paper. The root-mean-square error (RMSE) was used to quantitatively evaluate error in real-time
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Figure 3.6: Example of vision algorithm result for roll motion with uncorrected 500 ms delay.

test results after incorporating the time delay correction. Figure 3.6 provides an example of vision

algorithm output with the time delay present.

3.4 Comparison of Feature Detectors

Different feature detectors present critical trade-offs for algorithm performance. These
include the number of extracted features, matching accuracy, robustness to scale and rotation, and
computational cost [43]. Therefore, it is necessary to quantitatively compare the performance of
the algorithm using different feature detectors in controlled conditions. The two feature detectors
SIFT and ORB were compared using these tests.

With the OpenCV implementation of ORB, it is also possible to specify the maximum
number of features retained from each image (nFeatures). After features are extracted from an
image, they are ranked according to what is known as the Harris score. This score is a measure
of intensity change in all directions across the image patch. It will be higher for strong corners,
which constitute good features, and lower for more edge-like patches or flat patches with little

variation [38]. The highest-scoring features, up to a maximum of nFeatures, will be retained.
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A smaller value of nFeatures will result in fewer features extracted and therefore fewer possible

feature matches, but will increase computational speed.

3.4.1 Feature extraction results
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Figure 3.7: Feature extraction results with different feature detectors.

Features and their corresponding 3D points were extracted from the ship-deck images using
both SIFT and ORB. For ORB, this was performed with nFeatures=1000 and nFeatures=500. The
resulting 3D point clouds are shown in Figure 3.7. ORB with nFeatures=500 and nFeatures=1000

results in 5131 and 10602 unique features, respectively, while SIFT extracted 11317 unique

features.

3.4.2 Algorithm performance comparison

The object simulating the ship-deck was placed horizontally on the floor in front of the
camera, as seen in Figure 3.8. For image collection, the camera was mounted to a miniature
tripod, allowing the camera position and pitch to be adjusted manually. The camera was set to
three different linear positions and pitch angles, ensuring that the deck is fully visible in the image

for each position. Three photos were collected at each camera position to account for random
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Figure 3.8: Setup used for collecting images of the ship deck.

image noise and error. For each test case, results were calculated for each image and averaged
for each camera position.

The resolution of the camera image is also an important consideration for the vision algorithm.
Extracting features from a lower resolution image is less computationally expensive, but can
result in failure to detect smaller features in the image, especially at larger distances from the
object [5]. The algorithm was therefore tested on images at the original camera resolution
(1920x1080), as well as images scaled down by 50% (960 x 540).

The mean computational times required for the algorithm, averaged across all evaluated
camera locations, are given in Table 3.1. Note that this is the time for an entire pose estimation
update, which includes the total time to 1) extract features from the image of the ship-deck; 2)
match features between the camera image and stored data; and 3) estimate the pose of the deck.

For full resolution images, SIFT is unacceptably slow, taking a mean of 0.569 seconds to
process a single image. Reducing the resolution reduces this time dramatically to 0.164 seconds,
though this is still longer than the ORB detector. In contrast, for ORB, the mean computational

time is not meaningfully reduced by decreased image resolution. Varying nFeatures does show

99



a significant impact, as the computational time needed for nFeatures=1000 is almost double the
time for nFeatures=500.

The mean errors in pitch and position estimate, again averaged across all three camera
locations, are given in Tables 3.2 and 3.3, respectively. For 100% resolution images, SIFT
demonstrates the highest accuracy, with an error of 0.21 degrees in pitch estimation. For ORB,
an error of approximately 1 degree is observed for both values of nFeatures. For 50% resolution
images, SIFT displays very similar results to the 100% resolution case. However, the performance
of ORB degrades with reduced resolution, with errors for both estimated pitch and position
increasing significantly. The error is especially severe for estimated pitch with nFeatures=1000.

Figure 3.9 shows the variation of error with distance from the camera to the object for
the 50% resolution images. With SIFT, the pose estimation error is similar for all distances
tested. ORB shows similar error to SIFT when the camera is closer to the object. However,
the error increases severely when the camera moves further from the object, indicating ORB
fails at longer distances. In particular, ORB with nFeatures=1000 displays a dramatic increase
in error. Inspection of the matched features on the image indicates that many of the features
on the 3D object were incorrectly matched to background details in the image. With the value
of nFeatures=1000, additional, lower-quality features are extracted compared to nFeatures=500.
This results in a higher number of erroneous matches. This failure is not acceptable for simulated
landing, since for the experimental algorithm tests, the camera is located a distance of 50-90 cm
from the ship-deck origin.

From these results, ORB with nFeatures=500 and 100% resolution camera frames was
selected for testing real-time pose estimation. This combination was chosen as it provides both

relatively low computational time and acceptable performance.
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Table 3.1: Mean computational time for different feature detectors and image resolutions.

Feature detector 100% resolution 50% resolution
SIFT 0.569 s 0.164 s
ORB (nFeatures=1000) 0.156 s 0.156 s
ORB (nFeatures=500) 0.080 s 0.078 s

Table 3.2: Mean pitch estimation error for different feature detectors and image resolutions.

Feature detector 100% resolution  50% resolution
SIFT 0.21° 0.23°
ORB (nFeatures=1000) 1.00° 28.60°
ORB (nFeatures=500) 0.97° 1.99°

Table 3.3: Mean position estimation error for different feature detectors and image resolutions.

Feature detector 100% resolution 50% resolution
SIFT 6.43 cm 6.44 cm
ORB (nFeatures=1000) 544 cm 14.94 cm
ORB (nFeatures=500) 541 cm 8.85 cm

An important note is that in this scenario, pose estimation was completed on single, pre-
collected images, rather than updating and logging continuously alongside other running scripts.
Due to this increased computational load, the update frequencies are expected to be lower during

real-time operation.
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3.5 Inlier Thresholding

Estimating a pose with PnP requires a minimum of 4 point correspondences. However,
with a small number of corresponding points, errors in matching can result in an incorrect pose
estimate. RANSAC iterates to find an estimated pose with the highest number of inliers, or point
correspondences which are consistent with the estimated pose. The number of inliers can be used
to evaluate the quality of a pose estimate; a small number of inliers may mean a poor result. The
quality of pose estimation could potentially be improved by implementing a minimum threshold
for the number of inliers, rejecting any estimates that fall below this threshold.

A vision algorithm test was completed to determine a good threshold for inliers. Algorithm
output was collected with the quadrotor held by hand above the 3D ship-deck. The quadrotor
was moved in quick, random motions in attitude and position, with the ship-deck either fully or
partially in view of the camera, so as to generate pose estimates with varying quantity of inliers.
For each pose estimate, the quantity of inliers was logged.

The attitude and position results are shown respectively in Figures 3.10 and 3.11. The raw
pose estimates (no thresholds applied) are plotted alongside data which is filtered to remove pose
estimates falling below the minimum inlier threshold. It was found that a threshold of 50 inliers

yielded the best improvement in these results.

3.6 Stationary Camera and Landing Pad

A test was completed to show a baseline of performance. The quadrotor, with camera

attached, was held stationary above the stationary 3D object, with the object fully in view of the
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Figure 3.12: Estimation of relative attitude angles, with the quadrotor held stationary above the
ship-deck.

camera.
The attitude and position results for this test are shown in Figures 3.12 and 3.13, respectively.
These plots show very accurate estimation of the ship-deck pose. The RMSE for pitch and roll

are less than 2 degrees, while the RMSE for linear position is less than 1.3 cm on any axis.

3.7 Ship-Deck Motion

The performance of the algorithm was then evaluated for a landing pad undergoing stochastic
ship-deck motion. The ship-deck motion, representing Sea-state 6, was obtained from time

histories provided in the Navy SCONE dataset, representing the motions of a full-scale DDG-
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deck.
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Figure 3.14: Stewart platform with 3D object attached. The Stewart platform is used to simulate
ship-deck motion.

51 type ship [6]. The roll, pitch, and yaw motions are generated exactly from the time history
without scaling, while the translational (surge, sway, and heave) motions are scaled to 0.5% of
their original values due to the smaller scale of the experimental setup. A Stewart platform with
the simulated ship-deck attached, as shown in Figure 3.14, was used to generate this ship-deck
motion for vision algorithm testing. The vision algorithm is used to estimate the ship-deck pose
in real-time.

First, the quadrotor was held stationary above the moving ship-deck, simulating a stable
hover condition. The attitude and position results are provided in Figures 3.15 and 3.16, respectively.

The results indicate that the algorithm can estimate the deck pose accurately in this case, as the
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Figure 3.15: Estimation of relative attitude angles, with the quadrotor held stationary above the
ship-deck attached to moving Stewart platform.
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Figure 3.16: Estimation of relative position, with the quadrotor held stationary above the ship-
deck attached to moving Stewart platform.

110



40 T
—Vicon

S 20 - —=Vision|
[
Tz
2
o
c
<

_40 1 | | 1 1

0 10 20 30 40 50 60
b) Pitch
40 T T T T T
—Vicon

D 20 - —="Vision|/
[
Z
2
o
c
<

_40 1 | | 1 1

0 10 20 30 40 50 60

Time (s)

Figure 3.17: Estimation of relative attitude angles, with the quadrotor moved in attitude and
position above the ship-deck attached to moving Stewart platform.

pose estimates closely follow the ground truth.

Next, the quadrotor was moved randomly with varying attitude and position. This creates
large, complex relative motions between the camera and ship-deck which must be captured by the
vision algorithm. The results of the test are shown in Figures 3.17 and 3.18. The attitude results
closely follow the ground truth; the algorithm is able to accurately capture complex pitch and
roll motions in excess of 20 degrees. Additionally, the estimate of Z-position closely matches
ground truth. However, some errors are present in the estimates of X- and Y-position, as the
vision algorithm estimates do not capture all of the rapid linear motions present in the ground
truth.

The algorithm performance in both cases is quantitatively compared using the RMSE of
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Figure 3.18: Estimation of relative position, with the quadrotor moved in attitude and position
above the ship-deck attached to moving Stewart platform.
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position and attitude, provided in Table 3.4. With the quadrotor stationary, the attitude results

show similar error to the baseline case, though the X- and Y-position errors are increased. With

significant relative motion of the quadrotor and platform, the X- and Y-position errors are significantly

increased, while the attitude and Z-position errors are modestly increased. The movement of the

quadrotor introduces motion blur, which contributes to these errors. Additionally, the 3D object

is only partially visible in frame during portions of the test, resulting in fewer feature matches

and therefore increased error.

Table 3.4: RMSE for ship-deck motion cases.

Test case X Y Z Roll

Pitch

Quadrotor stationary 29cm 3.0cm 0.8cm 1.5°

Quadrotor moving 57cm 63cm l.lcm 2.2°

1.4°
2.4°

3.8 Visually Degraded Conditions

The algorithm’s performance was then evaluated in visually degraded conditions. Three

conditions were specifically evaluated: 1) occlusion; 2) low illumination; and 3) glare. For all

tests, the ship-deck was mounted to the Stewart platform simulating Sea-state 6 motions, with the

quadrotor held stationary above the moving platform.

The vision algorithm was first evaluated under occlusion. The visible portions of the 3D

object were partially occluded using paper coverings, as shown in Figure 3.19. The results for

attitude and position are shown in Figures 3.20 and 3.21, respectively. The pose estimates in this

case are accurate overall, closely matching the Vicon ground truth, with only minor noise in the

pitch and roll estimates.
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Figure 3.20: Estimation of relative attitude angles of a partially occluded ship-deck, with the
quadrotor held stationary above the ship-deck attached to moving Stewart platform.
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Figure 3.21: Estimation of relative position of a partially occluded ship-deck, with the quadrotor
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Figure 3.22: Estimation of relative attitude angles of a ship-deck in low illumination, with the
quadrotor held stationary above the ship-deck attached to moving Stewart platform.

The algorithm performance was then evaluated for low illumination conditions. Low indoor
lighting was used to create an illumination of approximately 10 lux. The results of the test are
shown in Figures 3.22 and 3.23. The attitude and position estimates for this case are accurate,
closely matching the ground truth.

Finally, the algorithm was tested in glare conditions. A 900 lumen flashlight was used to
create significant glare and shadows on the ship-deck, as shown in Figure 3.24. The attitude
and position estimates are provided in Figures 3.25 and 3.26, respectively. The roll and pitch
results follow the ground truth acceptably, and the position estimates match the ground truth very
accurately.

Though the overall results appear accurate, there were some instances during the test in
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Figure 3.23: Estimation of relative position of a ship-deck in low illumination, with the quadrotor
held stationary above the ship-deck attached to moving Stewart platform.
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which the vision algorithm failed to detect the ship-deck at all due to the glare obscuring a large
portion of the ship-deck. In particular, the algorithm did not successfully log any pose estimates
between the times of 12-16 seconds, 24-29 seconds, and 40-43 seconds during the test. Such a
failure could be problematic during an actual ship-deck landing, as the controller will not receive

any updated ship-deck pose estimates for several seconds.

Figure 3.24: The 3D ship-deck with glare and shadows produced by a 900 lumen flashlight.

The RMSE of linear position and attitude, summarized in Table 3.5, can be used to further
compare each test case. The low illumination and occlusion cases show comparable error to the
ideal ship-deck motion test, indicating the algorithm is robust to these conditions. In the glare
case, the errors are lower than in the occlusion or low illumination conditions. However, as the
algorithm failed to detect the ship-deck several times during the test, robustness in glare needs to

be further improved.
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Figure 3.25: Estimation of relative attitude angles of a ship-deck with glare, with the quadrotor
held stationary above the ship-deck attached to moving Stewart platform.
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Figure 3.26: Estimation of relative position of a ship-deck with glare, with the quadrotor held

stationary above the ship-deck attached to moving Stewart platform.
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Table 3.5: RMSE for visually degraded conditions.

Test case X Y Z Roll Pitch

Occlusion 22cm 23cm 06cm 2.0° 1.6°
Low illumination 3.3cm 34cm 03cm 1.5° 24°

Glare 09cm 09cm O05cm 1.7° 1.0°

3.8.1 Feature match and inlier counts

As discussed earlier, the number of feature matches and inliers obtained during pose estimation
can significantly affect the quality of results. Therefore, analyzing these values for various test
cases can provide additional insight into algorithm performance in different scenarios. The mean

number of feature match and inlier counts for each test case are summarized in Table 3.6.

Table 3.6: Summary of mean feature matches and inliers for each test case.

Test case Mean feature matches Mean inliers
Quadrotor stationary 391 102
Quadrotor moving 383 87
Occlusion 370 75
Low illumination 342 61
Glare 370 69

The mean numbers of feature matches and inliers decrease somewhat for visually degraded
conditions compared to the visually ideal test cases. However, a corresponding decrease in
accuracy is not observed in pose estimation error. This suggests that, if a sufficient number
of accurate feature correspondences can be obtained, additional matches may not significantly

improve accuracy. On the other hand, additional inlier matches improve robustness to detection
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failure, compared to having a number of inliers very close to the minimum threshold. This is
notable in the glare case, where pose estimates were not generated during multiple portions of

the test due to an insufficient inlier count.

3.9 Free-Flight Test

A simple free-flight test was performed to validate the algorithm’s performance in hover.
In hover, the vision algorithm must tolerate vibration and small motions that are not present with
a hand-held camera.

The ship-deck was secured to the floor for safety. The quadrotor was manually piloted and
held in hover above the ship-deck for several seconds. The results of the test are given in Figures
3.27 and 3.28.

In hover, the algorithm is able to accurately estimate position and attitude, indicating it
is viable for use in actual flight. The RMSE for pitch and roll are only 1.2 and 1.4 degrees,
respectively, while an RMSE of 4 cm is present for the X-, Y-, and Z-position estimates. This
indicates that the vibrations and small motions that occur in free hover do not significantly

degrade algorithm performance.

3.10 Performance Comparison with 2D Vision Methods

The performance of the 3D feature-based vision algorithm is now compared to that of
more typical 2D vision methods for ship-deck landing. The 3D feature-based algorithm offers
significant advantages over 2D approaches, including its ability to work with 3D objects and

its robustness to large rotations; it is therefore important to investigate whether it provides a

122



Figure 3.27: Estimation of relative attitude angles, with the quadrotor hovering above the ship-

deck.
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Figure 3.28: Estimation of relative position, with the quadrotor hovering above the ship-deck.
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similar level of pose estimation accuracy. For consistency, the comparison will be limited to
work evaluating small-scale UAVs.

When evaluating our previously developed 2D feature-based algorithm under similar test
scenarios as those presented in this chapter, the pose estimation accuracy was found to be less
than 4 cm along each linear axis and less than 2.5 degrees for pitch and roll [37]. Using a recursive
AprilTag fiducial marker, Nicholson et. al. reported error in vision-based estimation of 8-23 cm
in position and 1.8-3.1 degrees in rotation [29]. Using a typical H-shaped landing target, Lin et.
al. observed position estimation error of 3-5 cm along each linear axis [31].

The test results for the 3D feature-based algorithm showed 0.5-6.3 cm of error along each
linear axis and 1.2-2.4 degrees of error in pitch and roll. Its performance is therefore comparable

to that of 2D vision approaches.

3.11 Increasing Algorithm Speed

The 3D feature-based algorithm is naturally far more computationally intensive than the
2D algorithm. A much larger number of features are extracted from the 3D object across many
different camera positions, compared to the single image used for the 2D algorithm. Approximately
1,200 features were extracted from the 2D ship-deck image, while the 3D ship-deck image set
provided 5,000-13,000 features, depending on feature detector and settings. This means that a
much larger number of features must be matched in each update, increasing computational load
dramatically.

For the ship-deck tests, the algorithm was able to update at a speed of 5-6 Hz. To be feasible

for ship-deck pose estimation, at minimum, the algorithm must update at a sufficient frequency
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to adequately capture the stochastic ship-deck motion. From analyzing Fourier transforms of the
SCONE ship-deck motion histories, the maximum frequency of ship-deck motion is approximately
0.34 Hz. Therefore, this update frequency is adequately fast to track the motion in real-time.
However, it is desirable to improve the update speed to improve the quality of pose estimation
and to minimize delay in providing updated pose estimates to the controller. Additionally, more
complex objects, such as real ships, may yield more features and corresponding points during
feature extraction than the simplified object used here, increasing computational load. It is
therefore important to explore techniques to potentially decrease computational time and increase

update speed.

3.11.1 Filtering visible features

When updating the algorithm using a new frame, features detected in this frame are matched
to features previously extracted from the 3D ship-deck. However, only a subset of the features on
the 3D ship-deck will actually be visible in any single camera image. As feature matching is one
of the most computationally demanding steps in the algorithm, restricting feature matching only
to these visible features could potentially improve the speed of the algorithm.

The feature extraction process tracks which features are visible in each camera pose. From
this, we can determine the ship-deck rotations where each feature should be visible. During
real-time pose estimation, an initial pose estimate can be used to restrict feature matching in the
next update to points visible in nearby rotations. The details of this process are described in the
following subsections.

For this process, rotations were stored and processed as quaternions. This improves computational
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efficiency and allows necessary mathematical operations to be performed; in particular, using
quaternions, it is possible to calculate distances between rotations as a single angle. Additionally,

methods have been developed to efficiently compute the average of multiple quaternions [47].

3.11.2 Process for filtering visible features
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Figure 3.29: Images illustrating the steps in filtering visible features.

For each image of the ship-deck used in feature extraction, there is an associated camera
pose. Its orientation is stored as a rotation vector, which is converted to a quaternion representation
for the filtering process. The visible rotations of each feature were obtained using the following

procedure:

1. From the feature extraction results, we can recover the camera poses where a feature on the

ship-deck is visible. Each camera pose corresponds to a rotation.

2. Features may be visible in multiple camera poses. However, comparing multiple rotations

for each feature is less computationally efficient than comparing a single rotation. Therefore,
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an average rotation for each feature is found by calculating the average of quaternions for

all rotations where the feature was detected.

. The average rotation for each feature is then stored in an array. Once this has been repeated

for all of the features, save this array with the features and 3D points for later use.

The pose estimation process is modified to include this filtering. This is described below:

. Choose a rotation threshold for a feature to be considered visible. When calculating the
distance between rotations, if a rotation is within this threshold, it will be considered
visible. The threshold should be large enough to account for reasonable differences between
the camera pose and feature rotations, as well as movement of the camera and platform

between algorithm updates.

. Obtain an initial ship-deck rotation. This is done by matching image features to all of the

saved object features, the same as in the original algorithm.

. For each stored feature, calculate the distance between its rotation and the initial rotation.

Create a modified list of features which meet the rotation threshold.

. Complete the feature matching step using the modified list of features. Use this to find an

updated pose estimate.

. Repeat this process while the ship-deck is in view of the camera. Each time a new pose

estimate is obtained, the pose is used for the initial rotation in the next step.

Figure 3.29 illustrates the steps in this procedure.
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3.11.3 Performance comparison

Basic validation of the computational speed and accuracy of the algorithm with this added
filtering was then performed. Four cases were compared: 1) filtering with a rotation threshold
of 60°; 2) a rotation threshold of 75°; 3) a rotation threshold of 90°; 4) no filtering of visible
features. The 111 initial images of the ship-deck were used for this test. The images were
provided in sequence to the algorithm, and the pose estimates from the algorithm were compared
to the ground truth poses of the ship-deck.

One goal of the visible feature filtering is to make slower feature detectors viable for real-
time pose estimation. Because of this, the validation test deliberately used the feature detector
ORB with nFeatures=1000, which required long computational times in earlier tests.

The results for computational time are provided in Table 3.7. The visible feature filtering
results in a significant decrease in computational time compared to the algorithm without added

filtering. This computational time decreases with smaller rotation thresholds.

Table 3.7: Mean computational time for visible feature filtering with different rotation thresholds.

Test case Mean computational time
60° threshold 0.108 s
75° threshold 0.122 s
90° threshold 0.139 s
No filtering 0.199 s

The RMSE results for position and attitude are provided in Table 3.8. The error in estimated
position is similar to the baseline case for both the 75° and 90° thresholds, but increase slightly

for the 60° case. For the estimated roll and pitch, the error is modestly increased for the 60° and

129



75° cases. However, a larger increase in error is seen with the 90° rotation threshold.

Table 3.8: RMSE for visible feature filtering with different rotation thresholds.

Test case X Y Z Roll Pitch

60° threshold 0.2cm 0.6cm 1.0cm 3.9° 3.1°
75° threshold 0.2cm 05cm 08cm 3.9° 2.6°
90° threshold 0.2cm 0.6cm 0.8cm 4.0° 5.2°
No filtering 0.2cm 05cm 0.8cm 3.7° 2.6°

From these results, visible feature filtering can be used to improve the vision algorithm’s

computational speed, but a tradeoff must be made with the accuracy of the results.

3.12  Summary

This chapter covered the development of a new feature-based algorithm to estimate the pose
of a 3D ship-deck. The algorithm was incorporated into on-board quadrotor vision hardware
and thoroughly validated using a simulated 3D ship-deck with a Stewart platform. Algorithm
performance with different feature detectors, specifically ORB and SIFT, was quantitatively
evaluated. The algorithm was demonstrated to be capable of estimating ship-deck pose in real
time under ideal conditions, Sea-State 6 ship-deck motion, and visually degraded conditions.
Logged pose data was compared to Vicon ground-truth data. From these results, the following

conclusions are drawn:

1. Itis possible to use 3D computer vision to extract the pose of the ship-deck using matched

features.

2. The algorithm demonstrates robustness to low illumination and occlusion, and was able to
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estimate the pose of the moving-ship deck accurately in these conditions. However, the
algorithm performance degraded in the glare condition, as it failed to detect the ship-deck

for several seconds during the test.

. Inideal visual conditions, the 3D algorithm is capable of estimating the pose of a stationary
ship-deck, as well as a ship-deck undergoing Sea-State 6 motion. The algorithm showed

comparable accuracy to 2D vision methods.

. Different feature detectors present trade-offs for real-time performance. SIFT is accurate
even at longer distances from the ship-deck, but is very computationally slow; ORB performs
poorly at longer distances, but is much faster, making it viable for real-time use on the

quadrotor computer hardware.

. The 3D feature extraction process produces a large number of features, which has a significant
penalty to algorithm speed due to the large number of features that must be matched. By
determining which features are visible based on an initial orientation, and matching only
to these features, it is possible to improve algorithm update speed significantly. However,

this comes at the cost of increased error in pose estimation.

. Filtering pose estimates based on the number of inlier points can improve the quality of

algorithm output by removing poor quality results.
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Chapter 4:  Stereo Vision Algorithm

This chapter describes a new feature-based stereo vision algorithm capable of estimating
the motion of arbitrary ship structures, eliminating some of the limitations of the algorithms
described in Chapters 2 and 3. The new vision algorithm and its implementation are described in

detail. Experimental validation results for a realistic simulated ship are presented.

4.1 Motivation for New Stereo Vision Approach

While the vision algorithms described in Chapters 2 and 3 can accurately estimate the
ship-deck pose in challenging conditions, some important limitations were observed. The 2D
feature-based algorithm demonstrated very robust and accurate performance when a customized,
feature-rich landing pad image was used. Though the algorithm can be used with realistic landing
pad images, the low number of features resulted in significantly reduced accuracy as well as
frequent failures to detect the ship-deck due to insufficient feature matches. The 3D feature-
based algorithm does not need a customized landing pad image, but it still required images of the
ship and significant pre-processing burden to extract features and feature locations. The need for
pre-collected images meant advance knowledge of the visual appearance of the ship was required,
limiting the ability to land on ships which are not known in advance.

It is therefore desirable to develop a new vision approach which does not rely on customized
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images or tags, and which requires minimal pre-processing steps and stored data. This chapter
describes a new feature-based algorithm utilizing a stereo camera to meet these requirements.
The algorithm can estimate the motion of arbitrary ship structures, removing the need for advance

knowledge of the ship’s appearance.

4.2 Hardware and Test Setup

As in the previous chapters, our vision algorithm for ship-deck landing continues to utilize
only on-board computer and vision hardware, as external communication may be unreliable or
unavailable during real ship landings.

To allow for more efficient implementation and testing with the stereo vision hardware,
a new quadrotor utilizing primarily off-the-shelf hardware was used, rather than the custom
quadrotor UAV described in Chapter 2. The quadrotor incorporates all of the necessary hardware
for on-board processing and autonomous operation. The details of the aircraft and its vision

hardware are provided below.

4.2.1 Quadrotor details

The quadrotor is shown in Figure 4.1. Including all mounted vision hardware and battery,
the vehicle has a gross take-off weight of 2.5 kg. The aircraft uses a Holybro X500 v2 carbon
fiber frame, measuring 354 x 354 mm (measured from the centers of the motors). It features four
10-inch diameter, two-bladed rotors driven by Holybro 920 KV 2216 brushless electric motors.
The motors, flight controller, and flight computer are powered using a single 5200 mAh, four-cell

(14.8 V) lithium polymer battery.
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Figure 4.1: The quadrotor UAV incorporating on-board computer and vision hardware.

The aircraft is controlled using a CubePilot Cube Orange flight controller. The controller
incorporates an ARM Cortex-M7 processor and uses the ArduPilot open-source autopilot software.
It contains redundant integrated sensors, specifically three IMUs (Inertial Measurement Units),
two barometers, and one magnetometer. A connected radio receiver, paired to a transmitter, is

used to receive manual commands from a pilot.

4.2.2 Cameras

The quadrotor is equipped with a forward-facing stereo camera to evaluate the new stereo
vision algorithm. The selected stereo camera is the Stereolabs ZED Mini with a stereo baseline
(spacing between left and right cameras) of 63 mm. Parameters such as resolution, frame rate, and
exposure time can be modified as needed using manufacturer-provided software. Additionally,
the aircraft incorporates a downward-facing monocular camera which is used to obtain images
of the ship-deck should the 2D feature-based algorithm be required. The selected camera, the

See3Cam USB camera manufactured by e-con Systems, is the same camera used for our previous
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vision algorithms. It features a built-in autoexposure algorithm, which allows the the camera to

automatically compensate for changes in illumination.

4.2.3 Flight computer

An embedded flight computer is integrated into the quadrotor UAV avionics hardware. The
computer runs the vision algorithm in real-time and uses the pose estimation results to control
the quadrotor relative position during ship-deck landing. Commands and messages are sent to
the flight controller using a serial connection.

In our previous work, all vision processing was performed on an UP Xtreme embedded
computer featuring an Intel i5 CPU. The results revealed limitations with running the vision
algorithms on CPU only, particularly when matching large numbers of features [37,42]. Stereo
cameras also introduce additional processing steps, such as extracting and matching features
between the left and right images.

A new flight computer, the Nvidia Jetson Orin Nano Developer Kit, was selected to address
this issue. The computer features an Arm Cortex-A78AE processor; unlike the previous flight
computer, this embedded computer incorporates an additional Nvidia GPU. In contrast to a CPU,
a GPU is capable of running many operations in parallel, making it ideal for tasks such as image
processing. The GPU can be accessed and utilized for computational tasks using Nvidia CUDA
(Compute Unified Device Architecture) software.

The increase in computational speed was validated using a simple feature extraction and
matching example; the test measured the total time to extract and match features between two

images. Using CPU-only functions, the task took 0.07 s. With the GPU, the task required only
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0.02 s, a significant improvement.

4.3 Feature-Based Stereo Vision Algorithm

The new vision approach is based on the ability of stereo cameras to provide depth and
disparity information, which can be used to obtain 3D information using only the images from
the camera. Monocular cameras, such as those used in the previous feature-based algorithms
described in Chapters 2 and 3, cannot directly provide this information. Using feature matching,
the algorithm extracts 3D points from visible ship-structures and uses the motion of these points
between camera frames to estimate the motion of the ship. Unlike our previous feature-based
algorithms, the stereo vision algorithm works with any arbitrary 3D structures with sufficient
features. This allows the algorithm to be potentially used for landing on any ship, with no advance

knowledge of the ship’s visual appearance or geometry.

4.3.1 Stereo vision

Stereo cameras consist of two separate image sensors with a fixed baseline (distance between
them). This is in contrast to monocular cameras, which utilize a single image sensor. Each stereo
camera frame consists of images taken simultaneously from both sensors. Typically, the image
sensors are placed in a parallel configuration as illustrated in Figure 4.2.

Using the two images obtained in each frame, it is possible to determine the locations of
points in 3D space relative to the stereo camera. This requires finding 2D point locations in each
image corresponding to the same point in 3D. Because the camera parameters and baseline are

known, the 3D location of the point relative to the camera can then be recovered. This process
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is known as triangulation; more detail on this process is provided in Chapter 3. As before, an
OpenCV implementation of triangulation was used. As shown in Figure 4.2, if a parallel stereo
camera is used, the corresponding points should fall on the same horizontal line in both images.
Using stereo cameras, it is also possible to generate depth maps using the horizontal disparity
between the left and right images. Depth maps consist of an estimated depth (Z-distance from
camera) corresponding to each pixel in the camera image. Using manufacturer-provided software
libraries, estimated depth maps can be generated in real-time as new camera frames are obtained.

These depth maps are used for refinement steps in the algorithm, as described later in this chapter.
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4.3.2 Feature matching

As discussed in greater detail in the previous chapters, features are small patches of interest
in an image. They are robust to transformations in scale, translation, illumination, and rotation.
Locations of features are typically found by detecting strong corners or blobs, which have a strong
gradient in pixel intensity in two directions. Image patches at these locations are extracted and
converted to a numerical vector representation known as a descriptor. By comparing descriptors,
features can be matched to find corresponding points across different images. Good features
should be distinctive, meaning that they can be reliably matched across multiple images; low-
contrast or nondistinctive features are not desirable for feature matching.

Multiple algorithms have been developed to detect and extract features in images. One
commonly used feature detector is the Scale Invariant Feature Transform (SIFT) algorithm,
developed by Lowe [14]. It is invariant to changes in translation and scale, and somewhat
robust to variations in rotation and illumination. The algorithm provides generally good feature
matching results between images, but is computationally demanding [43]. SIFT was used for the
2D feature-based algorithm due to its robustness for feature matching [37].

The Oriented FAST and Rotated BRIEF algorithm is another commonly used feature detector
[15]. The algorithm offers a significant improvement in computational speed compared to SIFT,
but with lower robustness [43]. Because of the lower computational time required, ORB was
utilized for our previous 3D feature-based algorithm, which required matching large numbers of
features.

As with the previous vision algorithms for ship-deck pose estimation, the stereo vision

algorithm relies on extraction and matching of features from camera frames. Feature matches
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provide corresponding points between the left and right camera images, which can then be
triangulated to provide 3D point locations. This is illustrated in Figure 4.3 (a) and explained

in more detail in the following sections.

4.3.3 Estimating rigid body transformations

For each new stereo camera frame, the algorithm computes a set of 3D points. To estimate
the motion of the ship (or other 3D structures) relative to the camera, it is necessary to compute
the motion of these 3D points between frames. To accomplish this, a rigid body transformation,
consisting of rotation and translation, is computed between corresponding 3D points in the
current and previous camera frame. Rotation and translation are applied to a 3D point using

Equation 4.1:

p=Rp+T 4.1)

where R is a 3 X 3 rotation matrix from the previous to current frame, 7" is a 3 X 1 translation
vector relative to the previous frame, and p and p’ are 3 x 1 vectors containing the 3D point
coordinates before and after applying the transformation, respectively.

Multiple methods exist to compute the rigid body transformation between two corresponding
sets of 3D points [48]. For the vision algorithm, the method described by Arun et. al. is used [49].
The method is summarized here for completeness.

Arun’s method computes the optimal rotation R and translation ¢ between two sets of
corresponding 3D points {p;} and {¢;}, 7 = 1,2, .. N, with random noise present in the corresponding

point locations. The recovered transformation minimizes the least squared error between the two
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sets of corresponding points, given in Equation 4.2.

N
52 =" lg; — Rpi — 117 (4.2)
i=1

The centroids of the point sets are defined as follows:
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To isolate the rotation matrix in Equation 4.2 (removing the translation term), the two point

sets can be modified to share the same centroid:

Pe; =Di — P (4.5)
Ge; = i — 1 (4.6)

Equation 4.2 then becomes the following:

N
22 = Z ||qc1, - Rpci||2 (47)
i=1

The rotation matrix that minimizes equation 4.7 can be found using a singular value decomposition

(SVD) approach. First, define the 3 x 3 matrix:
N
i=1
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The SVD of this matrix is # = UAV”. The optimal rotation matrix is calculated as:

R=VU" 4.9)

Using this rotation matrix, as well as the centroids of the point sets found earlier, the

translation is then calculated as:

T=q—Rp (4.10)

For an individual pair of corresponding points, the error (distance) after applying the optimal

transformation is given by Equation 4.11:

e, =q — Rp; =T (4.11)

As this method minimizes the error across all points, the result is sensitive to outliers caused
by incorrect point correspondences resulting from poor matches, as well as points not located on
the moving ship. To ensure reliable results, it is necessary to mitigate the effect of outliers when
computing rotation and translation.

One technique commonly used in computer vision is the RANSAC (Random Sample Consensus)
algorithm [39]. The algorithm works by repeatedly taking samples of data and fitting a model to
each sample, in order to find a model that maximizes the number of inlier data points. The final
result should therefore only be influenced by inlier data points, ignoring outliers entirely. For the
vision algorithm, the procedure for estimating rotation and translation is modified accordingly

using the following steps:
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1. Using feature matching and triangulation as discussed above, obtain two sets of corresponding

3D points.

2. Randomly select 3 pairs of corresponding points (the minimum needed to calculate the

transformation).
3. Compute an estimated rotation and translation using these selected points.

4. Apply the rotation and translation to all of the points in the first set of 3D points. Compute
the error for each pair of corresponding 3D points using Equation 4.11. Any point pairs
within a specified error threshold will be marked as inliers, and are considered outliers

otherwise.

5. Repeat steps 2-4 a specified number of times. Keep the rotation and translation which

results in the highest count of inliers.

6. Using the final set of inlier points (removing any outliers), again calculate the rigid body
transformation. This will optimize the rotation and translation estimate across all inlier

points.

4.3.4 Algorithm overview

The stereo vision algorithm utilizes these techniques to estimate the motion of the ship.

The steps in this process are described below:

1. Obtain a new frame from the stereo camera. This frame includes the images from both the

left and right cameras. The depth maps will also be generated at this time.
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(a) Feature matching between the left and right stereo camera images. These features are triangulated to
obtain 3D point locations on the ship.
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(b) Feature matching and triangulation is repeated for the next stereo camera frame.
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(c) Features are matched between the current and previous frames. This generates two sets of
corresponding 3D points from the current and previous camera frames. A rigid body transformation
between these sets of points is calculated to estimate the motion between frames.

Figure 4.3: Illustration of steps in the stereo vision algorithm.
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. Extract and match features from the left and right camera images to obtain corresponding
points, as shown in Figure 4.3a. As discussed above, with stereo cameras, corresponding
points should fall on the same horizontal line in both images. Therefore, remove any pairs

of corresponding points that fail this condition, within a specified tolerance.

. Triangulate the corresponding points using the known stereo camera parameters to obtain

a set of 3D points, as shown in Figure 4.3a.

. Use the depth map to further refine the recovered 3D points. For each triangulated point,
compute the percent error between the triangulated depth (Z-distance) and the estimated
value from the depth map. If the percent error is greater than a threshold, remove the 3D

point.

. The recovered 3D points are defined relative to the stereo camera’s origin (center of the left
camera), with the Z-direction facing forward. As it is more convenient to calculate motion
in the aircraft coordinate frame (Z-down), transform the recovered points to the aircraft

coordinate system.

. Repeat steps 1-5, computing 3D points and their corresponding features for a new camera

frame. This is illustrated in Figure 4.3b.

. Match the features corresponding to the 3D points in the current frame to the stored features
from the previous frame. This step obtains the corresponding 3D points in the current and

previous frame, as shown in Figure 4.3c.

. Using the corresponding 3D points, compute the rigid body transformation using the procedure
detailed above. This procedure will produce a rotation and translation between the points
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in the first and second frame.

9. The recovered rotation and translation is used as an estimate of relative motion between the

camera and scene, in this case, the camera and ship.

4.4  Ship-Deck Pose Estimation

The stereo vision algorithm does not estimate the full pose of the ship; rather, it estimates
the change in rotation and translation of the ship relative to the camera between frames. Therefore,
it is necessary to provide an initial estimate of the ship pose. Without additional corrections, the
pose estimate will drift over time. To correct for this, it is necessary to also obtain pose estimates
from a second source that do not suffer from drift over time.

Our previous 2D feature-based algorithm is suitable for this purpose. The algorithm provides
a full estimate of the ship-deck pose relative to the camera in real-time by matching features from
a camera to a reference image. The algorithm can be used with any 2D reference image, allowing
it to use existing landing pad or flight deck markings. The disadvantage is that the accuracy of
pose estimates will be reduced due to the low number of features, and the algorithm may fail to
detect the ship-deck at times during landing. Combining this algorithm with the stereo vision

algorithm can counteract these limitations.

4.4.1 Kalman filter for fusing vision algorithm results

Output from both vision algorithms can be fused in a Kalman filter. This can provide more
accurate estimates of ship-deck pose than relying on a single vision algorithm, and mitigate noise

or errors in individual vision-based estimates. Continuous updates from the 2D feature-based
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algorithm ensure that the pose estimate will not drift over time. Additionally, in the event that one
of the vision algorithms fails, the filter can continue to generate estimates based on measurements
from the other algorithm, providing additional robustness.

An important consideration is that vision algorithm results can have significant time delays
due to camera latency and processing time, requiring modifications to the standard Kalman filter
to account for this. Larsen et. al. provide a modified form of the discrete Kalman filter which
accounts for delayed measurements [50]. These modified equations were used to implement a
constant-velocity Kalman filter to fuse measurements from both vision algorithms while accounting
for time delays. Individual filters are used to estimate linear position in the X, Y, and Z-directions
as well as roll, pitch, and yaw.

For the 1D constant-velocity Kalman filter with no time delay corrections, the equations
(for time k) are summarized below. A constant-velocity Kalman filter was also used in Chapter
2 to filter results from the 2D feature-based algorithm.

Predict:

{i’k = Fki"k—l + kak (412)
P, = Fi.P. 1 Fl 4+ Qy (4.13)

where 7, is the state estimate at time k, Py is the covariance matrix, and wy, is the process
noise. Equation 4.12 calculates the predicted state estimate before performing the update (correction)
step. The state transition matrix F}, and gain matrix GG, are given as

1 At SAL?
Fk - ) Gk =

0 1 At
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Update:

Ky, = P.HI (H P H + Ry,) ™ (4.14)
Uk = 21 — HypZy, (4.15)

By = 3p + K (4.16)

P, = (I — K Hy,) Py (4.17)

where K, is the Kalman gain matrix, ¢ is the measurement residual, zj, is the measurement
of the state (vision estimate in this case), R}, is the observation noise, and H}, is the measurement

model. For position measurements, it is given as

H, =

while for velocity measurements, it is defined as

Hy, =

Equation 4.16 provides the final state estimate.

The equations are modified using results in [S1]. A delayed estimate will be fused by
the filter at time k, but the measurement corresponds to an earlier time s. Additionally, N
measurements from another sensor (the other vision algorithm in this case) may be fused by
the filter between time s and time £.

Equation 4.15, the residual, is modified as follows:
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Up = 2 — Hss (4.18)

Z s 1s the value of = that would have been used if the filter was updated at time s.

Equations 4.14 and 4.16 are also modified accordingly:

Ky =M. P,H' (H,P,H + R;,)™* (4.19)

P, =P, — K H,P,M! (4.20)

The correction term M, is given by

Ja

M,= |- Ky—iHp—)Fr—i 4.21)
0

=

In these equations, the & — ¢ subscript refers to the values of these parameters during
previous filter updates. Note that for measurements with no time delay, these equations simply
reduce to the standard (non-modified) update equations.

In the filter implementation, buffers are used to store a set number of previous values of the
quantities needed for these modified equations. Separate buffers are used to store previous values
of the time £, the state transition matrix Fj, the predicted state estimate '4);—1, the Kalman gain
K, and covariance matrix ;. When fusing a new measurement, the new values are added to
the buffers and the oldest values are discarded. For quantities at time s, the value is interpolated
using the stored time values and previous values from the buffers.

To measure computational delay, timestamps are logged at the beginning and end of a

vision algorithm update. The camera latency is assumed to be constant. The delay is treated as
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the sum of the camera latency and computational delay.

Estimates from the 2D feature-based algorithm are treated as time-delayed position measurements.
The time delay correction is crucial for this algorithm due to the high latency of the monocular
camera. Individual results from the stereo vision algorithm estimate motion between frames;
therefore, results are converted to linear and angular velocity estimates when received by the
filter. These are then treated as non-delayed velocity estimates.

As an initial pose is required for the stereo vision algorithm, the filter is initialized with an
estimate from the 2D feature-based algorithm. Once initialized, the filter fuses estimates from
either vision algorithm as they are received.

Since the actual process noise and observation noise are not known, these parameters were
tuned by hand using logged test data to achieve reasonable accuracy and noise filtering. The

covariance matrix was initialized with small values along the diagonal.

4.5 Full Algorithm Implementation and Architecture

The full vision algorithm was implemented on the on-board flight computer. ROS 2 (Robotics
Operating System 2), a set of robotics libraries, was used to enable asynchronous communication
between individual processes, or nodes, and to allow functions within each node to be called
at specified time intervals. The stereo vision algorithm and 2D feature-based algorithm run on
separate ROS 2 nodes, allowing both algorithms to operate in parallel.

Due to its advantage in computational speed, the ORB feature detector is used for the stereo
vision algorithm. As with our previous work, the SIFT algorithm is utilized for the 2D feature-

based algorithm because of its improved robustness.
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Implementations from the open-source computer vision library OpenCV were used for
tasks such as feature extraction and matching and basic image processing. The library was
compiled from source to enable CUDA support, allowing some tasks to be performed on the
GPU.

The stereo vision algorithm utilizes both CPU- and GPU-based computation to improve
performance. Stereo camera images are initially obtained and processed on the CPU. OpenCV
CUDA functions are used to upload the images to the GPU and perform ORB feature extraction
and matching, the most computationally demanding steps in the stereo vision algorithm. The
matched features are then downloaded to the CPU for additional filtering.

OpenCV does not provide a CUDA implementation of SIFT, so the 2D feature-based
algorithm runs entirely on the CPU. As the stereo vision algorithm heavily utilizes the GPU,

this allows computational load to be distributed between the CPU and GPU.

4.6 Experimental Validation

Before it can be incorporated into a full vision-based landing system, the vision algorithm
must first be validated in controlled scenarios.

The test setup for the full vision algorithm simulates a realistic ship landing scenario. A
3D-printed model of ship structures was created to test the stereo vision algorithm. The model
consists of the mast and a portion of the superstructure of a DDG-51 ship, simulating the portions
of the ship visible to a pilot during an actual landing. The reference image used for the 2D feature-
based algorithm is shown in Figure 4.4. This image is representative of the flight deck markings

on a DDG-51 ship to create a more realistic test setup. As is the case with typical landing pad
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Figure 4.4: The reference image used for the 2D feature-based algorithm. The image is similar
to the flight deck markings on a DDG-51 ship.

markings, this image is low in features; our previous tests of the algorithm indicate that pose
estimation accuracy will be reduced compared to custom reference images rich in features [37].

Both the 3D model and reference image were incorporated into a simulated ship, shown in
Figure 4.5. A backdrop depicting a cloudy sky, also shown in the Figure, was used for all tests
unless otherwise specified. The simulated ship is attached to a Stewart platform, which was used
to generate ship-deck motions during testing.

Algorithm results provide an estimate of the ship-deck pose relative to the aircraft. For the
purposes of the vision algorithm, the aircraft origin is located at the location of the downward-
facing monocular camera, with the Z-axis down, X-axis forward, and Y-axis facing right. Note
that this is forward of the center of the quadrotor; this location is chosen to simplify algorithm
implementation. The origin of the simulated ship is the center of the 2D flight deck image. For
simplicity, it uses a Z-down, X-forward (towards the backdrop), and Y-right coordinate system,
consistent with the aircraft coordinate axes.

For all tests, stereo camera images were collected at a resolution of 3840 x 1080 pixels
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(1920 x 1080 pixels for each camera) and processed by the vision algorithm without scaling.
Monocular camera images were collected at an original resolution of 1920 x 1080 pixels. As
SIFT is much more computationally expensive at higher resolutions, the images were scaled
down to one-third of their original resolution, or 640 x 360 pixels.

A Vicon motion-capture system was used to collect ground-truth data. The system tracks
the true poses of the quadrotor and simulated ship-deck during each test. This data was used to
recover the true pose of the ship-deck relative to the camera for validation of vision algorithm
results.

All tests were conducted in normal indoor lighting (300 lux).

4.7 Initial Validation and Refinement

Before evaluating more challenging cases, initial tests were completed to validate the
algorithm’s performance under ideal conditions and ensure that its computational speed is sufficient
for real-time performance. Refinements to the algorithm to improve its performance in more

difficult scenarios were also investigated.

4.7.1 Baseline performance test

The algorithm was first evaluated under ideal conditions to verify a baseline level of performance.
For this test, the simulated ship was secured in a fixed, horizontal position. The quadrotor was
held stationary above the 2D reference image for several seconds, with the reference image and
ship structures fully in view of the monocular and stereo cameras, respectively.

The results for attitude and position estimation are shown in Figures 4.6 and 4.7, while the

152



Figure 4.5: The simulated ship used to experimentally validate the new vision algorithm. The
simulated ship incorporates the 2D reference image as well as 3D ship structures.
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Figure 4.6: Estimation of aircraft attitude angles relative to a stationary simulated ship. Results
are compared for the 2D feature-based algorithm alone and with stereo and 2D feature-based
algorithm output fused in a Kalman filter.
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Figure 4.7: Estimation of aircraft position relative to a stationary simulated ship. Results
are compared for the 2D feature-based algorithm alone and with stereo and 2D feature-based
algorithm output fused in a Kalman filter.
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Table 4.1: RMSE for the ideal baseline test case.

Test case X Y Z Roll Pitch Yaw

2D algorithm 1.1cm 09cm 14cm 24° 64° 1.0°
Fused I.lcm 0.8cm 05cm 1.8° 2.2° 1.3°

RMSE results are summarized in Table 4.1. The results for X-position, Y-position, and yaw are
similar for both the 2D feature-based algorithm (2D Algorithm) and full vision algorithm (Fused)
result. However, the fused result shows improvement over the 2D algorithm for Z-position, roll,
and pitch; in particular, fusing the 2D and stereo algorithm results mitigates errors of several
degrees in the pitch estimation.

Analyzing the stereo vision algorithm results individually can provide additional insight.
To obtain these results, an initial pose was obtained from the Vicon ground truth data. The
estimated change in position and rotation between each frame, obtained from logged stereo vision
algorithm output, was used to generate pose results starting from the initial pose without any
additional corrections. This simulates a scenario in which continuous full pose estimates are
not available, such as if the 2D feature-based algorithm fails to detect the ship-deck for several
seconds.

The results are shown in Figures 4.8 and 4.9. The estimates of X-position, Z-position, and
yaw show minimal drift over the 10-second time period, indicating that the estimated motion is
very accurate. However, minor drift is observed in the roll and Y-position estimates due to error

in the estimated motion, and larger drift occurs in the yaw estimate.
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Figure 4.8: Estimation of aircraft attitude angles relative to a stationary simulated ship using only
stereo vision algorithm results. The initial pose is obtained from Vicon data.

157



X-position

20 \
'g —Vicon
O —==-Stereo Algorithm
s o -
.‘%’
o TR b e I
o
-20 ‘ ' ‘ ‘
0 2 4 6 8 10
Y-position
20 . ‘ ‘
'g —Vicon
O —==-Stereo Algorithm
= e e e S e
.‘%’
[o]
o
-20 ‘ ' ‘ ‘
0 2 4 6 8 10
Z-position
100 . ‘ ‘
g —Vicon
O —==-Stereo Algorithm
S 50
."i
[}
o
0 1 1 1 1
0 2 4 6 8 10
Time (s)

Figure 4.9: Estimation of aircraft position relative to a stationary simulated ship using only stereo
vision algorithm results. The initial pose is obtained from Vicon data.
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4.7.2 Computational speed

The full ship-deck pose estimation approach requires both the stereo vision algorithm and
the 2D feature-based vision algorithm to run in parallel, which is significantly more computationally
demanding than running a single algorithm alone. While the stereo vision algorithm utilizes
the GPU for the most demanding steps, feature extraction and matching, the other steps in the
algorithm are performed using the CPU. The 2D feature-based algorithm exclusively utilizes the
CPU.

For practical ship-deck landing, both algorithms must run in real-time with an update rate
sufficient to estimate the ship-deck motion. Therefore, the computational speed of each algorithm
was evaluated using the selected vision hardware. First, the mean update rate of the algorithm
was measured for the 2D feature-based algorithm and stereo vision algorithms alone. Next, the
update rate was measured with both algorithms running in parallel. For the parallel scenario, it
was further investigated whether the CPU-intensive 2D feature-based algorithm negatively affects
the update rate of the stereo algorithm, which utilizes a combination of CPU- and GPU-based
computation. Two specific cases were evaluated: 1) No limit on the update rate of the 2D feature-
based algorithm; and 2) 2D feature-based algorithm limited to a maximum rate of 5 Hz. For the
test, the quadrotor and simulated ship were held stationary to ensure similar conditions for each
test case. For all cases, the mean power consumption was also evaluated.

The computational speeds for the individual vision algorithms are summarized in Table 4.2.
Both algorithms update at a sufficient frequency to estimate ship-deck motion, which displays
frequencies up to 0.34 Hz in the SCONE dataset.

Table 4.3 summarizes the mean update rates with both algorithms operating in parallel. As
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Table 4.2: Update speed and power consumption for the two individual vision algorithms.

. Update Power
Algorlthm frequency consumption
Stereo algorithm 7.7 Hz 14 W
2D algorithm 13.3 Hz 16 W

Table 4.3: Update speed and power consumption for the two vision algorithms running in parallel.

Setting Update frequency Update frequency Power

(Stereo) (2D) consumption
Not limited 5.0Hz 10.1 Hz 19 W
Limited 4.6 Hz 4.3 Hz 17W

expected, in the first case (no limit), the update rates for both algorithms decrease compared to
operating alone. The update rate for the stereo vision algorithm is similar in both cases, indicating
that the 2D feature-based algorithm can be updated at a higher rate if needed. However, limiting
the update rate may be advantageous to reduce power consumption and leave sufficient CPU

resources available for the autonomous landing controller.

4.7.3 Feature match, inlier, and error thresholds

During each update, the stereo algorithm extracts and matches features from camera frames
to estimate the ship motion. However, incorrect matches can result in incorrectly triangulated 3D
points and inaccurate 3D point correspondences. This can result in inaccurate estimated motion,
especially with a small total number of feature matches.

To improve the quality of estimated motion results, thresholds can be applied to the total
number of matched features between each frame, which corresponds to the number of corresponding
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3D points used to estimate motion. Thresholds can also be applied to the number of inlier point
pairs, as well as the final least squared error (from Equation 4.2) after computing a rigid body
transformation. Estimates falling above or below these specified thresholds are then removed, as
the resulting estimated motion is more likely to be incorrect.

A vision algorithm test was completed to determine good thresholds for feature matches,
inliers, and final error. For the test, the quadrotor was held by hand behind the simulated ship. The
quadrotor was moved with rapid, random motions in attitude and position to stress the algorithm
performance and produce a mixture of good and poor estimates.

At each update, the stereo algorithm calculates the change in rotation and translation from
the previous update. The algorithm output, as well as the timestamp at each update, were logged.
Vicon data was used to compute the true change in relative rotation and translation between each
timestamp. From this, the error in the total estimated translational motion was calculated. Figure
4.10 illustrates the variation in error over time, as well as the corresponding number of feature
matches and the final error in the rigid body transformation.

From the figure, high errors in attitude and position estimation correspond to a decreased
number of feature matches. Additionally, increased error in the rigid body transformation is
observed at several of these instances. Based on these results, thresholds for number of matches,
number of inliers, and maximum error were selected. The selected values were a minimum of
100 feature matches and 60 inliers, and a maximum allowable error of 10 mm. The thresholds
for feature matches and final error are shown in Figure 4.10.

Table 4.4 provides the RMSE results for the estimated motion with and without these
thresholds applied. With these thresholds, the error in estimated linear and attitude motion
decreases significantly.
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Figure 4.10: The error in estimated translational motion compared with feature match count
and final least squared error in rigid body transformation. Horizontal lines illustrate selected
thresholds for minimum feature matches and maximum error.

Table 4.4: RMSE with and without thresholding applied.

Test case X Y Z Roll Pitch

No thresholding 290.5mm 1334 mm 1454 mm 36.7° 10.1°
Thresholding 282mm  30.Ilmm 53 7mm 2.7° 2.9°
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4.7.4 Isolating moving ship structures from background

When estimating ship motion, the stereo vision algorithm may recover features and corresponding
3D points from the stationary background as well as the moving ship structures. If there are few
features in the background, the RANSAC-based method for estimating rotation and translation
is adequate to exclude background points as outliers. However, if there are a large number
of background features, additional steps are necessary to isolate the features and 3D points
belonging to the moving ship.

The generated depth maps can be used to remove the background in a simple and computationally
efficient manner, while requiring only minimal modification to the stereo vision algorithm. Image
pixels with a depth greater than a specified maximum distance (based on the approximate physical
dimensions of the ship) are replaced with a set value, as illustrated in Figure 4.11. The background
removal is performed prior to feature extraction and matching.

This approach is advantageous because it limits feature extraction to the ship structures,
maximizing the number of recovered features and 3D points on the ship and preventing incorrect
matches to background features. Additionally, as it only requires the depth maps, it is very simple
to implement. However, computational load is increased as depth maps must be generated for
both the left and right images (rather than just the left image). Higher-quality depth maps, which
increase the accuracy of background removal, also increase computational burden.

Two depth settings were tested: 1) Performance, which increases computational efficiency
with reduced accuracy; and 2) Ultra, which generates more accurate results but is more computationally
demanding. As a baseline, results were also collected without background removal performed.

Each setting was tested in two scenarios: 1) minimal background features (white background),
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(a) Image from left camera. Both the ship and background are
visible.
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(b) The depth map used to remove the image background. The
depth map provides an estimated distance from the camera in
millimeters for each pixel in the image.

(c) Image pixels with a depth greater than a specified threshold
are replaced with a set value, leaving the ship structures of
interest.

Figure 4.11: Using depth map to remove image background and isolate moving ship structures.
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Table 4.5: Mean update frequencies for different settings.

Setting Update frequency
None 7.8 Hz
White background  Performance 6.6 Hz
Ultra 4.0 Hz
None 7.4 Hz
Cluttered background  Performance 7.3 Hz
Ultra 4.4 Hz

and 2) significant background detail.

The stereo camera was held stationary, with the ship model in frame. Ship-deck motion was
applied to the model to ensure significant motion compared to the static background. For each
combination of depth setting and background, the following data was logged during estimation
of the rigid body transformation: the number of corresponding pairs of 3D points, the number of
inlier 3D point pairs, and the final error across all inlier points (using equation 4.2).

The mean feature correspondences and inliers are illustrated in Figure 4.12. With minimal
background detail, a large number of corresponding points were found for all cases, with a high
proportion of these points being inliers. Similar numbers of points and inliers were found without
background removal and background removal with the Performance depth setting. However,
more points were recovered with the Ultra depth map setting.

However, much lower numbers of corresponding point pairs were recovered with the cluttered
background with background removal performed. The lowest numbers of points were obtained
with the Performance depth map setting. For the cluttered background case with no background

removal performed, it was observed that the significant majority of recovered features were
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Figure 4.12: Comparison of mean corresponding 3D point pairs and inliers for each setting.

obtained from background details rather than the ship. The high level of detail also resulted
in many incorrect matches. This resulted in a high number of corresponding points compared to
the cases with background removal, but a lower proportion of inlier points.
The mean update frequencies for each case are provided in Table 4.5. For both the white
background and cluttered background, background removal decreases the algorithm update frequency.

This decrease is modest for the Performance setting and much greater for the Ultra setting.

4.8 Ship-Deck Motion

The algorithm performance was then evaluated for stochastic Sea-state 6 ship-deck motion
generated by the Stewart platform. The ship motion, which is representative of the motions
of a full-scale DDG-51 ship, was obtained from time histories provided in the Navy SCONE
dataset [6]. The attitude (roll, pitch, and yaw) motions are generated directly from the time
history, while the translational (surge, sway, and heave) motions are scaled to 0.5% of their
original values due to the smaller experimental setup. For these tests, the update rate of the 2D

feature-based algorithm was limited to 5 Hz.
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Figure 4.13: Estimation of attitude angles relative to a simulated ship undergoing Sea-state
6 motion, with the quadrotor held stationary. Results are compared for the 2D feature-based
algorithm alone and with stereo and 2D feature-based algorithm output fused in a Kalman filter.

For the first test, the quadrotor was held stationary by hand similarly to the baseline test,
simulating a stable hover condition. The attitude and position results are shown in Figures 4.13
and 4.14, respectively. With the 2D feature-based algorithm alone, large errors are present in the
pitch estimates, while moderate noise is observed in the roll estimate. For both roll and pitch,
these errors are significantly reduced in the fused algorithm output, and the estimate follows the
ground truth much more closely. For position, both the 2D and fused algorithm results closely
follow the ground truth.

For the next test, the quadrotor was moved with varying motions in attitude and position,
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Figure 4.14: Estimation of position relative to a simulated ship undergoing Sea-state 6 motion,
with the quadrotor held stationary. Results are compared for the 2D feature-based algorithm
alone and with stereo and 2D feature-based algorithm output fused in a Kalman filter.
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Figure 4.15: Estimation of attitude angles relative to a simulated ship undergoing Sea-state 6
motion, with the quadrotor undergoing large attitude and linear motions. Results are compared
for the 2D feature-based algorithm alone and with stereo and 2D feature-based algorithm output
fused in a Kalman filter.

creating large and complex relative motion between the camera and simulated ship. The attitude
and position results are shown in Figures 4.15 and 4.16, respectively. For roll, X-position, and
Z-position, both the 2D feature-based and fused algorithm results reasonably follow the ground
truth, while errors are present in the Y-position estimate. As with the previous test, the 2D feature-
based algorithm again shows significant noise in the pitch estimate. While this noise is mitigated
in the fused algorithm output, the resulting pitch estimate also fails to capture several rapid pitch
motions.

The vision algorithm performance in both cases can be quantitatively evaluated using the
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Figure 4.16: Estimation of position relative to a simulated ship undergoing Sea-state 6 motion,
with the quadrotor undergoing large attitude and linear motions. Results are compared for the 2D
feature-based algorithm alone and with stereo and 2D feature-based algorithm output fused in a
Kalman filter.

Table 4.6: RMSE for ship-deck motion cases.

Test case X Y Z Roll Pitch
. 2D algorithm 1.0cm 1.8cm 1.3cm 2.8° 10.3°
Quadrotor stationary
Fused 1.0cm 2.0cm l4cm 2.6° 24°
. 2D algorithm 2.6cm 7.7cm 19cm 4.7° 8.1°
Quadrotor moving
Fused 26cm 8.6cm 26cm 4.7° 7.0°
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RMSE of position and attitude. These results are summarized in Table 4.6. For the first test,
with the quadrotor held stationary, both the 2D feature-based algorithm and fused result show
similar error in position estimation. However, the fused result demonstrates improved accuracy
in attitude estimation, particularly for pitch. For the second case with large-angle motions, the
errors increase significantly for both vision algorithms. While the fused result again displays
increased accuracy for estimated pitch and similar accuracy for X-position and roll, the error is

modestly increased over the 2D feature-based algorithm for Y- and Z-position.

4.8.1 Ship motion estimation with stereo algorithm only

As with the baseline test, additional insight can be gained by evaluating the results of
the stereo vision algorithm alone. Similarly to before, the results for the full pose estimate
were obtained using an initial pose from Vicon ground truth data. Additionally, using logged
timestamps from the stereo vision algorithm, Vicon data was used to obtain the true change in
relative pose between each vision algorithm update. These ground truth results were compared
to the estimated change in pose from the stereo vision algorithm.

The results for the first test (quadrotor stationary) are shown in Figures 4.17 and 4.18, while
the results for the second test (quadrotor moving) are provided in Figures 4.19 and 4.20.

For the first test, minimal drift is observed for the X-position and Z-position estimates,
while modest drift is observed for the pitch estimate. Larger errors, however, are present in the
estimates of Y-position and roll, with the Y-position estimate in particular showing much larger
motions than are present in ground truth. For the second case, all estimates show either drift

or significant error over the experimental time window. For position, the stereo vision-based
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Figure 4.17: Estimation of aircraft attitude angles relative to a stationary simulated ship using
only stereo vision algorithm results. The initial pose is obtained from Vicon data.
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Figure 4.18: Estimation of aircraft position relative to a stationary simulated ship using only

stereo vision algorithm results. The initial pose is obtained from Vicon data.
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Figure 4.19: Estimation of aircraft attitude angles relative to a stationary simulated ship using
only stereo vision algorithm results. The initial pose is obtained from Vicon data.
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Figure 4.20: Estimation of aircraft position relative to a stationary simulated ship using only
stereo vision algorithm results. The initial pose is obtained from Vicon data.
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Table 4.7: RMSE of estimated rigid body motion from stereo vision algorithm.

Test case X Y Z Roll Pitch

Quadrotor stationary 0.3cm 09cm 05cm 1.1° 0.9°

Quadrotor moving 29cm 29cm 2.0cm 4.4° 42°

estimates fail to capture many of the small, rapid motions present in ground truth. For pitch and
roll, while the estimated result does capture these motions, the estimate drifts significantly over
time.

From all results, it is observed that the pose estimate from the stereo vision algorithm alone
is satisfactory for approximately 5 seconds, using an accurate initial pose. After this, the estimate
may begin to show error or drift over time, particularly with large relative motions.

The RMSE results are summarized in Table 4.7. These results provide a measure of the
error in estimated motion from the stereo vision algorithm. For the quadrotor stationary case, the
errors are low, with errors below 1 cm along each linear axis and 1.1° or less in rotation. The

errors are much larger, however, for the large-angle quadrotor moving test.

4.9 Free-Flight Test

A simple free-flight was conducted to evaluate the performance of the algorithm in manually
piloted hover. In this scenario, the vision algorithm must tolerate vibration and constant motions
which are not experienced with a hand-held camera. Due to the limitations of manual piloting,
the 3D ship structures and 2D image intermittently fall out of view of the stereo camera and
monocular camera, respectively, stressing the vision algorithm further.

The pose estimation results for attitude and position are provided in Figures 4.21 and
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Figure 4.21: Estimation of aircraft attitude angles relative to a stationary simulated ship, with
the quadrotor in manually piloted free-flight. Results are compared for the 2D feature based
algorithm alone and with stereo and 2D feature-based algorithm output fused in a Kalman filter.
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Figure 4.22: Estimation of aircraft position relative to a stationary simulated ship, with the
quadrotor in manually piloted free-flight. Results are compared for the 2D feature based
algorithm alone and with stereo and 2D feature-based algorithm output fused in a Kalman filter.
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Table 4.8: RMSE for simple free flight test.

Test case X Y Z Roll Pitch

2D algorithm 2.4cm 20cm 19cm 2.3° 3.7°
Fused 42cm 3.0cm 32cm 2.5° 3.7°

4.22, respectively. For position, both the 2D feature-based and fused algorithm results match
reasonably with ground truth. For roll and pitch, both algorithms provide generally reasonable
results, but fail to capture many of the small, rapid motions caused by manual pilot input. The
RMSE for both algorithms is provided in Table 4.8. While the attitude estimates for the fused
result show similar error to the 2D algorithm alone, the errors increase for position estimation.
Closer analysis of logged data revealed that during the test, the 2D feature-based algorithm
frequently failed to detect the reference image, resulting in a low number of pose estimates
provided to the Kalman filter and long delays between many of these estimates. This forced the
Kalman filter to rely more heavily on stereo vision algorithm results to generate pose estimates.
This reliance on the stereo vision results may explain the increase in error in the fused algorithm
result. Additionally, these failures of the 2D feature-based algorithm justify the use of the stereo
vision algorithm, as acceptable ship-deck pose estimates can still be continuously generated

during flight.

4.10 Summary

This chapter described the development and validation of a stereo vision algorithm to
estimate the motion of arbitrary ship structures. The results from this algorithm were fused

with output from our previous 2D feature-based algorithm. This allows for estimating the pose
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of realistic ships without the need to place custom, feature-rich landing pad images. Results were
evaluated for baseline conditions, Sea-State 6 ship-deck motion, large-angle motion, and manual

free-flight.

1. The stereo vision algorithm is capable of estimating the motion of arbitrary 3D ship structures

relative to the camera without advance knowledge of their visual appearance.

2. By using a Kalman filter to fuse the output of the stereo vision algorithm and our previous
2D feature-based algorithm, it is possible to obtain a full estimate of ship-deck pose. This

full algorithm can work with realistic 3D ship structures and 2D flight deck markings.

3. With both the stereo vision and 2D feature-based algorithm running in parallel, using
a combination of CPU- and GPU-based processing, the full vision algorithm is able to

maintain a sufficient update rate for real-time ship pose estimation.

4. Refinements, including implementing feature match, inlier, and error thresholds or background

removal, can improve the quality of stereo vision algorithm output in challenging scenarios.

5. The full vision algorithm can accurately estimate the pose of a stationary simulated ship,

with improved accuracy over the 2D feature-based algorithm alone.

6. With the aircraft stationary, the full algorithm can accurately estimate the pose of a simulated
ship undergoing Sea-state 6 motion. However, performance was reduced in the large-angle

and manual free flight tests.
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Chapter 5:  Autonomous Landing Algorithm

This chapter describes the initial development of a landing algorithm to autonomously
land on a moving ship-deck. The landing algorithm uses the vision algorithms described in

the previous chapters to estimate the ship-deck pose.

5.1 Autonomous Ship-Deck Landing Algorithm

After performing initial validation of the vision algorithms for ship-deck landing, the goal
is to demonstrate fully autonomous landing on a moving ship-deck. To accomplish this, an
autonomous landing algorithm was developed. It is implemented using the same aircraft and

vision hardware described in Chapter 4.

5.1.1 Implementation and architecture

The autonomous landing algorithm, in addition to the vision algorithms, runs in real-time
on the onboard flight computer. It incorporates a controller to control the aircraft position relative
to the ship-deck.

The controller generates desired attitude angles and vertical climb (or descent) rates during
flight to control the aircraft’s position, based on a desired setpoint position relative to the landing

pad or simulated ship. Attitude and climb rate commands are sent to the flight controller, which
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handles attitude, angular rate, and climb rate control.

The MAVLIink protocol is used for communication between the flight controller and flight
computer over a serial connection. MAVLink messages are used to exchange data and commands
between the two devices. On the flight computer, the Pymavlink library is used to generate,
process, send, and receive MAVLink messages. Each MAVLink message includes an ID number,
which corresponds to a defined command or data message.

As stated in Chapter 4, the flight controller uses the ArduPilot open-source autopilot software.
The software includes various flight modes and customizable parameters. These affect which
MAVLink commands the controller will accept and how the controller will interpret these commands.
To allow for direct attitude control from a flight computer, a Guided flight mode must be chosen.
Since the aircraft is not equipped with a GPS and is flown indoors, the controller is set to the
Guided NoGPS flight mode. This mode accepts only SET_ATTITUDE_TARGET commandes,
which contain a desired attitude and thrust (or climb rate).

The algorithm is implemented as a ROS 2 node on the flight computer, allowing it to
asynchronously receive pose estimates from the vision algorithm and to call functions within
the node at regular time intervals. The full autonomy architecture is illustrated in Figure 5.1. As
the autonomous landing algorithm only requires a continuous estimate of the relative ship-deck
pose, it can be used with any of our vision algorithms. Variations of the ROS 2 node structure are
shown for the 2D feature-based algorithm as well as the fused algorithm described in Chapter 4.

During the autonomous landing procedure, errors from the desired setpoint position relative
to the ship-deck are determined using results from the vision algorithm. Individual Proportional-
Integral-Derivative (PID) controllers are used to control aircraft position along each linear axis. It
was assumed that the vehicle is approximately in level hover during the entire flight, allowing for
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Figure 5.1: Diagram illustrating basic autonomy architecture for vision-based landing.
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simplifications in the design of the position controllers. Specifically, the X-position, Y-position,
and Z-position controllers output only pitch, roll, and climb rate commands, respectively. The
desired yaw, based on the relative yaw of the ship-deck, is sent directly to the flight controller. To
prevent integral windup, the integral terms in the controllers are disabled until the aircraft reaches
a specified Z-position to ensure it has completed takeoff.

The algorithm completes takeoff, hover, and landing completely autonomously. It uses a
landing procedure similar to human pilots, as discussed in Chapter 1. It first tracks the ship-
deck, hovering at a set position above it and following its motion in the X- and Y-directions. The
controller does not follow the roll or pitch of the deck, only its translational motion. It waits for
the motion to be sufficiently “calm” to safely land, as it is dangerous to land when the ship-deck
is undergoing large roll or pitch motions. Specifically, when the roll and pitch of the ship-deck
are within specified limits for a sufficient length of time, it is determined to be safe to land. These
limits are selected based on aircraft operational limits and ship conditions. For this algorithm, the
roll and pitch limits are set to 8 and 3 degrees, respectively, based on typical limits for shipboard
landings [12]. The aircraft then descends and lands on the ship. If the roll and pitch or position
error exceed specified limits during descent, the landing is stopped, and the aircraft returns to
hover and again waits for a safe landing opportunity.

As different tasks must be carried out during various portions of the flight, the landing
algorithm is divided into a series of stages, representing different portions of the flight. This
allows the algorithm to carry out the necessary tasks for each stage, and to switch to different
stages as needed. The PI controllers are updated each time a new pose estimate is received,
regardless of flight stage. Updated attitude and thrust commands will be sent to the flight controller

at this time.
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Note that this preliminary design requires that the vision algorithm must be able to detect
the ship-deck during the entire flight to provide continuous position estimates. The aircraft will

therefore take off from the simulated ship-deck or landing pad image.

1. Initialization: The algorithm begins and performs a sequence of initial setup steps.

(a) The algorithm initializes the MAVLink connection with the flight controller. It waits
for a heartbeat message, confirming that the flight controller is active and that communication

is functioning properly.

(b) As the aircraft is not equipped with a GPS, it is necessary to first set the EKF (Extended
Kalman Filter) origin. The EKF is used internally by the flight controller to estimate
its attitude. A MAVLink message is sent to the flight controller containing the current
latitude and longitude. The flight controller uses this information to apply appropriate

corrections to magnetometer (compass) measurements.

(c) A MAVLink message is sent to the flight controller to request attitude estimates,

which will then be sent to the flight computer at regular intervals.

(d) The landing algorithm then waits until pose data is received from the vision algorithm.
When the first pose estimate is received, the desired yaw is set using yaw data from
the aircraft (relative to North) as well as the ship-deck yaw relative to the aircraft.
This desired yaw will remain constant through the entire flight. The initial setpoint

for the position controllers is also set to the current position.

(e) After completing these steps, an arming message is sent to the flight controller (enabling

the motors). The algorithm moves to the next stage.
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. Takeoff: Starting from the initial relative position, the landing controller gradually moves
the desired setpoint position at a set rate until reaching the setpoint for hover (zero X- and
Y-position relative to the ship-deck origin, and Z-position equal to the desired distance
above the ship-deck). This will ensure the aircraft smoothly ascends while following the

setpoint. When the final setpoint is reached, the algorithm moves into the hover stage.

. Hover: The aircraft maintains a stable hover above the ship-deck. This ensures that the
aircraft is adequately tracking the ship-deck and maintaining hover before attempting a
landing. After a specified time has passed (several seconds), the algorithm begins checking

for a landing opportunity.

. Checking for landing opportunity: The aircraft continues to hover above the ship-deck. The
landing algorithm checks the estimates of roll and pitch returned by the vision algorithm.
If these values are within specified limits for a set length of time, the aircraft moves to the

landing stage.

. Landing: The setpoint position is moved downward at a set rate, causing the aircraft to
descend safely onto the ship-deck. If the roll and pitch exceed safe limits, or if the error
in the relative X- or Y-position exceeds an acceptable threshold, the algorithm returns the
aircraft to hover, and goes back to the previous stage to attempt another landing. Otherwise,

if the aircraft completes the descent, the algorithm moves to the final stage.

. End of flight: The algorithm sends a disarm command to the flight controller, disabling the

motors. The landing is completed and the landing controller node is exited.

For safety, if the landing controller does not receive pose data from the vision algorithm
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for a set period of time (1 second in the current implementation), it will reduce the commanded
thrust to quickly descend and land, then disarm the motors. In the future, this failsafe will be
modified to instead return manual control to a pilot.

In benchtop testing, the landing controller was able to progress through these flight stages
and successfully send the necessary MAVLink commands to the flight controller. A simple
takeoff and landing was also validated using MAVLink commands only. For this initial testing,

the 2D feature-based algorithm was used with a stationary landing pad image.

5.2 Summary

This section described the initial development of an autonomous landing algorithm, discussing

the autonomy architecture, implementation, and landing procedure.
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Chapter 6: Summary and Conclusions

This chapter provides a summary of the dissertation and key conclusions, as well as a

number of recommendations for future work.

6.1 Summary

The objective of this dissertation was to investigate feature-based algorithms to estimate the
pose of a moving ship-deck, with a focus on high sea-states and visually-degraded conditions.

A 2D feature-based algorithm previously developed at UMD [5] was investigated first.
Refinements were made to improve algorithm performance. The algorithm was then extensively
characterized in multiple scenarios, including for Sea-state 6 motion and visually-degraded conditions,
in both controlled and free-flight tests.

A new 3D feature-based algorithm, based on the structure-from-motion computer vision
technique, was then developed. The new algorithm can accurately estimate the pose of a known
3D object, rather than a 2D reference image. The algorithm was validated for Sea-state 6 motion,
visually-degraded conditions, and free-flight.

Next, a new feature-based stereo vision algorithm was developed. The algorithm can
estimate the motion of arbitrary 3D ship structures, with no prior knowledge of their appearance.

A Kalman filter was used to fuse the output of this algorithm with results from the 2D feature-
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based algorithm; this full algorithm is capable of estimating the pose of realistic ships with no
added tags or markers and minimal stored data. Both the stereo vision and full (fused) algorithms
were validated for Sea-state 6 motion and free flight.

Initial development of an autonomous landing algorithm was then carried out. The algorithm
uses pose estimation data from the previously developed vision algorithms to control the aircraft
relative position during landing. A landing procedure similar to human pilots is implemented,

where the aircraft descends and lands during a quiescent period of ship motion.

6.2 Conclusions

From this work, the following key conclusions were found:

1. The 2D feature-based algorithm is capable of accurately estimating the pose of a stochastically-
moving platform at high sea states in both controlled and free-flight conditions. In ideal
visual conditions, the algorithm can successfully estimate attitude motions in excess of 20

degrees.

2. A reference image rich in features is necessary for good algorithm performance. While
any image may be used as a reference, including typical ship-deck or helipad markings,

performance is reduced due to the low number of features.

3. The pose estimation results can be significantly improved, particularly in visually challenging
scenarios, by incorporating thresholds for feature matches and inliers. These thresholds

automatically reject poor or inaccurate pose estimates.

4. The algorithm can accurately estimate the ship-deck pose under visually degraded conditions,
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10.

11.

including low illumination, glare, and occlusion of the landing pad, as well as with increased

camera distance.

. Using only on-board computer and vision hardware, the algorithm updates at a speed of

9-11 Hz, which is adequate for estimating ship-deck motion.

The accuracy of the 2D feature-based algorithm is comparable to fiducial-based ship landing

approaches.

. It is possible to use 3D computer vision techniques and feature matching to estimate the

pose of a 3D ship-deck.

. In ideal visual conditions, the 3D feature-based algorithm can estimate the pose of a

stationary 3D ship-deck, as well as a ship-deck undergoing Sea-state 6 motion. The pose

estimation accuracy is comparable to 2D vision methods.

. The algorithm can accurately estimate the pose of the moving-ship deck in low illumination

and occlusion conditions. However, the algorithm performance degraded in the glare

condition, as it failed to detect the ship-deck for several seconds during the test.

Different feature detectors present trade-offs for real time performance. SIFT is accurate
even at longer distances from the ship-deck, but is very computationally intensive and
therefore slow. ORB performs poorly at longer distances, but is much faster, making it

viable for real-time pose estimation using on-board computer hardware.

Similarly to the 2D feature-based algorithm, filtering pose estimates based on the number of

inlier points can improve the quality of algorithm output by removing poor quality results.
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12.

13.

14.

15.

16.

17.

As the 3D feature extraction process recovers a large number of features, the algorithm
updates at a speed of 5-6 Hz. This is still adequate to capture ship motion, but is much
slower than the 2D feature-based algorithm. By determining which features are visible
based on an initial orientation, and matching only to these features, it is possible to improve
algorithm update speed significantly. However, this comes at the cost of increased error in

pose estimation.

A feature-based algorithm utilizing stereo cameras is capable of estimating the motion of
arbitrary 3D ship structures relative to the camera without advance knowledge of their

visual appearance or geometry.

The stereo vision algorithm requires an initial pose to generate full estimates of ship-deck
pose. As the algorithm estimates motion between frames, the pose estimates suffer from

drift over time.

By using a Kalman filter to fuse the output of the stereo vision algorithm and our previous
2D feature-based algorithm, it is possible to obtain a full estimate of ship-deck pose. The
2D feature-based algorithm provides an initial ship-deck pose and corrects for drift in the
pose estimate. This full algorithm can work with realistic 3D ship structures and 2D flight

deck markings.

With both the stereo vision and 2D feature-based algorithm running in parallel, using
a combination of CPU- and GPU-based processing, the full vision algorithm is able to

maintain a sufficient update rate for real-time ship pose estimation.

Refinements, including implementing feature match, inlier, and error thresholds or background
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removal, can improve the quality of stereo vision algorithm output in challenging scenarios.

18. The full vision algorithm can accurately estimate the pose of a stationary simulated ship,
as well as a simulated ship undergoing Sea-state 6 motion with the aircraft held stationary.

Accuracy was improved over the 2D feature-based algorithm alone.

19. The full algorithm performance was reduced in the large-angle and manual free-flight tests.
For the free-flight test, the 2D feature-based algorithm was observed to fail at multiple
instances, forcing the vision algorithm to rely heavily on the stereo vision algorithm to

obtain acceptable estimates of ship pose.

6.3 Recommendations for Future Work

Several recommendations are made for future work. These are separated into further work
into vision-based autonomous landing and recommendations for future development and testing

of the vision algorithms.

6.3.1 Autonomous landing

1. The autonomous landing algorithm must be thoroughly tested and tuned so that it can land

accurately on both stationary and moving landing pads.

2. Future work should demonstrate vision-based landing on a large Stewart platform (Motion
Systems PS-6TL-1500) with a 6 x 6 foot attached landing surface, shown in Figure 6.1. This
will validate the full vision system under realistic ship-deck conditions as well as higher

sea states. Additionally, the effect of scaling the vision system to larger platforms can be
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investigated. Autonomous landing should be carried out for each of the vision algorithms

described in Chapters 2, 3, and 4.

. When identifying safe periods of motion for landing, it would be useful to have a measure
of uncertainty of the ship pose estimate. The covariance matrix Fj from the Kalman filter
could be used as an uncertainty measure, in addition to the number of feature matches and

inliers.

. Future work can investigate more advanced control techniques for aircraft position control
during landing. In real ship landing scenarios, particularly in rough sea conditions, wind
and gusts are present. Controller performance and gust rejection in these conditions can be
investigated. Additionally, vision-based estimates of ship position are always time-delayed
due to camera latency and processing time. Techniques to compensate for this delay and

reduce deck tracking lag should be explored.

. As described in the previous chapter, the current autonomous landing algorithm requires
continuous pose estimates from a vision algorithm during all stages of the flight. The
algorithm can be modified to allow a pilot to takeoff and fly the aircraft manually. When
the vision algorithm detects the ship-deck, the flight computer should automatically switch

to autonomous control and carry out the landing procedure.

. The vision algorithms are used during the final landing stage, where the aircraft is hovering
closely above the ship-deck. A potential extension would be to incorporate detection of the
ship or platform at longer ranges. This would allow the aircraft to autonomously approach

the landing pad before initiating the final landing stage, removing the need for manual
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Figure 6.1: Large Stewart platform with attached 6x6 foot fiberglass surface to be used for
vision-based autonomous landing. The platform can recreate severe sea states up to Sea-State 7.

pilot intervention. Neural network-based object detection algorithms are suitable for this

purpose. A similar technique is implemented by Lee et al. [35].

To develop this, it is necessary to create training data consisting of labeled images of the
landing platform. This data can then be used to train an existing object detector, such as the
such as the You Only Look Once (YOLO) algorithm [16]. In later stages of the research,
training data can also be created for real ships, and can incorporate multiple classes of ship

to allow for identification of ship type in addition to detection.

An important note is that the object detector does not provide scale or physical distance
information on its own. While an approach can still be carried out based on the size and
position of the object bounding box in the camera image [35], it is desirable to have actual
position and scale data. Depth and disparity information from a stereo camera can be used

to approximate the scale and distance to the platform.
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6.3.2 Additional vision algorithm development

1. The stereo vision algorithm was validated with a 3D model representative of a DDG-51
type ship. This algorithm should be further validated with different ship types. Additionally,
the performance of the stereo vision algorithm and full (fused) algorithm should be evaluated

for visually-degraded conditions.

2. Ship-deck rotation estimates are used to determine quiescent periods of motion for safe
landing. Once a quiescent period is detected, only relative position estimates are needed to
land. Therefore, it can be investigated whether it is feasible to determine quiescent periods
using only the estimated rotational motion from the stereo vision algorithm without an
initial estimated pose. This would remove the need for accurate estimates of ship roll and

pitch.

3. The full vision algorithm described in Chapter 4 fuses results from the stereo algorithm
and the 2D feature-based algorithm. The 2D feature-based algorithm could, however, be

replaced with any alternate vision algorithm that provides full estimates of ship-deck pose.

A neural network could be developed for this purpose. Unlike the 2D feature-based algorithm,
which requires a stored reference image, the neural network can be trained on a wide range
of flight deck and landing pad markings. This would remove the requirement for a stored
image of the ship’s flight deck markings, allowing landing on a wide range of ships not

known in advance.

The neural network will need to first detect whether a landing pad or flight deck is present

in the camera image, and if so, predict the origin, rotation, and bounding box of the landing
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pad. Custom datasets of flight decks and landing pads will need to be created for this
purpose.

Flight decks and landing pads may vary in size and scale. Therefore, additional information
is needed to recover the position of the landing pad relative to the camera in physical units.

Stereo vision techniques, such as depth maps, can be used to estimate scale and position

information.

. The 3D feature-based algorithm was validated with a simplified 3D object. Future work

can evaluate algorithm performance with more realistic ship models.

. The Kalman filters described in Chapters 2 and 4 utilize only vision-based estimates. For
all vision algorithms, the pose estimation performance degrades in cases with significant
motion of both the aircraft itself and the ship deck, particularly for the large-angle test
cases. To improve estimation performance, Kalman filters incorporating both vision algorithm
output and data from onboard IMUs can be developed. This could potentially improve

estimation by accounting for aircraft linear and rotational motion.
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