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Abstract

Autonomous vision-based navigation is a crucial element for space applications involving a potentially un-
cooperative target, such as proximity operations for on-orbit servicing or active debris removal. Due to low
mass and power characteristics, monocular vision sensors are an attractive choice for onboard vision-based
navigation systems. This work focuses on the problem of utilizing images from a monocular vision sensor for
estimation of the target’s state relative to the servicer spacecraft. Of special interest is the underlying prob-
lem of estimating position and attitude (pose) from a single monocular image, given the knowledge of its 3D
model. Motivated by the recent advancements in computer vision and machine learning, this work inves-
tigates a learning-based approach that has the potential to enable a new paradigm of robust and accurate
onboard navigation systems.

Anovel framework is proposed for pose initialization and tracking of an uncooperative spacecraft in close-
proximity using monocular images and deep learning. An approach based on the use of Convolutional Neural
Networks (CNN) is investigated for its scope in enabling reliable on-orbit operations. With a monocular cam-
era as the sole navigation sensor, the underlying problem of relative pose estimation is tackled with deep
learning in CNNs to provide robustness to illumination conditions, as opposed to conventional image pro-
cessing approaches. The CNNs are trained on synthetic images generated from photorealistic renderings of
the target spacecraft and integrated into a navigation loop. The emphasis is put on the robustness of such
a CNN-based navigation loop, as CNN models are susceptible to learning implicit data distributions that
generalize poorly to reality when trained on synthetic data. The central analysis in this work focuses on the
European Space Agency’s decommissioned Envisat spacecraft as the target, due to its potential debris gen-
eration risk. To that extent, a navigation framework is designed that uses two CNNs- a single-shot object
detection network and a high-resolution keypoint detection network, to detect predefined surface keypoints
on the target spacecraft. A heatmap representation is used for keypoint detection that provides contextual
information per detection and allows indirect quantification of the observation uncertainty. The detected
keypoint coordinates and the associated covariances are then used to solve the Perspective-n-Points (PnP)
problem using a Maximum Likelihood PnP (MLPnP) solver. The MLPnP solver provides a pose estimate and
the associated uncertainty, which is used by a loosely-coupled Multiplicative Extended Kalman Filter to track
the state of the target spacecraft. The pose estimation pipeline in the first two stages is benchmarked and
validated on the Spacecraft Pose Estimation Dataset (SPEED) from the Stanford Rendezvous Laboratory, con-
taining images of the Tango spacecraft from the PRISMA mission. Subsequently, the framework is evaluated
for the Envisat target case, using existing Envisat synthetic image datasets. The complete navigation loop is
evaluated on a simulated perturbation-free trajectory of the Envisat spacecraft tumbling along the V-bar.

The proposed framework takes a step towards enabling real on-orbit operations by addressing critical
challenges in learning-based methods for the navigation problem. The SPEED benchmark results for the
pose estimation pipeline show comparable performance with the current state-of-the-art approaches, with
a desirable balance in speed and accuracy of the CNNs. The CNN models trained on synthetic images and
the resulting pose estimation pipeline also demonstrates robustness to previously unseen real images. Sub-
sequent evaluations on the existing Envisat datasets reveal their inadequacy for training and evaluation of
CNNs towards the real on-orbit operation. To tackle this, a new augmented image dataset of the Envisat
spacecraft is introduced, which improves over the existing datasets by modeling Earth background and com-
mon corruptions in the images. The proposed dataset provides objective improvements for training deep
neural networks towards robust and reliable on-orbit operations. Finally, a preliminary navigation analysis
on a simplified V-bar scenario for Envisat, reveals that the proposed loosely-coupled estimation in the navi-
gation loop provides an accurate navigation solution.
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Introduction

Spacecraft Rendezvous and Proximity Operations (RPO) are elementary to the current and future technology
infrastructures in space. Since the inception of the space age, RPO has been a critical domain of technology
development in enabling ambitious space applications and exploration architectures like the Apollo program
and the International Space Station (ISS) [1]. With increasing ease of access to orbit, new venues are opening
up that demand challenging RPO capabilities [2]. This work aims to contribute to the future of RPO activities
that will enable these capabilities in the newer space systems architectures.

1.1. Motivation

According to the latest annual space environment report [3], over 34000 resident space objects larger than =10
cm have been cataloged around Earth. The total population comprises mainly of the debris of various sizes
from spacecraft and rocket bodies, with only around 2300 operational spacecraft. Events like the accidental
collision of Kosmos-2251 and Iridium-33 and anti-satellite tests have persistently contributed to the debris
population and continue to increase the total population. With an ever-increasing number of anthropogenic
objects in orbit, the safety of the operational environment is threatened evermore, posing a grave threat to
the current and future assets in orbit. Controlling the amount of space debris generation in the future is not
adequate by itself, as current large inactive objects in the orbit continue to pose a high risk of fragmentation
and cascaded collisions. According to an estimate [4], up to 15 large non-functional objects must be removed
per year to maintain long-term stability of the orbital environment in the crowded orbital regimes. Conse-
quently, cost-effective and feasible Active Debris Removal (ADR) solutions are required to improve the future
space environment.

As a complement, there is also a dire need to add flexibility to the current and future space assets through
On-Orbit Servicing (O0S). The cost of replacing indispensable space assets, due to the predominant expend-
able spacecraft philosophy, increases exponentially as older assets age. A feasible OOS infrastructure can

Figure 1.1: e.Deorbit [5] concept for Envisat capture and removal (Credits:ESA)
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Figure 1.2: Example showing poor detections in images with adverse illumination and background texture using IP [9]

facilitate life extension and risk reduction for space systems improving the efficacy of the systems and sys-
tems of systems and transforming existing lifecycle paradigms. The need for such an infrastructure is being
realized now more than ever. The feasibility and benefits of on-orbit servicing have been identified in the past
[6, 7]. However, there are technical challenges to wide-scale applicability like hardware complexity, flexibility,
and autonomy, especially if the target spacecraft is inactive and unable to cooperate during operations. These
challenges must still be tackled to make a real impact.

The prime motivation for this work is to support technology development in these mission domains. The
focus is put on the challenge of navigating around an uncooperative target body with minimal hardware
complexity. By exploring the modern solutions that tackle technical challenges effectively and enable needed
capabilities realistically, this work takes a step forward in transforming the way we access and utilize space.

1.2. Background

At the heart of ADR and OOS infrastructures are a challenging set of stringent system requirements for RPO.
These requirements motivate the development of modern technology solutions, especially for a potentially
uncooperative target. In particular, the development of reliable autonomous Guidance, Navigation, and Con-
trol (GNC) system is a key enabling technology. Autonomy is crucial and necessitated by the fact that the
uncertainties involved in the state knowledge with ground-based control with time delay make it difficult to
fulfill the stringent mission objectives. The systems that tackle these challenges are currently in concept re-
alization and pre-demonstration phases with missions like the combined ADR/OOS demonstration mission-
e.deorbit, visualized in Fig. 1.1. For such missions, accurate and robust estimation of the relative state of a
potentially tumbling target in close-proximity is essential to allow safe rendezvous and capture.

For this problem, conventionally a range of sensors including Radar, Light Detection and Ranging (Li-
DAR), monocular cameras, and stereo cameras have been proposed in various configurations for the nav-
igation systems. Inherently, the existing solutions impose significant hardware complexity and cost on the
system and the system development. The development of such systems with intensive demands ultimately
prohibits the cost-effective realization of ADR and OOS infrastructures that can be widely employed. Since
the choice of the on-board sensor(s) is driven by the limited power, mass, and computation resources on-
board the spacecraft along with the cost of hardware, monocular cameras have attracted considerable at-
tention in recent works on uncooperative pose estimation [8-10]. However, the use of monocular cameras
introduces known issues with high contrast, low signal-to-noise ratio [11]. Further, the monocular camera
may not provide measurements during an eclipse or unfavorable illumination geometry. Therefore, the ap-
plicability, accuracy, robustness, and reliability of navigation systems based on monocular vision is an active
topic for research [12]. This work is oriented towards a novel solution to overcome the associated problems
and utilize a monocular vision sensor for autonomous navigation around an uncooperative spacecraft.

The problem of navigation concerns the accurate estimation of the dynamical state of a body with re-
spect to a reference. For the RPO application considered here, it concerns the estimation of translation and
rotational state of the target spacecraft relative to the servicer spacecraft. For vision-based navigation, the
underlying problem is that of relative pose estimation from the images. The relative pose is defined as the
position and attitude (pose) of the target’s body axes with respect to the camera axes. Utilizing a monocular
camera, relative pose estimation can be accomplished using either a single monocular image or a batch of
such images. The conventional approaches for monocular pose estimation in close proximity use traditional
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Image Processing (IP) methods that extract features like edges, corners, keypoints, or depth-maps from a sin-
gle image. The extracted features are used to solve the Perspective-n-Points (PnP) [13] problem to estimate
the pose using perspective projection between features in the image and those in the known 3D model. Such
IP algorithms are unreliable due to the low solution availability and the lack of robustness to illumination
and range [8, 10]. Fig. 1.2 shows one such example of poor detection of edges with the Sharma-Ventura-
D’Amico [14] IP algorithm in the presence of adverse illumination and background texture. Further, to solve
the PnP problem, computationally expensive routines such as Random Sample Consensus (RANSAC) [13] are
required to match the detected features with the known features in the spacecraft model. Further, alternative
approaches such as Simultaneous Localization and Mapping (SLAM) [15], that use more than one monocular
image at a time, are also subject to favorable relative motion and a long initialization phase [16]. Therefore,
the reliability of such systems has been brought into question and newer solutions are sought to reliably
tackle the navigation challenges. Recent advances in Computer Vision (CV) for pose estimation in terrestrial
applications have relied on the quickly evolving domain of machine learning to enable unprecedented effi-
cacy across several applications. Using hierarchical function approximators called neural networks, machine
learning techniques rely on pattern recognition in large amounts of data to create an accurate predictive
mapping. For vision tasks, Convolutional Neural Networks (CNN) have shown unprecedented applicability
and solved several persistent problems. Loosely inspired by the inner working of the human visual cortex,
CNNs have pioneered visual data interpretation. Typically, a CNN is trained on representative visual data to
generate a predictive model. This process is called machine learning or deep learning, in the case of modern
CNNs.

For spacecraft pose estimation, although vision systems using CNNs overcome some of the challenges
faced by IP systems [14, 17], development of reliable CNN models and the supporting vision pipeline are not
trivial. The applicability of CNNs in the navigation loop is made challenging by the fact that unlike terres-
trial applications, real images of the target spacecraft are usually not available at the scale required for deep
learning. The CNNs must therefore be trained on virtually rendered images of the target spacecraft containing
synthetic artefacts. The CNNs are then required to learn from the synthetic images and transfer the predictive
performance to real images that may contain unmodelled image artefacts. Since CNNs generate a mapping
using the synthetic training data, the trained CNN models can result in unpredictable behavior when used on
real images that are out-of-distribution with respect to the training data [18]. This is a predominant problem
in applied machine learning and poses a major hurdle for the real-life deployment of CNNs in safety-critical
applications. Consequently, the robustness of CNNs and the learning-based approaches for spacecraft pose
estimation must be investigated and tackled. Further, CNN models and neural networks at large, do not im-
plicitly account for uncertainty when mapping an image to an output quantity. Therefore, taking measure-
ment uncertainty in the pose estimation and ultimately state estimation, is an additional challenge for the
robustness of the navigation loop during adverse operational conditions. This work is focused on designing
a navigation framework that tackles the aforementioned problems to enable pose and state estimation with
desirable accuracy and robustness. The framework encompasses all aspects of design, selection, configura-
tion, and evaluation of a state estimation system that uses a learning-based approach for navigation around
an uncooperative target spacecraft.

In this context, a pair of two spacecraft is considered throughout this report. The pair comprises of a
target spacecraft which is assumed to be in an uncooperative non-nominal or inoperational state, and a ser-
vicer spacecraft that approaches the target in close proximity for a hypothetical capture, removal, or repair.
The working range is assumed to be a ‘close-proximity’ approach, loosely defined as the relative distance of
less than 200 meters between the two spacecraft when the target is distinctly large enough that its body fea-
tures could be detected while maintaining a safe initial distance. Hence, neither the challenges in previous
stages of proximity operations, nor the subsequent capture, docking, and removal stage is considered here.
Additionally, an uncooperative target is defined as a known resident space object that has no means of active
communication or presence of external fiducial markers to assist in relative pose estimation on-board the
servicer spacecraft. Moreover, the focus will be on the problem of the navigation loop only, without consider-
ing closed-loop guidance or control. For the purpose of this work, a 3D model of the target spacecraft is also
assumed to be known. The generalizability of the resulting system to multiple targets must be tackled in the
subsequent research.
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1.3. Research Overview

The research undertaken for this work is aimed at extending the analysis and understanding of learning-
based pose estimation systems, currently available in the literature. A thorough review of the previous works
was carried out during the literature study and critical knowledge gaps in the current research body were
identified. These are as following:

¢ Analysis of multiple spacecraft/scenarios

* Investigation of CNN design, configuration, and memory/computation efficiency
* Analysis of robustness in CNNs

¢ Analysis on complete navigation loop end-to-end

* Use of contextual information from CNNs to quantify and preserve uncertainty

Since the research into learning-based approaches for navigation around an uncooperative target is in
the early stages, the extensive analysis was deemed necessary for improving the state of research in learning-
based solutions to spacecraft navigation around an uncooperative target.

Research Questions

The objective of this research is to investigate a navigation framework utilizing CNNs and deep learning to
provide reliable pose estimation and state tracking for an uncooperative target. Building upon the past re-
search, this work seeks to investigate aspects of a suitable navigation framework that provides accuracy, ro-
bustness, and applicability to real-life on-orbit navigation scenarios. Along that direction, the central ques-
tion posed for this research can broadly be stated as following:

How can the performance of the current learning-based approaches for monocular vision-
based navigation around an uncooperative spacecraft be improved to enable on-orbit opera-
tion?

This is further broken down into more traceable research questions that were tackled directly in this work.
RQ-1: Which current learning-based pose estimation architecture is most suitable for improvements?

a. Which architecture is the most suitable for the navigation framework?

b. How can the components of the pose estimation architecture be selected, designed, and evaluated?

c. How can the learning-based pose estimation architecture be configured and implemented?

d. How does the resulting pose estimation pipeline compare with the state-of-the-art?

RQ-2: How do the proposed framework and implementation bridge the gap between synthetic training
and real on-orbit operations for learning-based pose estimation?

a. How can CNNs be made robust to real images?
b. What aspects of network architecture and training are relevant for embedding robust learning?
c. How can robustness of the CNNs be assessed?

d. Does the performance of the devised framework transfer well to previously unseen images?

RQ-3: How can the given learning based pose estimation pipeline be integrated with a state estimator to
enable state tracking?

a. Which state estimator architecture is suitable for the current navigation framework?

b. How can the measurement covariance be quantified in the navigation loop to ensure consistency in
filtering?
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c. How can the integrated navigation loop be verified for accuracy and robustness?

d. How does the designed navigation loop compare with other design alternatives?

In addition to these primary questions, one more optional question is targeted for the relevance and the
added value to the quality of the proposed research:

RQ-4: How can newer datasets improve the performance of a learning-based architecture?

a. How should newer datasets be generated in comparison to the currently available datasets?
b. Which properties of the image dataset are important for improvements?

c. How can the improved dataset aid in making the navigation loop more suitable for real on-orbit oper-
ation?

d. Does the newer dataset provide improvement in training and testing of the learning-based pose esti-
mation pipeline?

1.4. Thesis OQutline

This report is divided into four major parts. The Introduction and Overview, provided the motivation for the
work with a brief introduction to the relevant aspects of the navigation problem being addressed. Chapter 2
lays down the foundation of the navigation problem, with a discussion on the relevant space missions and ex-
isting navigation systems. Further, a pre-requisites of monocular vision-based navigation are discussed with
a description of pose estimation approaches and alternatives currently available in the literature. Following
a critical analysis of identifying the limitations of the current monocular pose estimation systems, the use of
machine learning for the pose estimation is motivated.

The Navigation Framework Design part of the report encapsulates the selection, design, and implemen-
tation of the concerned navigation system and its major components. In principle, this part of the report con-
stitutes all the aspects of the proposed framework that were reasoned, developed, designed, implemented, or
analyzed during this work. Chapter 3 provides an overview of the framework, providing necessary high-level
reasoning behind the architecture selection and design. Further, the framework design, analysis, and out-
comes are compared with the relevant works in the literature to justify the novelty and contributions made
by this work. Subsequent chapters describe the individual components of the navigation framework. Chap-
ter 4 and 5 present an in-depth discussion on the selection, configuration and implementation of the CNNs
used in the pose estimation pipeline. The choice of design aspects in the selected CNNs is presented along
with the evaluation metrics relevant for experimentation. Chapter 6 addresses the datasets used to train the
CNN along with the aspects of the data pipeline necessary for implementation and experimentation. Two
existing synthetic image datasets of the Envisat spacecraft as well as the Tango spacecraft from the PRISMA
mission are employed, with a discussion on their features and limitations. Further, motivating the need for
better datasets to enhance robustness, the generation of a new augmented dataset is elaborated. Chapter 7
details the design of a maximum likelihood estimation based solver used for solving the PnP problem during
pose estimation. With the necessary description of the underlying theory and the algorithm, the limitations
of the methods are identified. Resulting from a detailed investigation of the limitations, a novel modification
is identified for the algorithm that drastically improves its pose estimation performance. The performance
improvement resulting from the proposed method is validated extensively through benchmarking and com-
parison with the original algorithm as well as other solvers. Finally, Chapter 8 presents the design of a state
estimator which provides estimates of the target’s relative state, completing the navigation loop.

Following the detailed description of the navigation framework components, the whole framework is in-
crementally evaluated and composed into a complete navigation loop in the Framework Evaluation part of
the report. In that, Chapter 9 presents an extensive discussion on experiments to incrementally evaluate,
benchmark, and assess the performance of the proposed framework components. For each relevant design
decision, the effect on accuracy and robustness is analyzed. The final framework is compared to state-of-
the-art approaches and applicability to a representative proximity operations scenario is demonstrated with
anavigation analysis.

In Closure, Chapter 10 traces the research questions to the developments and findings of this thesis to
provide conclusions and recommendations for the future works.






Mission and Vision-based Navigation
Overview

The problem of learning-based approach to vision-based navigation, under investigation in this work, in-
volves multi-disciplinary aspects from various subject. This chapter provides a short overview of the pre-
requisite concepts required to support the subsequent work on the proposed navigation framework.

2.1. Rendezvous and Proximity Operations in Space Missions

Proximity operations have played a crucial role in the development of critical space infrastructure, dating
back to the inception of the Space Age. RPO has been a pivotal technology in the advancement of human
space exploration and robotic space applications. In this chapter, the evolution of RPO systems in the past
space missions has been reviewed, followed by a discussion on vision-based navigation for RPO.

The roots of RPO in space missions can be traced back to the Gemini program in the early 1960s. A major
part of the flight test objectives of the Gemini program was to demonstrate and build pre-cursor capability in
RPO and docking for the Apollo program [19]. The twin spacecraft mission with Gemini VI and Gemini VII was
the first-ever mission to execute rendezvous and proximity operations, followed by Gemini VIII which per-
formed the first docking. The rendezvous and close proximity operations were controlled by the astronauts
through visual monitoring, manual control, and decision making with significant ground support. This em-
powered the proximity operations and docking of the crew and command module in Apollo 9, where RPO
was utilized for the first time to meet operational requirements. The maturity of the resulting RPO and dock-
ing capabilities played a critical role in the subsequent Apollo missions to the Moon. The RPO capabilities in
the Gemini and Apollo programs required a high degree of manual control and cooperation with extensive
ground intervention. Around the same time frame (1967), a pair of two uncrewed soviet spacecraft Kosmos-
186 and Kosmos-188 executed the first-ever autonomous RPO and docking, using an active inter-spacecraft
communication link. Subsequently, RPO capabilities including enabled the next cycle of missions for orbit-
ing laboratories or space stations, from the Soyuz-11 flight to Salyut-1 to the current ISS missions. From a
navigation point of view, the development of technology did not originate solely from earth-bound missions.
Ahost of planetary and small-body exploration missions have provided heritage in autonomous vision-based
navigation, from AutoNav in Deep Space-1 [20] to the very recent OSIRIS-REx [21].

In terms of OOS, the repair of Skylab-2’s jammed solar panel was the first notable milestone, with the
repair operations executed entirely by the crew with ground support [22]. The subsequent servicing mile-
stones were achieved with the space shuttles in servicing of Intelsat VI with an upper stage and the on-orbit
restoration of the Hubble Space Telescope [6]. The shuttle used a host of on-board GNC and robotic sys-
tems, including relative navigation that enabled semi-autonomous rendezvous and docking. However, the
close-proximity and docking operations were carried out manually by astronauts using visual aids [23]. The
continuous evolution and advancements in RPO created a push towards increasing autonomy in on-orbit
operations. This enabled missions for robotic OOS, like DARPA’s Orbital Express (OE) mission. The OE mis-
sion proved autonomous GNC for RPO from a relative range of 200 km up to docking as well as subsequent
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servicing functions like fuel transfer, computer, and battery replacement [24]. The close-proximity naviga-
tion system used an Audio-Video Guidance Sensor (AVGS), which used laser-based tracking and a monocular
CMOS sensor [25]. The simulated target spacecraft did not have communication link with the servicer but
featured retro-reflectors to assist navigation using AVGS. The lessons learned from the partial failure in the
OE mission operations [24], and the preceding failure of Demonstration of Autonomous Rendezvous Tech-
nology (DART) mission emphasized on the need for robustness. In terms of the latest advancements, the
Northrop Grumman Mission Extension Vehicle (MEV-1) concept accomplished the first commercial servic-
ing mission for extending the life of Intelsat 901 in early 2020. The MEV-1 servicer spacecraft for the first time
demonstrated servicing on a target that was not designed for docking, extending its life by five years. How-
ever, despite the advancements, the trend up until this point does not involve an uncooperative spacecraft.
Tackling the problem of working around an uncooperative is essential and necessary to achieve the expected
goals for large-scale ADR and OOS for sustainable utilization of space.

In terms of ADR, among the missions that were not canceled, RemoveDEBRIS [26] recently demonstrated
key technologies for ADR, including a vision-based navigation system, which utilized a combination of LI-
DAR, IR, and optical cameras. RemoveDEBRIS successfully demonstration simulated debris capture using a
dummy CubeSat. A series of demonstration missions including e.Deorbit [5], Restore-L (now OSAM-1) [27],
DARPA Phoenix [28], ELSA-d (End of life Solution by Astroscale demonstrator) [29] and ESA-commissioned
Clearspace-One that aim to tackle this problem, are planned for the future.

In consideration, the state of infrastructure for ADR and OOS is in early development or demonstration
stages where spacecraft operate in a careful selected narrow operating environments. As the expected cost-
serviceability and debris mitigation trends push the space industry towards the need for ADR and OOS, it is
of significant importance to develop robust and reliable autonomous relative navigation systems for unco-
operative targets.
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Figure 2.1: e.Deorbit mission and operation phases [30]

2.2. Mission Profile and GNC Overview

A generic mission profile for ADR/OOS mission involves the servicer spacecraft executing a rendezvous with
the target spacecraft with absolute (radiometric) navigation and subsequently approaching and capturing the
target using vision-based navigation. As a baseline, the operation plan from e.Deorbit specific to the Envisat
target case is considered from Telaar et al. [30], as shown in Fig. 2.1. After the launch into an injection or-
bit, the servicer executes a series of checkouts and maneuvers preceding rendezvous with the target at a safe
distance called the Rendezvous Entry Gate (REG). Until REG, the absolute state of a non-functional Envisat is
determined with ground-based radar tracking systems. The state of the servicer spacecraft can be estimated
on-board with GPS or through ground-based tracking. Once, the servicer spacecraft makes it to REG, the
relative navigation is activated to get line-of-sight measurements for the target using a narrow-angle camera
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and/or LiDAR. The far-range navigation with a monocular camera can be accomplished using angles-only
navigation [31, 32]. This is used until the park hold point, where the target’s body scale in the field of view
(FOV) of the vision system is sufficient for 6D pose initialization. This is the point of interest for this work, in
terms of on-orbit operations. At this point, around 100 m relative to the target, the servicer spacecraft exe-
cutes a hold and has to initialize the pose estimate. Note that the relative distance to the hold point is specific
to Envisat and is subjective to the size and geometry of the target spacecraft. The servicer subsequently tracks
the state of the target spacecraft along the V-bar. The V-bar is the direction along the passive target’s velocity
vector. Given an accurate navigation solution, the servicer spacecraft approaches the target along the V-bar
upto around 30 m and executes the target inspection fly-around. Subsequently, maneuvers are executed for
motion synchronization aimed at the launch interface ring of the Envisat spacecraft leading up to the robotic
capture. The GNC system architecture for ADR or OOS mission comprises of a rendezvous GNC subsystem,
in addition to the absolute GNC system used by the servicer spacecraft itself. Fig. 2.2 shows a typical GNC
architecture from the e.Deorbit mission aimed at rendezvous and capture of the Envisat spacecraft. The abso-
lute state of the servicer spacecraft is estimated using GPS. In the case of e.Deorbit concept, the narrow-angle
camera was used during the far-range approach, while the LiDAR was used for the mid-range approach. Fi-
nally, at the park hold point (100 m range), LiDAR was used to initialize and track pose inside the navigation
loop.

The operational phases in Fig. 2.1 and the architecture shown in Fig. 2.2 provide a representative base-
line, for the Envisat target case. However, the proposed framework eliminates the LiDAR sensors from the
rendezvous navigation hardware, by solely utilizing a monocular camera. The scope of this work is to design
a monocular vision-based navigation framework that enables accurate pose initialization and state estima-
tion from the hold point (assumed at 150 m). A conservative scenario used in e.Deorbit analyses [30] of
involves the Envisat spacecraft tumbling along the V-bar at 5 deg/s . The resulting system supports naviga-
tion in subsequent operations leading up to the capture. However, the navigation analysis is restricted to the
state tracking of the Envisat Target at the park hold point. The navigation analysis for the subsequent ap-
proach and capture phases needs to be investigated with guidance and control in the loop, which is beyond
the scope here.

In terms of GNC performance requirements, there is no established benchmark for uncooperative prox-
imity operations, and are highly specific to the overall system of systems used during the mission. However,
drawing from the current knowledge of the missions, Table 2.1 shows a set of performance requirements ex-
pected from RPO systems outlined in Mitchell [33] in a generic sense and in Telaar et al. [30] specified for
the Envisat target case. Of particular interest to this work is the park hold and pose initialization phase close
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| Parameter Performance (each axis) | at10m [33] | at100m [33] [ at100m [30] |

Attitude Knowledge (deg) 0.3 0.3 5
Attitude Rate Knowledge (deg/s) 0.1 0.2 0.5
Relative Position Knowledge (m) 0.2 5 10

Relative Velocity Knowledge (m/s) 0.01 0.02 0.1

Table 2.1: Typical RPO performance requirements in close proximity [30, 34]

to 100 m relative to the Envisat target, in the baseline operations. A similar hold point is assumed for the
initialization of close-proximity navigation, in this case at 150 m.

2.3. Monocular Vision-based Navigation

For primary navigation purposes, a monocular sensor was first used in the AVGS system for the DART and
OE missions discussed earlier. Since then, the monocular vision-based navigation systems have also been
proposed as a crucial technology for close-proximity operations in OOS, ADR, and other applications [35].
Monocular sensors are a promising option for spacecraft navigation systems as they have low mass and power
characteristics along with a lower hardware complexity [8, 11]. In this section, a brief review of existing ap-
proaches using a single monocular camera for navigation around an uncooperative target in close-proximity
is presented. The monocular sensor/camera from here on refers strictly for a visible spectrum monocular
camera. However, no further distinction is made between multi-spectral and monochrome cameras.
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Figure 2.3: Overview of high-level blocks of a generic monocular vision-based navigation system, encapsulating various approaches

The problem of pose estimation for navigation can broadly be divided into pose initialization and pose/s-
tate tracking. The initialization process requires the pose estimator to estimate the pose with no prior knowl-
edge. Following this, the pose and state may be tracked using previous pose and state estimates. A high-level
abstraction of a monocular vision-based navigation system is shown in Fig. 2.3. The schematic shows a
generic representation of pose estimation systems that use a single monocular image in the loop. The image
acquired by the monocular camera is fed into the pose estimation pipeline to provide the pose estimate for
initialization. Depending on the architecture, the pose estimation pipeline may encompass an IP subsys-
tem and a pose solver. Depending on the type of the navigation loop and the design of the state estimator,
the input to the state estimator for tracking may be high-level information such as predicted pose estimate
or low-level information like predicted keypoint coordinates. The navigation filter subsequently estimates
the full dynamical state, which usually comprises of the filtered relative pose along with relative velocity and
angular rates.

The problem of pose estimation is a part of the vision-based navigation system that is not common to con-
ventional GNC architectures. The task of processing an image as an array of numbers to synthesize higher-
level information of the subject(s) in the image, falls under the interdisciplinary domain of Computer Vision
(CV). The field of CV, born in conjunction with Artificial Intelligence (AI) as a research field around 1960,
emphasizes on visual perception and providing computers with human-like ability to perceive [36]. It takes
inspiration from the human visual system to enable machines to perceive 3D geometry from a 2D image.
Depending on the level and type of information extracted, a problem is classified into one or more CV tasks.
Most real-life visual data processing systems execute these CV tasks like image segmentation, object recogni-
tion, object pose estimation, and others. The problem solved by the pose estimation pipeline in Fig. 2.3 falls
primarily under the purview of CV problems. Conventionally, Image Processing (IP) algorithms are a part of a
CVtask. IP methods are associated with processing a 2D image into a transformed image that reveals relevant
visual information.
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2.3.1. Review of Pose Estimation Pipeline Architectures

Depending on whether or not the estimator uses a known 3D model of the specific spacecraft, conven-
tional pose estimation pipelines can be classified into model-dependent or model-agnostic type architec-
tures. Model-agnostic architectures are those that do not require the knowledge of the object’s 3D model
and do not use model-specific information in the pose estimation loop. The classification presented here is
not established in the literature, especially regarding the learning-based methods. The frequently adapted
'model-based’ and 'non-model based’ classification is ambiguous and excludes representation of many new
approaches. The nomenclature and classification presented here also clearly divides the scope of applica-
tion in space missions. For instance, an ADR or OOS mission aimed at a specific spacecraft can use model-
dependent architecture. However, if the spacecraft needs to execute uncooperative close-proximity opera-
tions with multiple targets, the pose estimation pipeline needs to be model-agnostic. However, the literature
is deficient in terms of such model-agnostic methods that combine the advantages of using a monocular
vision-based system with the adaptiveness and applicability to non-specific targets. Hence, there is signifi-
cant scope and promise for the future works to explore model-agnostic methods.

The preliminary classification ! shown in Fig. 2.4 further breaks down into pose estimation methods used
in respective architectures to a relevant level of detail (Note the learning-based methods in different parts of
the two architectures). In the following discussion, various classes of pose estimation architectures used in
the literature are reviewed briefly.

1. Model-dependent feature-based pose estimation

Feature-based methods detect these notable features from the acquired 2D image and relate it to the
feature locations on the known 3D model of the target spacecraft. From a CV perspective, the features
on the target body include corners, edges, keypoints, and depth maps. The pose estimation process, in
this case, comprises of two sequential processing tasks - feature detection and localization and solving
the perspective projection to estimate the pose. First, the feature detection and localization subsystem
processes the image and provides 2D feature coordinates in the image plane. This is then fed to the
PnP solver which estimates the pose that projects the known 3D model to fit the detections.

IP-based pipelines: Conventionally, IP subsystems have been employed to extract the features. The
IP subsystems extract visible surface features such as corners, edges and keypoints by enhancing or
transforming the pixel information in the original image. For feature extraction, IP systems utilize en-
coded representations called descriptors, which express the characteristics like color, texture or shape,
relevant in identifying a pre-defined feature in the image. For pose initialization, the detected features
need to be associated with the known features in the spacecraft 3D model. This data correspondence
step results in a matching matrix corresponding features in the 2D image and the 3D model, which is
then used in the PnP or pose solver. Feature correspondence is done using methods like RANSAC [13],
Soft assign [37] and feature groups [14]. These correspondence finding algorithms typically test several
correspondence hypotheses when the pose is being initialized from a lost-in-space state, making them
extremely slow due to their computational complexity. This is a significant shortcoming of feature-
based pose estimation methods that use IP subsystems for in-orbit operations. Further, IP systems are
challenged by adverse illumination, background textures and slow data correspondence, while often
lacking solution availability needed for application in spacecraft navigation [9, 10, 35]. The reader is
referred to the works in Opromolla et al. [38], Sharma et al. [8] and Pasqualetto Cassinis et al. [12] for a
thorough review of IP methods and algorithms.

2. Model-dependent end-to-end pose estimation End-to-end pipelines are usually represented as one
functional block or subsystem, all encompassing, that take an input image and whose output is a pose
estimate. This is in contrast to the feature-based methods, where two clear subsystems exist that
are independent in terms of choice of implementation. Additionally, the blocks in a feature-based
method interact with input data at different stages in the process. On the other hand, end-to-end
methods can generally be considered as the methods having single point of input (image/model) in
the model diagram. The latter clarification is necessary along with single functional block as the al-
gorithms or methods can be broken down into smaller process blocks creating ambiguity. For clarity,

INote: The new nomenclature is meant to organize and systemically present the knowledge from the vast body of literature to present
the scope and applicability of learning-based methods to the problem in a clear manner.
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Figure 2.5: Distinction of End-to-end methods

this is shown in Fig. 2.5, where uppercase letters represent higher level subsystems and p,, represent
internal sub-process without any further explicit definition. Among the conventional methods (non
learning-based), Template-based methods are the only way to synthesize an end-to-end pose estima-
tion pipeline.

Template-based Methods Template-based methods are based on template matching, which is a pro-
cess used often in CV to match a section of the image with a template database generated offline. In the
offline template generation, the complete six-dimensional pose space is sampled and a corresponding
template is generated using a 3D model. In the online processing, the acquired image is matched to a
template image using correlation techniques like the sum of absolute differences [39] and normalized
cross-correlation [40]. Based on the degree of similarity in the image template, the best-correlated tem-
plate image provides the corresponding pose assigned offline. While template matching has been used
for other purposes, a monocular pose estimation application is only addressed in [41] for terrestrial CV
problems. Opromolla et al. [42] used template matching for spacecraft uncooperative pose estima-
tion, which used LIDAR as the primary navigation sensor. The main disadvantages of template-based
methods include memory-inefficiency in storing template database and computationally for higher
pose resolution and computation-inefficiency in intensive cross-correlation that ensues with such a
database.

3. Model-agnostic pipelines The Model-agnostic architecture is an isolated category that is focused on
the non-specificity (or non-availability) of the target spacecraft’s 3D model. This needs to be empha-
sized as the area of significant importance in enabling the ideal ADR missions. Model-agnostic meth-
ods in CV have utilized stereo cameras [43] and optic flow sensors [44] for terrestrial applications. In
that respect, model-agnostic systems using monocular vision have not been investigated for pose es-
timation around an uncooperative spacecraft. However, it is not certain how such systems/algorithms
will be realized. One of the conceivable approaches uses learning-based methods to estimate pose by
regressing coordinates of an enclosing box [45, 46]. However, the detailed investigation on the per-
formance and robustness of such an approach is not in the scope of this work. Note that the SLAM
approaches [15] which use a batch of monocular images are model-agnostic in nature. However, these
approaches have limitations for real-time operations in orbit [16].

2.3.2. Pose Estimation and Pose Solvers

The most promising approaches relying on feature-based pipelines estimate the pose by solving the PnP
problem. It is therefore relevant to review the PnP problem in detail along with pose solvers used to solve it.

Perspective-n-Points (PnP) problem

Perspective-n-Points problem (coined by Fischler and Bolles [13]) is the problem of determining the position
and orientation of a camera relative to the object under observation, given camera intrinsic parameters and
a set of n corresponding 3D body coordinates and their 2D projections. As highlighted earlier, this is at the
core of accurate pose estimation in feature-based pipelines.

Given the knowledge of the target’s 3D model points, the camera intrinsic parameters and 2D location of
the feature in the image frame, the problem of determining pose due to perspective geometry is shown in
Fig 2.6 and given as follows. Consider r? = [x;, y;,z;]" n 3D points (i = 1,2,3...n) of interest on a known 3D
model in the body frame (B) and p; = [u;, v;, 1], n corresponding image points on the image plane. The image
plane is defined with respect to the Camera frame (C) through the intrinsic parameters. The PnP problem is
concerned with determining the translation vector t€, and attitude transformation matrix REC 2, to trans-

2also called the direction cosine matrix or combined rotation matrix interchangeably
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Object Frame B

C1# Camera Frame C

Figure 2.6: Geometric depiction of PnP Problem in spacecraft navigation [9]

form from frame B to frame C. A 3D model point coordinates r® in the camera frame and its corresponding
coordinates in the image frame p can then be expressed as:

¢ =RBCB 4+ (¢ 2.1
C C
X
p= fo+CX,JZ/—ny+Cy 2.2)

where f; and f) are focal lengths in the respective principle directions of the image frame, while C, and
Cy are locations of the principle points of the projected image.

To further condition the generic problem, it is assumed that the unit vector Cs direction is along the bore-
sight of the camera, and the unit vectors C; and C; are aligned with the image frame axes P; and P,. In that
case, the Egs. 2.1 & 2.2 can be transformed using homogeneous coordinates and expanded as:

Xi

wil; Vi
w;v;| = [K] [P] Zl‘ (2.3)

wi 1l

where, Kis 3x3 camera intrinsic matrix, w; are scaling coefficients for homogeneous transformation, and
P is the 4x3 pose matrix containing attitude transformation matrix and translation vector. Assuming zero
distortion and square sensor pixels, Eqn. 2.3 can be expanded to

wil; fr 0 Cy xl:
wwi| =0 fy G| | REC | €| 2.4)
w; 0 0 1 !
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where,
BC BC BC C
Rl 1 R 12 R 13 tl
RPC = |REC REC REC| ana “=|ff 2.5)
BC BC BC C
RSI R32 R33 tS

Pose Solvers

The PnP problem represented by Eq. 2.4 has 6 unknowns in pose matrix (P). P is defined by three independent
parameters for relative attitude and 3 for relative position. Information of 2D image points provide u; and v;
for each feature (i= 1,2, ... n) specifying two equations each. A collection of 3 (n=3) feature point locations
(non-coplanar) would technically specify six equations to get six unknowns in P. However, there are eight
general solutions for n=3, due to viewpoint ambiguity, of which four are in front of the image plane. The
three concerned points on a rigid body can be placed in four distinct ways along the perspective lines, having
same 2D point locations in the image frame.

Image Frame

.-'—______

Figure 2.7: Ambiguity in P3P solutions

An example of this is shown in Fig 2.7, where two (out of possible four) orientations of the 3D object points
result in the same 2D point locations in the image. Mathematically, this is due to the non-linear transforma-
tion from Euclidean space to homogeneous space. There are four such ambiguous configurations in P3P.
Ideally, a unique solution is possible for a P6P problem (7=6), given six non-coplanar points on the target
object. However, even with n=6 there are problems with object symmetry (which is often present in satellites)
and near solutions due to noise. For instance, six identical solutions are possible for a cube in P6P problem.
To overcome the limitations of direct solution approach, the PnP problem is often solved using dedicated
solvers. Due to it’s relevance to this work on learning-based methods, specifically to type 1, the PnP solvers
are critical to understand.

Solvers for the PnP problem have been thoroughly dealt with, in the literature. Based on whether a solver
employs an iterative minimization approach or multi-stage analytical approach, they can be classified as:

1. Analytical (Closed-form) Solvers: The Solvers utilize some or all point locations to solve linear forms
of Eq 2.1& 2.2. These solvers provide a closed-form solution, thus not requiring an initial estimate of
the pose. Often, these are computationally fast but offer comparatively lower accuracy. Some other
methods, that account for non-linearities are computationally slow. For example, Efficient PnP (EPnP)
[47] is the most common analytical solver used frequently in the literature.

2. Tterative Solvers: The solvers minimize an error-based objective function defined in the object or image
space, solving Eqgs. 2.1 & 2.2 taking non-linearities in to account. These solvers tend to be accurate
but require an initial guess to start the iterative minimization and are can be computationally slower
for a desirable performance. Iterative optimization does not necessarily provide a globally minimum
solution for the objective function. POSIt [48], Coplanar POSIt [49] and Lu-Hager-Mjolsness (LHM) [50]
methods are the some of the common iterative solvers in the literature.

Often modern solvers bridge the gap between analytical and iterative solvers in terms of computation
and accuracy, by combining the two approaches. For instance, EPnP is most often used with Gauss-Newton
iterative refinement to improve the solution accuracy. Unlike purely iterative solvers, the hybrid solvers do
not need a priori estimate of the pose to initialize.
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Among the state-of-the-art EPnP finds an efficient closed-form solution to a PnP (n>4) problem, where
the complexity for n is linear (€(n)). The PnP problem is reduced to that of estimating positions of four
hypothetical control points, which are estimated as the weighted sum of n 3D points, forming a linear system
of equations. EPnP’s linear solution is often refined using Gauss-Newton refinement and has been employed
for spacecraft pose estimation [17, 45, 46]. Newton-Raphson root-finding algorithm can be employed for
iteratively solving the PnP problem [35], but has a very high computation complexity due to an expensive
matrix inversion operation. LHM [50] method iteratively minimizes the reprojection error in the object space
using a weak perspective assumptions. While LHM is an accurate, the computation time is found to be four
times higher than the already slow Newton-Raphson method [8]. Robust PnP [51] proposes to robustly solve
the PnP problem using a seventh-order polynomial to estimate locations of hypothetical stationary points
(similar to EPnP control points) with lowest re-projection error. Other state-of-the-art methods include the
Direct Least-Square (DLS) solver [52], Semi-Definite Program (SDP) [53], Optimal PnP (OPnP) solver [54] and
Accurate and Scalable PnP (ASP#nP) solver [55].

Most solvers discussed above take only the 2D image-point coordinates as input assuming equal detection
accuracy across observed points and ignoring the observation uncertainty. Ferraz et al. [56] propose the
Covariant Efficient Procrustes PnP (CEPPnP) solver which for the first time leverages observation uncertainty.
By utilizing feature detection uncertainty in the form of covariance, CEPPnP essentially solves the EPnP linear
system of stationary control points. The covariance information is transformed from image plane to the space
in which the control points are defined and the system is solved using Maximum Likelihood minimization.
Due to EPnP like formulation, CEPP#rP also facilitates computationally efficient pose estimation. Pasqualetto
Cassinis et al. [57] propose use of CEPPnP in alearning-based pose estimation pipeline to leverage covariance
information to facilitate accurate pose initialization.

Urban et al. [58] propose a novel PnP solver that utilizes Maximum Likelihood Estimation (MLE) and
takes observation uncertainty into account. The PnP problem is reformulated in the null-space of the nor-
malized camera-frame keypoint coordinates, and using the minimal representation of uncertainty formu-
lated by Forstner [59]. The maximum likelihood problem in MLPnP is formulated in terms of pose variables,
unlike CEPPnP. This allows computation of uncertainty associated with estimated pose. The availability of
pose estimation uncertainty as output can enable preservation uncertainty in the navigation loop improv-
ing robustness of the navigation solution. Besides, Urban et al. [58] demonstrate the speed and accuracy
characteristics of the solver which is superior or comparable to all available solvers.

2.3.3. State Estimator

For vision-based navigation, a state estimator is used to track the relative state of the target, using the input
from the pose estimation pipeline or the vision subsystem. The state estimator used the knowledge of dynam-
ics model and the measurement model to estimate the relative state, which in most cases includes position,
velocity, attitude and angular rates. The navigation filter is also used to provide state estimate at a frequency
desired for the GNC loop, which may be higher than the operating frequency of the pose estimation pipeline
[60]. Pasqualetto Cassinis et al. [12] review the various filters for translational and rotational state dynamics.
Depending on the type of measurement model used, the state estimator architectures can be broadly divided
into loosely and tightly-coupled type. These can be described as following:

1. Loosely-coupled: A loosely-coupled estimator takes psuedomeasurements of the pose, estimated by
the pose solver, as the measurment input as shown in Fig. 2.8(a). In a navigation loop, from a functional
point-of-view, the state estimator is connected serially after the pose solver.

2. Tightly-coupled: A tightly-coupled estimator takes features such as keypoints, detected by the feature
extractor, as the measurement inputs as shown in Fig. 2.8(b). To initialize the filter during pose ini-
tialization, this architecture needs to use the pose estimate from a pose solver. Once initialized, the
flow bypasses the pose solver entirely and the features are directly fed into the state estimator. The
measurement model implicitly relates the feature predictions to the pose variables with Jacobians of
the perspective equations (Egs. 2.1 & 2.2). In a navigation loop, from a functional point-of-view, the
state estimator is connected serially after the feature extractor and the pose solver is utilized in parallel
during pose initialization.

A loosely-coupled estimator is usually preferred for uncooperative and potentially tumbling targets, as
fast relative dynamics can prevent effective feature tracking, when using IP methods. Modern pose estima-
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Figure 2.8: Vision-based navigation system flow for various estimator architectures

tion pipelines tackle this by utilizing CNNs to provide a constant pre-defined set of features [57]. The com-
putational complexity of the state estimation for loosely-coupled is lower as it processes six pose variables
which are directly observable in terms of state, as opposed to higher number for feature coordinates used in
a tightly-coupled estimator. This becomes especially crucial in estimation steps involving matrix inversion
and other operations of high computational complexity.

The state estimator is usually a derivative of the Kalman Filter. Pasqualetto Cassinis et al. [12] provide an
extensive review of estimators/filters used in contemporary work on navigation around uncooperative tar-
get. A common choice of filter involves an Extended Kalman Filter (EKF) that utilizes a linearized dynamic
model to estimate the state, as it is more suitable for onboard operation. While EKF has been utilized in
[61, 62] for navigation around an uncooperative target, it exhibits common issues in attitude state tracking
when used with the common unit quaternion parameterization for attitude 3. However, the use of quaternion
representation in state tracking can cause covariance rank deficiency and overall filter instability due to the
normalization constraint in the representation [60, 63]. A solution to this problem is to use a Multiplicative
Extended Kalman Filter (MEKF) that uses dual representations in the filter with a reset step based on multi-
plicative error quaternion [64]. MEKF has recently been used in the works on uncooperative navigation for
attitude estimation [60, 63]. The translation state is usually estimated using a conventional EKE

From robustness perspective, it is necessary for an estimator to receive a representative covariance to be
able to provide reliable state estimation during adverse operational conditions such camera flaring, target
shadowing or other conditions that result in inaccurate detections. As pointed out by Pasqualetto Cassinis
et al. [57], without an accurate representation of the uncertainty, the filter may exhibit divergence in state
estimation. This is a concern for modern learning-based architectures, as discussed in the following section.

2.4. Review of Convolutional Neural Networks

To discuss the learning-based methods, it is relevant to first review the relevant details of its crucial element-
the CNNs, which are a class of neural networks. Broadly, neural networks are computing models for Artificial
Intelligence (Al) that rely on pattern recognition in the data and building up high-level abstract information
by hierarchically breaking it down into lower-level information. The neural networks are loosely based on
the concept of human neural system and feature analogous basic elements called neurons. Mathematically,

3See Appendix B for a review of attitude parameterizations
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a neuron is a simple non-linear function that can be heirarchically composed into any arbitrary non-linear
mapping by specifying the constant coefficients often called weights. The estimation of the right weights for
each neuron, in order to fit the data is called learning or machine learning. Learning is executed by feed-
ing the neural network with data and adjusting the weights to improve predictions on the data, in a process
called training. Broadly, training is an optimization routine that minimizes an overall objective as a function
of all the neuron weights, given the expected output, using a method like Stochastic Gradient Descent (SGD)
or its derivatives. The cost function is also called loss in the common terminology and the trained network
with fixed weight values is called a model or network model. For neural network models to be effective on a
task, they need to be trained on large amounts of data, that enable effective learning of general and desirable
patterns in that kind of data. The most important aspect of machine learning relates to the no free lunch
theorem for machine learning [65]. The theorem state that no machine learning algorithm performs better
than others when averaged over all data generating distributions. On making assumptions about the prob-
ability distribution of a specific real-world application, machine algorithms and models can be designed to
perform extremely well on a specific distribution. Consequently, the algorithms and models developed on
specific data distribution perform worse on other data generating distributions. This implies that machine
learning algorithm cannot be universal or the absolute best learning algorithm. In simple terms- the neural
network models developed with machine learning are only as good as the data.

The CNNs are deep neural networks, where 'deep’ refers to the depth of representation hierarchy modeled
in the network. Consequently, the learning in CNNs is referred to as deep learning. The success of CNNs was
demonstrated only recently on ImageNet classification benchmark [66] by Krizhevsky et al. [67] in 2012. How-
ever, CNNs are not a recent concept. LeCun et al. [68] motivated CNNs for use in recognition of handwritten
zip codes for US postal service and later formalized the CNN class of architecture that overcomes the limita-
tions of traditional neural networks [69]. However, with trisection of advances in processing power, increase
in image data and progress in deep learning, the performance of CNNs has improved significantly [70-72]
that have enabled a new paradigm for computer vision applications. The following discussion is streamlined
to only include the relevant design aspects of the CNNs. Readers can find the details of pre-requisite concepts
in machine learning and deep learning in Appendix A.

Convolutional Neural Networks

An elementary component of learning-based pose estimation methods discussed in 2.3.1 are the CNNs.
CNNs are specialized to process visual data in form of images and have a 3D structure unlike the regular
neural networks. CNNs are named so because they use convolution operation in at least one layer of the net-
work. A typical convolutional layer consists of the linear convolution operation and an activation function.
In mathematics, convolution is an operation (denoted with #) that acts on two functions (f(¢) and g(t)) of
a real-valued-argument such that the output (s(¢)) after convolution is given as the weighted average with
respect to infinitesimal time interval 7:

o0

s(t) = (f+g)) = f fmglt—-1)dr (2.6)
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Figure 2.9: Visual representation of convolution operation on a single channel 2D image [16]
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However, in visual data processing the convolution refers to sliding dot product or cross-correlation op-
eration with a kernel as visualized in Fig. 2.9. For discrete pixel values of an input image, convolution is
represented by X and a filter or kernel W * to provide an output feature map S, in discrete space described in
pixels. These multidimensional arrays are called tensors. Note that the integral between —oco and +oco in the
convolution operation, will be an infinite summation in discrete space. This is dealt with by assuming that
the functions, or in this case, input image described by X and the kernel W are zero everywhere but in the
finite set of pixels/points. The convolution operation is then described for a 2D image input (single channel)
for instance as:

Vij=Sij=XxW); :szm,n Wi-m,j-n 2.7)
m n

where, (m, n) are pixel indices in the 2D input image and (i, j) are indices of the corresponding pixel in the
resulting feature map. Visual representation of how inner product of the input and kernel tensors form fea-
ture maps is shown in Fig. 2.9 for inner summation in n. The complete convolution operation can then be
visualized as sliding a constant weight filter over the image and evaluating one pixel of the feature map at
every step. Due to the difference in the size of the filter and the image, the convolution layer is able to detect
local features in a region of the image, revealing a a higher level of information hierarchy from pixels. Note
that the convolution layer linearly combines a local region of inputs with several weight filters. Generally, a
convolution layer uses multiple weight filters on the image. Then, the output is a 3d volume of 2D feature
maps, whose depth is equal to the number of weight filters used. The convolution layer is succeeded by an
activation layer, which has neurons that transform the linear combination of inputs into a non-linear activa-
tion map. This also means the arrangement of neurons that produces that output volume is 3-dimensional of
same size. A non-linear activation layer (with neurons) succeeds the convolution layer, which transforms this
linearly transformed feature map into an activation map. An activation layer is composed of neurons. As the
filter slides over the input image, each dot product is associated with the input to one neuron in the activation
layer. The activation layer adds non-linearity in the information. Most often, modern neural networks use
a Rectified Linear Unit (ReLU) function in the neurons (see Fig. A.6 in Appendix A). The intermediate infor-
mation in form of multi-dimensional arrays (tensors) after each layer is called a feature map, as it represents
relevant aspects of the image. As the information passes repeatedly through convolutional layers, higher level
information and context is represented in the feature maps. Ultimately, the information is boiled down to the
output variable.

A CNN development has two stages:

1. Training: Training is the stage when the example data is provided to the CNN for learning the weights.
The network forward propagates the image input through the network and evaluates the loss. Based on
the loss, an SGD like approach is used to back-propagate and adjust the weights to lower the loss value.
This is done in mini-batches over thousands to millions of images. The forward and backward pass
during training are very computationally intensive routines are generally done over Graphical Process-
ing Unit (GPUs) rather than CPUs. Once training completes successfully, the weights are fixed and the
CNN model is ready.

2. Inference: Once a trained model is available, it can be used with images to infer the desired output.
At this stage, the image is fed to the network and propagated through all the fixed-weight layers in the
network. In effect, the forward pass during the inference is a large scale cascade of simple operations
like additions and multiplications.

The CNNs for vision tasks are most often trained in a supervised manner, wherein examples of images
are fed to the network and the appropriate convolutional and activation weights are estimated to reduce the
loss. The interesting aspect of training CNNs and deep neural networks is that the internal representations
or intermediate variables that express the relationship between two feature maps are automatically gener-
ated. Therefore, given enough data CNNs can extracting abstract representations at an unintuitive levels of
information in the images, to compose high level information. This is why the CNNs have been successful
in tackling some of the challenges faced by IP systems, where a higher interpretability of the information is
required. These include reasonable robustness to viewpoint variation, scale variation, deformation, occlu-
sion, illumination conditions and background clutter among others. The CNNs for terrestrial use are trained
on the order of a million images with large scale datasets like ImageNet [66] and Common Objects in Context

“4kernel is of equal depth as the image, but not necessarily in height and width
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(COCO). These datasets contain a broad range of images that test performance and robustness of CNN mod-
els on the aforementioned aspects in the image. Consequently, the benchmark comparison and the selection
of CNN architectures are often made based on their performance on these benchmark datasets.

The network structure underlying modern CNNs can be extremely large with hundreds of layers. Conse-
quently, the memory and computation efficiency are critical indicators for CNN deployment in real life. For
this purpose a CNN model is usually judged and compared on two specifications:

1. Parameter Count: It is the total number of parameters or weights of coefficients that define the model.
This represents the size of the model to be stored on a device. Typical large CNN architectures have on
the order of fifty million parameters on an average. More optimized CNNs have between one and ten
million parameters. Note that the parameters only provide a quantification of the model size and are
not reflective of computational efficiency.

2. Floating Point Operations: FLOPs indicate the total number of floating point operations required to
process the image through all the layers of the network during a forward pass. FLOPs represent the
computational efficiency of the CNNs. FLOPs are quantified on the scale of billions (or 1 GFLOP). Mod-
ern state-of-the-art CNN architectures require as low as 0.5 Bn FLOPs and as high as 200 Bn FLOPs per
forward pass.

From a robustness point of view, CNNs rely heavily on the training data to generate the model and con-
sequently fail when they encounter an input outside of the training data distribution. The effectiveness of
the trained model in practical applications can be seriously hampered due to limited training distribution.
This problem is particularly important for spacecraft pose estimation using CNNs, as the models are trained
only using synthetic rendered imagery. In order to improve robustness of the network to unmodelled optical
artefacts, data augmentation techniques are most often used.

2.5. Learning-based Pose Estimation and Navigation

Recently, the work on uncooperative monocular pose estimation has leveraged the CNNs and deep learning
with the initial work of Sharma et al. [9]. In general, learning based pose estimation pipelines use a CNN
model trained to predict a specific type of output such as pre-defined keypoints or parameterized pose. As
discussed in the previous section, the CNN models generate a complex non-linear mapping between the
input image and the output information. In this case, the mapping is generated during training phase us-
ing a large database of representative images of the spacecraft. Since real space-borne images of the target
spacecraft are not available at the scale required for deep learning, the training of such models relies on syn-
thetically rendered images of the target spacecraft [9, 45, 57, 73].

Pose Estimation

The early pose estimation pipelines [9] employed CNNs for pose in an end-to-end manner (Learning-based
architecture Type-2 in Fig. 2.4), wherein the CNN predicts a 6D pose vector from a monocular image, based on
classification or regression problem formulation. Classification formulation discretizes the pose space and
trains the network to map the image to a confidence score for each possible pose vector in the discretized
space.On the other hand, the regression formulation aims to learn a non-linear mapping that directly re-
gresses six values corresponding to each of the pose variables. Pose classification formulation has been uti-
lized in terrestrial applications [74] as well as the initial efforts in leveraging deep learning for pose estimation
around an uncooperative spacecraft [9]. On the other hand, regression formulation has been used most often
used in terrestrial applications [75-77]. Another formulation to estimate pose uses a hybrid approach using
classification and regression in a parallel branches.

More recently, the learning-based methods for pose estimation have used CNNs to extract keypoints
[46, 57, 78]. The resulting (learning-based architecture Type-1) pipeline replaces the IP subsystem to over-
come some of the limitations prevalent in IP, while getting the accuracy of feature-based pose estimation.
Typically, two CNNs are used in a serial manner, followed by a pose solver. The first network performs object
detection (OD) to identify and localize the spacecraft in a Region of Interest (Rol), while the second network
performs keypoint detection (KD) within the Rol to identify and localize keypoints. Subsequently, the pose
solver uses keypoint detections and the 3D model to estimate the pose. The primary advantage in using CNNs
for feature extraction is that the KD network uniquely identifies the keypoints in an image. The output from
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the CNN comprises of keypoints in a pre-defined order. Therefore, the 2D-3D point correspondence is not
needed, eliminating the need for computationally expensive routines such as RANSAC. While CNNs provide
robustness to illumination, the use of separate localization using the OD network further provides robustness
to scale variation [45].

When Type-1 and Type-2 learning-based pose estimation methods are compared, Type-2 methods show
superior accuracy performance [79]. This has also been noticed in a recent work [80], which notes that the
end-to-end or absolute pose regression methods "... tend to estimate the pose close to the training poses, in
regions where little training data is available". For this reason, these methods do not generalize very well
unless an ideal distribution of training data is available. This is a significant shortcoming in the use of such
end-to-end or absolute pose regression methods, due to training on synthetic images, lack of real images and
smaller sizes of training datasets in general.

An essential component in the implementation and verification of learning-based methods is the image
dataset for training and evaluation. Since training is a data driven process, the performance of CNN models
depend highly on the size and distribution of the data provided to the network during the training. Most exist-
ing works on learning-based pose estimation use the open-source SPEED benchmarking dataset from SLAB
introduced in [45] that contains close to 12000 labelled pose images of the Tango spacecraft of the PRISMA
mission in addition to 3000 evaluation images. However, SPEED is the only established dataset available.
Pasqualetto Cassinis et al [57] use a synthetic image dataset of the Envisat spacecraft to train a KD network.
The focus of all the past works has been purely oriented towards a single dataset with a fixed distribution.
Given the major relevance of data in deep learning algorithms, it is necessary that datasets of synthetic im-
ages be explored and more standard databases be established to identify knowledge gaps originating in the
data. Kisantal et al [79] also motivate creation of newer datasets in the future that reflect the gap between
syntheticity and reality for better training of learning-based methods.

Navigation

With a CNN-based pose estimation pipeline, the state estimator can be integrated in a loosely-coupled ar-
chitecture or a tightly coupled architecture shown in Fig. 2.8. A loosely-coupled estimator can be used with
Type-1 as well as Type-2 learning-based pose estimation architecture since the measurement input to the
estimator is in terms of pose. On the other hand, the tightly-coupled architecture can only be used with Type-
1 learning-based pose estimation architecture, as it utilizes keypoint information for tracking. This is not a
concern, as most prevalent approaches currently use Type-1 architecture.

From a navigation point-of-view there is limited analysis on integrating a CNN-based pose estimation
pipeline with a state estimator with analysis in [57, 61]. Further, uncertainty in the navigation loop is generally
not taken into account and a constant measurement covariance is used in the filter instead. As discussed in
Section 2.3.3, this can cause divergence in the state estimates during adverse visibility conditions. Pasqualetto
Cassinis et al. [62] propose a solution to quantify feature detection covariance from CNN heatmaps and sub-
sequently use CEPPnP [56] solver to produce better pose estimates and utilize a tightly-coupled EKE There is
a significant gap in the literature on the analysis of navigation using learning-base pose estimation pipeline.
Investigation of navigation and analyses on various scenarios are a critical necessity for assessing the poten-
tial of learning-based systems for reliable on-orbit operations.

2.6. Conclusions

The problem of monocular pose estimation and vision-based navigation around uncooperative spacecraft
has been thoroughly reviewed. Projecting the limitations and applicability constraints of the currently estab-
lished methods for reliable on-orbit operations, the scope of learning-based methods has been introduced
and motivated. The foundational aspects of CNNs and deep learning have also been reviewed to support the
reasoning behind the subsequent analyses.
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Framework Architecture Overview

Based on the existing approaches to pose estimation and navigation around an uncooperative target, a novel
navigation framework is proposed. The framework encompasses the elements, methods, and processes that
compose the navigation loop or support the development of individual components within the loop. In this
chapter, a high-level description and overview of the designed framework are presented. Distinctions are
made between the designed framework and the related works to broadly highlight the novelty and the scope
of contribution.
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Figure 3.1: Schematic of the designed framework architecture

3.1. Architectural Overview

On the framework level, a model-dependent Type-1 Learning-based architecture (see Table 2.4) is utilized.
Fig. 3.1 shows the overall framework architecture schematic providing the flow within the navigation loop and
distinction between various parts of the framework. CNNs are used to extract keypoints from the input im-
age in the CNN pipeline as opposed to traditional IP subsystems. Since the framework is model-dependent,
it requires a 3D wireframe model of the Target spacecraft with coordinates of pre-defined points in the body
frame. The CNNs are integrated with a pose solver to form the pose estimation pipeline. Unlike IP subsys-

27



28 3. Framework Architecture Overview

tems, CNNs identify specific keypoints in the image providing default detection correspondence. Hence, the
2D-3D data correspondence step is not required before the pose solver. The KD network also take occlu-
sion into account, enabling detection of hidden keypoints in the image. This provides a constant number of
keypoint coordinates in a pre-defined order. To leverage uncertainty in the loop, KD covariance is computed
from the detection heatmap outputs from the KD network. This is utilized by a covariant pose solver. The pose
solver uses the predicted keypoint coordinates from the CNNs, corresponding 3D body-frame coordinates,
and the keypoint covariances to estimate the 6D pose. A loosely-coupled estimator type is used, wherein the
state estimator is integrated serially after the pose solver. The state estimator uses pseudo-measurements of
pose provided by the pose solver and the covariance associated with the pose variables as the measurement
covariance. The state estimator estimates the pose and the linear and angular rates at the desired frequency
which may not be equal to the frequency at which the pose estimation pipeline can provide pose estimates.
Parts of the framework that external to the navigation loop include the image datasets that are used to train
or test the CNNs anas well as the 3D wireframe model of the spacecraft, which is utilized in the PnP solver.

CNN pipeline forms a crucial part of the navigation, tasked with extracting pre-defined keypoints from a
single 2D image. A separate spacecraft localization step is utilized with an Object Detection (OD) network,
which is then integrated into a Keypoint Detection (KD) network. The OD network provides a bounding box
that localizes the spacecraft or a part of the spacecraft in the image. The bounding box is then used to crop
an Rol of constant aspect ratio and resize it to match the input size of the KD network. Effective zoom availed
by Rol cropping provides scale robustness to allow accurate KD for a wide range of relative separation, in
which the spacecraft size in the image varies drastically. Further, the KD network is selected such that the
detections are represented with heatmaps rather than deterministic keypoint coordinates. The choice of this
specific CNN pipeline is inspired by a state-of-the-art top-down approach for the terrestrial Human Pose
Estimation problem [81] and reinforced by comparative performance analysis of spacecraft pose estimation
pipelines in Kisantal et al. [79]. The networks are trained using large-scale deep learning datasets containing
synthetic images of a representative rendering of the specific spacecraft. This work investigates selection,
configuration, training and evaluation of both the networks in Chapter 4 and 5.

Another salient aspect of the architecture is the quantification of uncertainty withing the loop, inspired
by Pasqualetto Cassinis et al. [57]. Using heatmaps from the KD step, the observation uncertainty is indirectly
quantified in the loop, unlike other approaches which assume constant accuracy of KD. This is used by the
covariant pose solver to accurately and robustly estimate the pose. Finally, the pose solver is integrated with
the state estimator in a loosely-coupled manner. The estimator takes in the covariance of the estimated pose
as the measurement covariance for filtering. The novelty in this part of the pipeline is in utilizing MLPnP
as the pose solver and enabling uncertainty preservation in a loosely-coupled state estimator. The MLPnP
solver is selected as it is the only available solver that utilizes observation uncertainty and implicitly allows
the computation of the pose uncertainty required for a loosely-coupled estimator, as discussed in Section
2.3.2. It may be possible to propagate the KD uncertainty to derive pose uncertainty while using other pose
solvers in the pipeline. However, the task is non-trivial as intermediate representations of uncertainty must
be derived for the space in which the solver frames the PnP problem, which may not be linear. A detailed
investigation of the MLPnP solver and the uncertainty propagation in the solver is presented in Chapter 7
and the state estimator design based on an Extended Kalman Filter is described in Chapter 8.

The framework is evaluated for two spacecraft cases- Tango from the PRISMA mission and Envisat, using
existing datasets. The image datasets of the Tango spacecraft in SPEED [82] are used for benchmarking and
validation, while the Envisat image dataset from Pasqualetto Cassinis et al. [57] is used for evaluation. Sub-
sequently, improvements are proposed to generate a new dataset for the Envisat target case. The new dataset
adds real Earth background and various image corruptions in the synthetic images to enable robustness in
the CNN pipeline to real conditions. The discussion on Datasets is detailed in Chapter 6. All the relevant
elements of the framework are subsequently evaluated and tested for various design choices. Further, the de-
sign, analyses, and results are constantly and consistently with the existing works in the literature to highlight
the contributions and distinctions from a global perspective,

3.2. Related Works

Sharma et al. [9] first proposed the use of CNNs for space-borne pose estimation. The initial approach was
based on using AlexNet [67], a legacy CNN by repurposing the classification network to classify 6-vector
discretized pose. Subsequently, Sharma and D’Amico [17, 45] proposed a novel pose architecture with a
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| Reference | OD | KD | Pose Solver | Uncertainty | State Estimator | Datasets \

Sharma and v’ X X X X SPEED, PRISMA

Damico flight imagery

[17, 45]

Park et al. vl Vv v’ X X SPEED (+TR)

[46]

Chen et al. vV v’ X X SPEED

(78]

Pasqualetto X | Vv v’ v’ tightly-coupled | Envisat-1

Cassinis et al.

(57]

R-NAV v |V v’ v’ loosely-coupled | Envisat-1,
SPEED,
Envisat+IC

Table 3.1: Comparison of architecture components with related works on learning-based approach to navigation around uncooperative
target. (+TR): Texture Randomized

branched CNN using a combined discrete-continuous approach. The first branch detects a 2D bounding
box that tightly contains the visible spacecraft in the image as a Rol. This Rol is elementary in significantly
reducing the effect of background contrast. The second branch uses the Rol to classify the image as one
of the attitude classes in discretized space, providing probability/confidence in all the attitude classes. The
closest class (high confidence) is chosen and fed to the third branch. The third branch then regresses the
pose estimate by assigning weights to each of the closest attitude classes found in branch 2. The relative
attitude estimated in branch 3 along with 2D bounding box coordinates in branch 1 is used to estimate the
distance using the Gauss-Newton algorithm. This is the state-of-the-art in end-to-end pose estimation us-
ing learning-based methods. Together, all the aforementioned approaches fall in to Type-2 learning-based
methods in 2.4.Park et al. [46] use OD and key point regression, followed by EPnP solver (Section 2.3.2) to
solve the PnP problem in an approach similar to the one proposed here. However, the key points are re-
gressed directly with coordinate representation in CNN, in contrast to the heatmap representation used in
this work. The pose estimation pipeline demonstrated high efficiency and improved robustness with a novel
texture randomized training procedure. Chen et al. [78], also used OD to first localize the spacecraft before
KD. HRNet [83] architecture is used to detect manually selected keypoints, emphasizing on the maintenance
of high-resolution representation in the CNN to improve pose estimation performance. The pipeline also
used PnP solver based on iterative solver Levenberg-Marquardt (LM) optimization to provide pose estima-
tion accuracy. However, the design of the pipeline used an ensemble of 6 networks for both object and KD
to augment accuracy performance, making it unsuitable for on-board deployment due to very high compu-
tation demand. In the aforementioned works, the analyses are limited to pose estimation pipeline and no
investigation is conducted on the state estimator.

Pasqualetto et al. [57] use a KD network to evaluate pose estimation on synthetic images of the En-
visat spacecraft. The aspect of quantifying uncertainty from keypoint heatmaps is proposed and used with
a CEPPnP solver to estimate relative pose, taking observation uncertainty into account. In contrast with
other works, a tightly-coupled MEKEF is utilized to conduct a navigation analysis on a V-bar trajectory of the
Envisat spacecraft. The work proposes aspects of robustness in the navigation loop to adverse operational
conditions by availing uncertainty information to the pose solver and the state estimator. However, the pose
estimation pipeline in the navigation loop is truncated and the OD step is not taken into account, with KD
analysis done on ideal Rol cropping in the image. Further, the synthetic image dataset (Envisat) used in the
work contains clean images of the spacecraft without artefacts, making it significantly less challenging and
less representative for assessing suitability for on-orbit operations. Among other approaches, different from
all the aforementioned works, Harvard et al. [61] re-purpose a classification CNN to predict the descriptor
vector, which is utilized in the IP-based feature extractor with a pose solver and a non-linear filter.

Table 3.1 summarizes a high-level comparison from an architecture/framework perspective of the similar
and relevant works. R-NAV identifies the framework/architecture designed in this work. Note that a broader
analysis is targeted for the navigation loop, in comparison to other works. Further distinctions and contribu-
tions in comparison to the existing works are clarified in the subsequent discussions, as necessary.






Object Detection Network

Object detection is a computer vision task of (identifying and) localizing a specified object in an image. A
detection in an image is most often characterized by a rectangular bounding box within the image that con-
tains the object entirely. OD is used for numerous applications from face detection in smartphone camera
applications to self-driving cars. While the range of applicability of OD is broad, for pose estimation using
deep learning, the OD step forms a crucial element of the top-down approach [81] for the detection of key-
points. The bounding box determined by an OD model is used to crop the Rol from the original image. The
KD network is then fed the cropped Rol, from which it detects the features. For monocular pose estimation in
space, OD is a crucial step as Rol cropping allows robustness to scale, variation, and background texture. Fig.
4.1 shows the visual comparison of two images fed to the KD network, with and without Rol cropping. Notice
that the spacecraft is visually more distinct and the background is less dominant for Rol cropping. Further,
the OD network can support multiple detections, making it modular to support other on-board tasks, such as
identifying and localizing a sub-component to grasp during servicing operations. Fig. 4.2 shows an example
of multiple detections for various parts of the spacecraft using OD.

Figure 4.1: A sample image from SPEED dataset of Tango spacecraft at a range of 19.8m, resized to match the input size (256px x 256pXx)
of the KD network with (a) Rol cropped with object detection, and (b) original image without Rol cropping

In this section, a brief overview of OD network architectures along with the aspects of training, testing,
evaluation metrics, and the reasoning behind design selection are presented. The primary objective of this
section is to present a summary of design selection for the localization of an uncooperative space-borne
target in the field of view. After a review of the currently available networks, the most suitable and employable
OD architecture is selected. The state-of-the-art OD architectures designed for terrestrial applications are
selected directly as the task of detecting and localizing a target in a space-borne image is considered less
challenging than in many terrestrial use-cases. This is because terrestrial images contain more objects, more
textures, and colors, occlusions, and other artefacts, on which OD networks have already shown success [84,
85]. Relatively, a space-borne image only contains variation in illumination and possible Earth textures in the
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Figure 4.2: Multi-object detection possibility demonstrated on a sample image from the SPEED dataset

background. Following the selection of OD network architecture, the configuration and implementation to
support successful training and testing of the network are outlined.

4.1. Network Architecture Selection

Modern object detectors rely on CNNs to achieve an unprecedented level of performance. The CNNs em-
ployed in these detection architectures solve two problems- regression of bounding box coordinates and clas-
sification of the object class. The object class refers to the name/identifier of the object, e.g: Envisat or Solar
Panel. CNNs for OD are composed of two essential parts- a 'backbone’, also called a base network or a fea-
ture extractor used for extracting generic hierarchical features in the image, and a 'head’, also called detection
head, used for regression of bounding box coordinates and classification of the object in the corresponding
bounding box.

The backbone is usually a set of initial convolutional layers of a standard image classifier, often pre-trained
on large datasets of natural images like ImageNet [66] or COCO [86]. The detection head is a custom network
that can use the features detected by the backbone to predict bounding box coordinates and object class.
The detection-head architectures can be classified into one-stage and two-stage architectures. A two-stage
detection-head uses sparse prediction with region proposals’ in the first stage. This stage proposes regions
in the image that might contain the object(s). The second stage performs the classification that individually
identifies the object(s) per proposal. A one-stage architecture, on the other hand, performs dense predic-
tions in a single-stage unifying the localization and classification parts of the problem. Fig. 4.3 shows the
composition of a modern OD network. Table 4.1 lists the common alternatives for each corresponding part
shown in Fig. 4.3. Notice the distinction between a one-stage and two-stage detection. The input is usually
an image, the blue volumes represent feature maps and the red boxes represent pixel region information.
Notice the presence of an additional Neck section. Some modern detectors [87, 88] introduce this intermedi-
ate layer structure between the backbone and the detection head that aggregates feature maps from multiple
detection stages (i.e. multiple scales).

It is evident that using the components shown in Fig. 4.3, the design, selection, and choice of the OD
network for an application remains subjective. Given the rapidly evolving object detection sub-field, it is
difficult to consistently compare one method to another. Most often, the works on detection architecture
produce benchmark results against other methods that are subjective to the choice of backbone, neck, and
detection head at the very least. The benchmark results are also meant for maximizing a metric, usually
a parameterized score representing accuracy/precision, for the standard challenge datasets [66, 86]. When
designing an object detector for a real-life embedded application, the choice of individual parts in an object
detector cannot entirely be judged from the benchmark results in the original works. To tackle this, Huang et
al. [90] use a constrained framework definition and evaluate the most common OD networks and underlying
architectures on a fair basis. Based on the inferences outline in [90] as a baseline, the selection of detection
head and backbone sub-networks is made.
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Figure 4.3: Composition of a CNN based OD network (adapted from [89])

Component || Alternatives \

Input Image, Patches and Image Pyramids

Backbone VGG16 [70], ResNet-50 [71], Inception [91], CSPResNeXt [92],
CSPDarkNet [92], MobileNet [93], EfficientNet [94]

Neck FPN [95], PAN [96], SPP [97]

Head Single-stage dense prediction : SSD [85], YOLO [98],

RetinaNet[99], FCOS [88], CenterNet [87]

Two-stage sparse prediction : Faster R-CNN [84], R-FCN
[100], Mask R-CNN [101]

Table 4.1: Most common component alternatives for an object detector design

4.1.1. Detection Head

Two-stage architectures

The most prominent two-stage networks belong to the Regions with CNN (R-CNN) family of architectures
[102]. The most recent evolution of R-CNN family is the "Faster R-CNN’ architecture [84] that achieves state-
of-the-art performance in terms of detection accuracy [36]. Fig. 4.4 shows the generic schematic the R-CNN
type detection heads. The feature map obtained from the backbone sub-network is fed to the Region Proposal
Network (RPN), which predicts the box proposals. The box proposals are generated using default boxes of
different scale, aspect ratios and at different location all over the image. These pre-defined default boxes
used for generating the proposals are often called anchor boxes. A proposal consists of coordinates of the
proposed bounding box and a corresponding score that represents the probability of presence of an object
in that box. In the second stage, n proposals are selected with n highest scores, where 7 is specified by the
designer. An Rol pooling converts the cropped feature map inputs of varying sizes to an output feature map of
fixed size in a way that prevents loss of information [103]. Then, the remaining layers use these feature maps
from the Rol pooling layer to classify the box into an object class or as the background (no object of interest).
The reader is encouraged to review the details of the architecture and design from the original paper [84].

One-stage architectures

The architectures that use one-stage detection head are broadly called single shot OD architectures. In con-
trast to the branched structure of two-stage architecture, single shot detectors compute box and object class
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"in a single shot" as opposed to "per proposal". Currently, the most prominent one-stage object detector
families are YOLO[98] and SSD [104]. SSD ! uses additional auxilliary network of convolutional and fully con-
nected layers, in decreasing size to extract feature maps at various scales. SSD uses anchor boxes similar to
the Faster R-CNN detection head to produce default set of boxes at each layer. Fig. 4.5 shows the architecture
of a SSD detection network. Detailed design of the convolutional layers and their sizing methodology can be
found in the original paper [85]. Another popular type of single shot detection is YOLO (You Only Look Once).
YOLO architecture has over times progressed closer to SSD detectors in terms of design and is not discussed
in detail here. Choice of either detectors is nearly equivalent as both facilitate significantly faster inference
with their optimal network design and sizing. The preference for SSD is justified multi-scale detection from
feature maps at various resolution, as shown in Fig. 4.5, which tends to improve its performance [85].

Comparison

In a consistent comparative framework [90] for speed-accuracy trade-off between SSD (one-stage) and Faster
R-CNN (two-stage), the following is observed:

1. Inference Speed : Meta-architectures with SSD detection heads on average need less computation than
Faster R-CNN detection heads.

2. Accuracy (mean average precision): Region proposal approach in Faster R-CNN is generally more ac-
curate than one-shot approach in SSD.

3. Performance Variation: Faster R-CNN can be made faster by limiting the number of proposals, and
SSD can be made more accurate with more anchor boxes and convolutional layers. However, due to
architectural constraints, the respective speed and accuracy sacrifices are significant and the afore-
mentioned observations (1 and 2) remain valid for optimal detector designs.

4. Backbone Network: For Faster R-CNN, there is a high correlation between classification accuracy of
the backbone (top 1% on Imagenet [66]) and the detection performance. SSD on the other hand is less

1Single Shot Detector is both the category of single stage architectures and a specific model architecture. To avoid confusion, acronym
SSD is used for the specific CNN architecture and the expanded form is used to refer to the category of one-stage architectures.
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] Convolution Operation || Parameters | FLOPs | ImageNet Accuracy
Standard convolution 29.3 Mn 4.9Bn 71.7%
Depth-wise separable convolutions 4.2Mn 0.6 Bn 70.6 %

Table 4.2: Comparison of MobileNet network architecture with standard convolution and depth-wise separable convolution on the
ImageNet benchmark

reliant on the classification accuracy of the base network. This is considered to be an advantage of
convolutional layers with multi-scale aggregation in SSD.

5. Object Size: SSD performs very well in detecting large objects in the image, often even outperforming
Faster R-CNN with a smaller (and thus faster) backbone sub-network. However, performance of SSD is
significantly worse on smaller and dense objects than Faster R-CNN.

6. Memory Usage: The use of larger backbone networks adds larger memory requirement. While for
the same backbone, SSD requires significantly less memory than Faster R-CNN. This is related to the
number of parameters of the different sub-networks in a detector.

Since the computation and memory constraints for execution on-board a spacecraft remain a primary
constraint for software models and algorithms, SSD is considered the most appropriate choice for the pose
estimation pipeline in this work. For the pose estimation pipeline used in this work, the small inaccuracy in
bounding box localization will not significantly reduce the performance of pose estimation. This is because
the PnP solver in the pose estimation pipeline needs a minimum number (generally between 4-6) of key-
points or more to estimate the pose. Therefore, if the bounding box excludes some part of the spacecraft, the
pose estimation is still expected work as desired, given reasonable accuracy of the KD network.

4.1.2. Backbone

The choice of the backbone is motivated by the desire to reduce the model size and therefore the mem-
ory usage and the execution time for object detection. Recall that the backbone sub-network for an object
detector is composed of several layers of a standard classification network. Most traditional classifiers like
VGG [72] , ResNet [71], Inception [91] use dense convolutions with tens of millions of parameters. Naturally,
these models are unsuitable for practical real-life application on an embedded system. For this purpose,
Howard et al. [93] proposed efficient mobile networks, called MobileNets that emphasize on lower latency
and memory usage at a minor loss of performance. MobileNets factorize the convolution operation into a
depth-wise convolution and a point-wise convolution operation on the feature maps, called a depth-wise
separable convolution. For the most commonly used convolutional kernel of size 3x3, the depth-wise sep-
arable convolution reduces parameters by a factor of 8 or 9. Table 4.2 shows a comparison of MobileNet
architecture that uses depth-wise separable convolutions to that of the same network using standard convo-
lutions. The reduction in the number of model parameters (equivalent to memory usage) and floating point
operations (equivalent to execution time) in using depth-wise separable convolutions is significant at a very
minor performance loss. In the subsequent version MobileNetv2 [105] and MobileNetv3 the architecture is
optimized for higher speed and accuracy. Howard et al. [106] design two optimal model architectures for Mo-
bileNetv3: MobileNetv3-Large and MobileNetv3-Small. Table 4.3 shows the comparison various MobileNets
with standard CNN architectures on ImageNet classification benchmark. The MobileNet model architectures
are significantly faster incurring lower FLOPs per forward pass as well as incur significantly less memory us-
age due to less number of parameters.

The choice of MobileNets for object detection is unambiguous for an embedded computer. Huang et al.
[90] show that MobileNet is consistently faster when used with SSD, in addition to performance results re-
sults provided in [93, 94, 105-107] for object detection with various benchmarks. Further, optimal scaling for
custom application can be MobileNets are already available for deployment on smartphones an microcon-
trollers and have been investigated for use with FPGA [108] and RISC [109]. Further, MobileNetv2 has also
utilized as a backbone for spacecraft pose estimation pipeline in Park et al. [46].

Given the benefit of depth-wise separable convolutions, Sandler et al. [105] optimize the SSD detection
head by using the same depth-wise separable convolutions to decrease the network parameters and FLOPs.
The modified detection head, proposed in is called SSDLite. The size and computational requirement of SS-
DLite are shown in Table 4.4, with comparison to original SSD. MobileNetv3-Large and MobileNetv3-Small
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Network Architecture || Parameters | FLOPs | ImageNet accuracy |

VGG-16 14.7 Mn 15.3Bn 71.0 %
Inception V3 21.8 Mn 5.7Bn 78.0 %
ResNet-50 26 Mn 4.1 Bn 76.0 %
Inception ResNet V2 54.4 Mn 13 Bn 80.4 %
MobilenetV1 4.2 Mn 0.5Bn 71.1 %
MobileNetV2 3.4 Mn 0.3 Bn 72.0 %
MobileNetV3 Large 5.4Mn 0.2Bn 75.2%
MobileNetV3 Small 2.4Mn 0.06 Bn 67.4 %

Table 4.3: Performance comparison of state-of-the-art classification architectures on ImageNet benchmark

Detection Head || Parameters | FLOPs
SSD 14.8 Mn 1.25 Bn
SSDLite 2.1 Mn 0.35Bn

Table 4.4: Size and computation reduction of SSD detection head with depth-wise separable convolutions

are selected as alternatives for the pose estimation pipeline. The choice of two network is motivated to per-
form a comparative analysis on the effect of size of the OD network for spacecraft pose estimation. The
selected object detection networks and their computational properties are summarized in 4.5.

Configuration H Backbone Detection Head | Parameters FLOPs
1 MobileNetV3-Large SSDLite 3.2Mn 0.5Bn %
2 MobileNetV3-Small SSDLite 2.4Mn 0.16 Bn %

Table 4.5: Summary of network size and computation requirement for the chosen object detectors

4.2, Configuration

Given a model architecture for object detection, it is necessary to configure the various higher level elements
of the network that specify and tune the training and inference process for effective performance. The config-
uration closely follows the work in [85] with modest differences. The configuration is specified witha . config
file ? that can be interpreted by Tensorflow, discussed in Section 4.3.

4.2.1. Box Encoding

A bounding box in an image can intuitively be represented by 4 parameters. It is common to use one of -
centroid (x¢, Y¢) Whoxs Ppox), COTNET (Xmin, Ymin» Xmax» Ymax) O MinmMax (Xmin, Xmax» Ymin» Ymax) T€Presen-
tations in accordance with parameters visualized in Fig. 4.7. While these representations are easy to interpret,
the modern box detectors like SSD do not use such representations. Remember that the SSD/SSDLite net-
work uses anchor boxes of various aspect ratios at each feature map cell to predict bounding boxes. The
anchor boxes are a set of default boxes that are used at each feature map cell in a layer. During Training, a
ground truth box is provided to the network and matched with a default box at a certain feature map loca-
tion, scale and aspect ratio, based on a similarity metric (discussed below). Fig. 4.7 visualizes anchor boxes
on a 8x8 map grid for an example image. The green anchor boxes indicate positive matches while red ones
indicate negative matches. This is then used to learn the weights of convolution filters that predict the off-
sets (center, height and width) of the fixed anchor boxes at each feature map cell from the ground truth box.
Consequently, these offsets are used to optimize the regression loss function. In order to facilitate this, it is
helpful to encode the bounding box information with a representation that ensures stability and efficiency
during training.

To this extent the Faster R-CNN box encoding, originally proposed in [102] and used in [84, 85], is utilized.
Consider a centroid representation of the ground truth bounding box (x, y, w, h), with subscripts removed for

2A sample configuration file is provided in Appendix C
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Figure 4.6: Object Detector: Overall Architecture
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Figure 4.7: Visualization of bounding box around the (Tango) spacecraft and the representation parameters

clarity, and of an anchor box (x4, a4, Wa, ha). The 4-vector encoded box representation, tyox = [ fx, ty, tw, thl,
is given as following:
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Figure 4.8: Visualization of arbitrary anchor boxes at a specific cell (right) and matching with the ground truth box (left) in a 8x8 feature
map
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4.2.2. Anchor boxes generation

In order to allow detection of the spacecraft effectively over larger range of separation, it is essential to have
anchor boxes that can detect at respective sizes accurately in the feature maps. To that effect, the anchor
boxes can be configured using the scale and aspect ratio parameters. The default boxes are used in 6 layers,
i.e. over feature maps of 6 different scales between 0.2 and 0.95 times the size of the original image. For a each
of the feature map cells at those scales, 5 boxes are generated of aspect ratios (1, 2, 3, 1/2, 1/3). Each aspect
ratio relates to the size of the feature cell, which in turn relates to the original image, depending on the scale
of the layer. The network learns to predict a 5-vector comprising of 4 localization parameters (Eq. 4.1) and an
additional classification parameter (p.), the class probability of the object inside the box. For instance, the
object detection on SPEED and/or Envisat datasets learn to predict the probability of the pixel array inside
the bounding box containing the Tango and Envisat spacecraft respectively.

4.2.3. Similarity and Matching

Given a encoded ground truth box (ty,,) and a predicted box (t; ), the similarity is calculated using the
Intersection-over-Union (IoU) metric. For an area of the ground truth box (A) and that of the predicted box
(A*), the IoU is given as:

IoU = —— (4.2)

The matching of the ground truth box to an anchor box is required to learn the weights of kernels that
predict anchor box offsets. This is done using argmax matcher, where a detection is flagged positive if the
similarity is greater than a certain threshold and negative otherwise. The similarity threshold for the matcher
is setat 0.5 IoU.

4.2.4. Loss Functions

For the localization loss that penalizes the difference between predicted and true bounding box coordinates,
aweighted smooth-L1 function is used which is more robust to outliers than the L2 loss [103]. The smooth-L1
(sL1) function is given as

0.5 x2 if x| <1
sL1(x) = ] (4.3)
x| —05 if |x|] =1

The localization loss based on smooth-L1 function is then defined as following:

Lipe = Z sL1||t; — t;” (4.4)

1

where, t; and t] represent the 4-vector encoded bounding box representation of ground truth and predicted
boxes respectively and i represents a box evaluation per anchor box. Other localization loss functions like L2
and weighted IoU losses were sensitive to diverge without excessive hyperparameter tuning.

For the classification loss that penalizes the wrong class detection for the object inside a bounding box, a
sigmoid focal loss function [102] is used. Generally, the classification loss is taken into account, considering
the more general use of object detector to localize and recognise specific parts of the spacecraft as shown in
Fig. 4.2. However, in case of a single object, the classification is done between the object (spacecraft) and
the background i.e. whether the part of the image inside contains the spacecraft or the background. The
sigmoid focal loss is chosen as demonstrates significant improvement for one-stage detection. The weighted
sigmoid focal loss is given in terms of a tunable focusing parameter (y), the balance factor (a) and the class
probabilities predicted by the detection head classifier layers (p.;) as:

Leis = ) —a - p2)Y log(p:,) (4.5)

1

where, i is the evaluation index per anchor box evaluation and p* is defined as:

(4.6)

N p if true class
-

1-p iffalseclass
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Figure 4.9: Cosine decay learning rate variation with warm-up

While a and y are tunable parameters, an investigation on these parameters was considered out of scope
and working values used on COCO dataset were adapted with @ = 0.75and y = 0.2.

The total loss (L) is computed as the weighted sum of classification and localization loss:

1
L= N (Lioe + Werp Lets) 4.7)

where, N is the number of matched anchor boxes and w,,; is the ratio of weights of classification loss to
the localization loss. As a default, the weight ratio, w,,; is set to 1.

4.2.5. Training and Evaluation

The training is done with mini-batches of 64 images each from the training set. The weights or parameters of
the network are updated using mini-batch gradient descent with a momentum term. The momentum term
is a proportional term added to the update along the gradient, expressed in a general form in Eq. 4.8 for
an update of weights (w) of the network at a step k, to minimize the parameterized loss function (L). The
update of weights corresponding to a mini-batch is called a step (or global step). The momentum term adds
dependence of the weights update at the (k — 1)/ step on the weights update at the k' step, scaled with a
momentum parameter (p). Adding a momentum term has been shown to reduce the oscillations and achieve
faster convergence in stochastic gradient descent in neural networks [110, 111].

owp = —aVy Lw) + podwy_ (4.8)

Recall from Chapter 2, that a in Eq. 4.8 is the learning rate. While learning rate can be set to a constant
value, the training is more effective with a variable learning rate that reduces over time. This facilitates better
convergence by allowing larger weight updates at the beginning of the training and finer adjustments as it
progresses further. A cosine decay is applied to the learning rate with a gradual linear warmup. The learning
rate warmup is effective method to maintain stability of training during the initial steps when large weight
changes are made. Proposed by Goyal et al. [112], the warmup uses a linear increase to model the initial
learning steps until the peak after which, the learning rate follows a cosine decay. Fig. 4.9 shows a representa-
tive cosine decay of learning rate with 2000 step warm-up from 0.133 to the base learning rate of 0.2, followed
by the cosine decay until 100,000 steps. A base learning rate of 1e-3 is found to be a good starting point for
most training routines.

4.2.6. Data Augmentation

As highlighted in Section 2.4, data augmentation techniques are crucial to improve robustness of CNNs dur-
ing learning. A set of data augmentation techniques is embedded in the training that is aimed at improving
the generalization of the model to scenarios not seen in the original training set. For object detection net-
work, the data augmentations included in the training are listed in Table 5.2. The data is classified into affine
augmentations (DA-0) and pixel-level augmentations (DA-1). In addition to brightness and contrast varia-
tion, DA-1 group also includes a random erase augmentation proposed by Zhong et al. [113] that improves
box detection by enabling the network to identify an object, that may be occluded.
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| Type | Dataaugmentation | Value | Probability| Description \

Random scaling 0.5 0.6 Randomly scale the images with a random scale
DA-0 factor between [-0.5, 0.5].
Random  rotation | 90 0.6 Randomly rotate the images by a random angle
(deg) between [-90, 90] degrees in the image plane.
Random flip True - Randomly flip the images left-to-right.
Random brightness | 0.5 0.9 Randomly change the brightness by a factor be-
DA-1 tween [-0.5, 0.5].
Random contrast 0.5 0.9 Randomly change the brightness by a factor be-
tween [-0.5, 0.5].
Random Erase [113] | True 0.3 Randomly erase (replace with black pixels) part
of the images.

Table 4.6: Training data augmentations. DA-0: affine Augmentation, DA-1: pixel-level augmentations

Figure 4.10: Ground truth box (left) and boxes inferred by the network (right) on a sample SPEED image of the Tango spacecraft

4.2.7. Inference

Once a trained model is ready, it can be put to the task of detecting the spacecraft in an image, that the net-
work might not have seen before. In the absence of information about the ground truth boxes, the network
needs to find a single bounding box per object. However, the network can produce several boxes that con-
tain the spacecraft similar to the mis-detections visualized in Fig. 4.10. Since the network cannot use ground
truth reference, it must be able to find one box per object. This is done using the Non-Maximum Suppression
(NMS) algorithm. The NMS algorithm filters boxes of the same class (e.g. spacecraft) such that all the boxes
that have a high IoU are assumed to be detecting the same object multiple times. Therefore, the box corre-
sponding to the highest class probability and all the boxes that have IoUs greater than a threshold value are
suppressed, ideally resulting in a single box detection per object. The IoU threshold for non-max suppression
is fixed at 0.6.

4.2.8. Evaluation Metrics

To assess the accuracy of bounding box regression on an image, the IoU metric is used to indicate the similar-
ity between the true bounding box and the predicted bounding box. The IoU is given by Eq. 4.2 and visualized
as shown in Fig. 4.11. For multiple images, the statistical assessment of the performance is done with mean
and median of the IoU over all the images.
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Figure 4.11: Visualization of IoU metric

4.2.9. Miscellaneous

Apart from the aforementioned elements and hyperparameters, there are several others that make up the
full configuration of the detection network. These include network activation function, convolutional kernel
sizes, regularization, weight initialization and batch normalization. However, these are critical parameters
that relate to the sub-network architectures (SSDLite and MobileNetv3). Therefore, the optimal design values
of those parameters are directly taken from [106].

4.3. Implementation

The object detection network is implemented in Tensorflow [114], an open-source machine learning platform
built and maintained by Google Brain. Specifically, the Tensorflow object detection API ® released with [90], is
used. Tensorflow object detection API facilitates a consistent implementation and quick realization of object
detection models in Python. Moreover, the models built and trained with Tensorflow APIs interface rapidly
with multiple tools and across variety of hardware devices including most CPU, GPU and TPU architectures
on phones and computers as well as microcontrollers and other embedded devices.

Fig. 4.12 shows the implementation schematic with the data pipeline established to carry out the training
and evaluation. The network training is done on Nvidia Tesla P100-PCIE-16GB GPU made available through
IPython notebook interface in Google Colaboratory (Colab) 4. The data is synced between the local computer
and the Colab server through Google Drive connection. A successful training results in a trained model along
with meta-data and training logs. The trained model can then be used/deployed across machines with Ten-
sorflow support to execute inference and batch evaluations. For this purpose, a Tensorflow environment is
also maintained in a python environment on the local machine which is used with Nvidia P1000-Quadro-
8GB GPU and Intel core i7-8750H CPU. The trained model is deployed on the local machine for small-scale
inference, testing and benchmarking.

The modified code-base with the necessary files that adapts the interface to the Tensorflow Object Detec-
tion API for spacecraft pose estimation research in this work, are made available °® by the author.

4.4. Conclusions

The selection, design review and configuration of an OD network has been presented. After rigorous compar-
ison, the network architecture with MobileNetv3 backbone and SSDLite detection head is chosen. Two candi-
date networks are selected for evaluation in the pose estimation pipeline. Further, the configuration and im-
plementation of network training, information encoding, data augmentations and evaluation metrics used in
developing the object detection models are summarized. The selected OD networks: SSDLite-MNetv3-large
and SSDLite-MNetv3-small are taken forward for the navigation framework testing and evaluation.

3https://github.com/tensorflow/models/tree/master/research/object_detection
4https://colab.research.google.com
Shttps://github.com/kuldeepbrdl/models
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Keypoint detection is a computer vision task of localizing and identifying the points of interest or ’keypoints’
in an image. Traditional keypoint detectors use descriptor-based image processing algorithms that lack ro-
bustness to variation of operational conditions as noted in Section 2.3.1. Recently, CNNs have become a
popular alternative for challenging KD tasks like Human Pose Estimation (HPE) that have driven innovation
in state-of-the-art KD methods. HPE concerns the detection of essential points (knees, elbows, shoulders,
etc) on a generic human body from an RGB image. For HPE, the human pose is a representation of relative
positions of the body keypoints (joints) with a simplistic skeleton (links) that finds its application in activ-
ity recognition, robot motion learning, sports injury prediction, and automated sign-language translation
among others. The success of CNN models stems from their ability to generalize the detection of keypoints
on humans of varying sizes and in presence of variations in color and other artefacts. This chapter motivates
the adaptation of a state-of-the-art deep learning model and the underlying methods used in HPE, to tackle
the problem of keypoints detection for robust spacecraft pose estimation.

The problem of KD in the selected pose estimation architecture is to predict the coordinates of k pre-
defined keypoints on the spacecraft surface from a 2D image of size wy x hi. In contrast, the pose in HPE
problem refers to the relative positions of joints and links for a non-rigid human body with links that can
move relative to each other. Despite the difference in the abstraction of pose and the rigidity, both prob-
lems boil down to detecting pre-defined keypoints. Figure 5.1 visualizes detected keypoints in humans and
spacecraft use-cases. A quality of modern KD networks is that they also learn to identify keypoints that are
not explicitly visible, by learning inherent spatial representation from the provided training examples [115].
This can be noticed in the occluded joints detected in Fig. 5.1. To estimate keypoint coordinates, the state-
of-the-art KD networks use a confidence map representation rather than a direct keypoint coordinate vector.
A confidence map provides pixel-wise pseudo-likelihood of the keypoint location being in that pixel. Such
a map is also called a heatmap. An ideal heatmap is a distribution (e.g. Gaussian) around the true keypoint

@) (®) (©

Figure 5.1: Visualization of Keypoint and Skeleton representation for (a) Humans (b) Tango spacecraft (c) Envisat spacecraft
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Figure 5.2: Visualization of keypoint prediction heatmaps (a) bad detections (b) imprecise detections (b) precise detections
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Figure 5.3: Network architecture for hourglass like KD network architectures [121]

location. The task of the network is to effectively regress the per-pixel confidence value from the the input im-
age, for each of the pre-defined keypoints. Fig. 5.2 shows examples of heatmap outputs from the KD network.
The heatmap representation [116] with spatial likelihood information adds keypoint position ambiguity that
improves generalization of keypoint predictions. Szegedy et al. [117] show that this spatial ambiguity in the
heatmap representation improves generalization and adaptability of the CNN models, in contrast to the di-
rect regression of keypoint coordinates. Further, using a heatmap representation means that the CNN learns
an image-to-image mapping that is tied by location, which increases explainability of the CNN models by re-
vealing where the CNN focuses on in an image. The keypoint coordinates can be extracted from the heatmap
with simple decoding techniques [118]. To quantify uncertainty from heatmaps of the detections, the tech-
nique from [57] can be used.

5.1. Network Architecture Selection

Unlike object detection network, KD networks are not aggregated into commonly accepted architectures and
components. The progress in KD (a.k.a human pose estimation) has undergone constant improvement and
several architectures [101, 118-122] have been proposed with widely varying building blocks.

Hourglass [118], an early state-of-the-art architecture uses repeated down and up sampling in stages for
KD. It uses pooling layers to down sample and skip-connections between up and down sampling halves to
aggregate multi-scale feature maps. This is shown in Fig. 5.3. The hourglass architecture suffers from a num-
ber of limitations, that have been noted in the subsequent works and improved upon. The original stacked
hourglass models (8-staged) is determined to be redundant and computationally inefficient for the corre-
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Figure 5.4: HRNet main body architecture with parallel 4 resolution branches and multi-resolution fusion across branches of feature
maps

sponding performance [123], resulting in networks that have high computational (FLOPs) demand per for-
ward pass. Further, Hourglass single-stage module is not optimally designed according to the established de-
sign practices for modern CNNs, and stacking above two stages results in significantly low performance gain
[124]. Further, Models based on stacked (multi-stage) hourglass architecture are drastically outperformed
by single-stage models on the more challenging COCO [86] benchmarking dataset. Further, the use of pool-
ing layers in the architecture and repeated up and down sampling results in loss of information that limits
the architecture’s performance capability. Cascaded Pyramid Network (CPN) [119], the subsequent state-
of-the-art method uses a similar U-shape high-to-low and low-to-high sampling, but is inspired by the best
design practices from Feature Pyramid Network (FPN) [95]. CPN architecture is composed of a ResNet [71]
inspired sub-network that downsamples the feature maps, followed by a refinement sub-network with bot-
tleneck layers that creates a parallel upsampling to recover a pyramid of feature maps. The feature maps in
the pyramid are concatenated to compute the final heatmap output. With these components, CPN adapts
best practices to improve the efficiency and performance of the hourglass-like network structure for pose es-
timation. More recently, Xiao et al. [121] propose the use of deconvolution (transposed convolution [125])
layers and investigate a baseline design for effective pose estimation architectures. Following the baseline, the
designed networks with ResNet backbone improve over both Hourglass and CPN. Despite the performance
and computational efficiency, the network sizes are significantly high. The symbolic visualization of all the
architectures is shown in Fig. 5.3.

The main challenge associated with KD problem using heatmaps, is the need to recover the spatial res-
olution required for the output heatmap. Since most CNNs consistently reduce the resolution of the feature
maps to infer patterns in the image at the lower levels, the resolution recovery is a crucial part of the KD
performance. So far, the architectures discussed here decrease the resolution and subsequently recover res-
olution through upsampling. Sun et al. [122, 126] propose a radically new architecture that emphasizes on
maintaining high resolution through out the network. The proposed High Resolution Network (HRNet) archi-
tecture remains! the state-of-the-art performance on COCO [86]. HRNet uses parallel sub-networks across
multiple resolutions rather than commonly used multi-resolution serial stages, as shown in 5.4. Further, it
uses persistent multi-scale fusion within the network to improve the high resolution maps from the lower res-
olution maps. This maintains a rich feature representation and improves the heatmap precision facilitating a
more accurate KD. For a consistent comparison with other architectures, the results of COCO validation sets
for a constant input size of 256 x 192, are reported in Table 5.1. Refer to Lin et al. [86] for the description of the
average precision metric used for benchmarking. Notice that Hourglass is highly inefficient in computation
with the highest FLOPs requirement per forward pass, while having the worst performance. CPN is efficient
in terms of computation with comparable number of parameters, but remains only marginally better in per-
formance than 8-stage Hourglass. SimpleBaselines has a high computational efficiency and performance but
has a larger model size, therefore higher memory requirement. HRNet-W32, the smaller network with com-
parable parameters as CPN and Hourglass shows a large margin of performance gain while being computa-
tionally efficient in terms of FLOPs. As a result of its performance efficiency, HRNet architecture is expected to
be more suitable when scaled down for embedded devices that have lower computational capabilities. Given
the design and performance superiority of HRNet, it is selected as the KD network in this work.

Recall that the base networks in object detection were radically improved (parameters and FLOPs) after
replacing the standard convolution layers with depth-wise separable convolutions, residual bottleneck lay-
ers and squeeze and excitation layers. The scope of optimizing the HRNet architecture with these elements
further reinforces the potential of HRNet, as the parameter and FLOPs counts are expected to reduce signifi-

1The current state-of-the-art on COCO is DarkPose [127] that uses HRNet-W48 for detection with modifications being only in the key-
point decoding step.
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] Network Architecture H Parameters (Mn) \ FLOPs (Bn) \ Average Precision

Hourglass (8-stage) 25.1 Mn 19.5Bn 67.1
CPN (ResNet-50) 27.0 Mn 6.2 Bn 68.6
SimpleBaseline (ResNet-50) 34 Mn 8.9 Bn 70.4
SimpleBaseline (ResNet-101) 53 Mn 12.4 Bn 71.4
HRNet-W32 28.5 Mn 7.1 Bn 74.4
HRNet-W48 63.6 Mn 32.9Bn 76.3

Table 5.1: Performance comparison of state-of-the-art KD networks on COCO benchmark (validation set with image size: 256 x 192)
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Figure 5.5: HRNet Visualization: (a) blocks with parallel convolution (residual) units and multi-resolution fusion (b)representation of
exchange units used for fusing multiple resolutions[126]

cantly. Since HRNet and most other KD architectures are very recent, this aspect of deployment optimization
for mobile devices hasn't been explored yet.

5.1.1. HRNet

HRNet architecture features sub-networks aligned parallel to each other with respective resolution streams.
Each parallel network operates on feature maps of the same resolution and feature maps are repeatedly fused
with higher and lower resolution streams between the parallel subnetworks. These elements allow HRNet to
maintain high spatial accuracy of the feature maps through out the network and result in heatmaps that allow
a more accurate KD. The visualization of HRNet architecture is shown in Fig. 5.4.

The architecture is composed of sub-networks, both parallel and serial. A group of parallel sub-networks
across resolution streams is called a stage and the group of serial sub-networks along a resolution stream, a
branch. A subnetwork at s*” stage and processing feature maps at ' resolution branch can be denoted by
Hsr. Then, the network structure of HRNet is constituted by adding one lower resolution sub-network, on
the subsequent stage. For example, a 4-stage 4-resolution network structure is shown below. Note that Fig.
5.4 shows a similar representative structure, but it is visualized with feature maps.

M = M - M = My
- N - N - M

— M3z — N3

— My

Each stage consists of blocks (shaded blue in Fig. 5.4, each of which contain a group of parallel convo-
lutions called residual units, and a multi-resolution fusion unit as shown in 5.5. Each parallel residual unit
is composed of two sets, each comprising of a 3x3 convolution layer, a batch normalization layer and an
activation (ReLU) layer. The multi resolution fusion is done by using: (a) a 3x3 convolution (+Batch Normal-
ization) for the feature map at the same resolution, (b) a 2-strided 3x3 convolution (+Batch Normalization) for
down-sampling the feature map at the higher resolution, and (c) a 1x1 convolution (+Batch Normalization)
followed by a nearest-neighbour upsampling. Further, in each downward branch, the resolution is halved
and the channels (convolution kernels) are doubled. Finally, the output heatmaps are the obtained from the
highest resolution branch of the last stage at the end of the last block, using a final convolution layer.

The elements discussed above make up the main body, which processes the inputs and produces output
maps of the same size. This size of the feature maps along the network is fixed to 1/4th of the input image for
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optimal cost-performance. A small stem subnetwork is added at the beginning, which pre-process the image
and feeds the feature maps of compatible size to the HRNet main body.

Sun et al. [122] use this architecture to construct two networks HRNet-W32 and HRNet-W48, where num-
bers denote the channels in the first stage. As a baseline, HRNet-W32 is used in this work, given it’s smaller
size and effective performance on SPEED dataset in [78]. It consists of a first stage with 4 ResNet-like residual
bottlenecks, followed by second stage with one block, the third stage with 4 blocks and the fourth stage with 3
blocks. HRNet-W32 uses 32,64,128 and 256 channels from highest to lowest resolution parallel sub-networks.
In contrast, HRNet-W48 uses 48, 96, 192 and 384 channels. While HRNet-W32 is selected as the baseline
network, the parameter count and FLOPs are considered fairly high for an embedded deployment onboard a
spacecraft. Therefore, new downsized networks HRNet-small and HRNet-smaller are introduced in this work
for comparison. This is discussed further in the following section.

5.2. Configuration

Given the model architecture, the configuration needed to specify and tune the aspects of training and infer-
ence process is discussed. The configration closely follows the the one from the pipeline in Sun et al. [122]
applied to the COCO dataset and some elements from Chen et al. [78] applied to the SPEED dataset. The
configuration is specified with a . yaml file ? that can be interpreted by PyTorch, the library in which HRNet
architecture is available from [128].

5.2.1. Input, Output and Target Generation

The input to the KD network is the predicted ROI in the original image, cropped and resized to a fixed input
size of the network. Since, input image size affects the computation requirement (FLOPs), the input size of the
network is specified as 256 x 256, as a balance between performance and computation requirement. When
the Rol is cropped and resized to the input size, the scaling parameters (center and scale) are preserved in a
data structure outside the network.

For a network detecting k keypoints for an image input of size w x h, the output of the network is k
heatmaps of size 7 x %. For the input size specified above, the output heatmaps are of size 64 x 64. This
is a common practice adapted in KD [118, 119, 122, 126] for computational efficiency. The keypoint coordi-
nates on the input image are predicted from the corresponding heatmap and re-projected back to the original
image using the scaling parameters preserved during input generation.

As discussed eatrlier, the network uses heatmap representation to express detection. Consequently during
training, the true keypoint coordinates cannot be provided directly to the network as a training example.
Instead, the true keypoint coordinates are encoded into k target heatmaps with a Gaussian distribution of
confidence around the true keypoint location. In this work, the target maps are generated with a standard
deviation of 2 pixels.

5.2.2. Loss Function

During training, the network uses the target heatmaps and the predicted heatmaps to compute the loss. For
the heatmap representation, a simple mean squared error (MSE) is generally used [117, 122] for per-pixel
confidence values between the predicted and the target heatmap. Given k target heatmaps and the corre-
sponding heatmaps predicted by the network, the loss function is given as:

_1 ) __ )
L_E;Lh ; Lh_mn;j(c,, cl-j) + (5.1)

where, ¢;; is the target confidence and c; i is the predicted confidence for a pixel at location (i, j) in the
heatmap of size m x n.

5.2.3. Training and Evaluation

The training is done with mini-batches of 32 images each from the training set. Evaluation is done on the
validation set after each training epoch. The training epoch signifies one complete training iteration of all

2A sample configuration file is provided in Appendix C
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| Type | Dataaugmentation | Value | Probability| Description \

Random scaling 0.5 0.6 Randomly scale the images with a random scale
DA-0 factor between [-0.5, 0.5].
Random  rotation | 90 0.6 Randomly rotate the images by a random angle
(deg) between [-90, 90] degrees in the image plane.
Random flip True 0.5 Randomly flip the images left-to-right.
DA-1 Random brightness | 0.5 0.9 Randomly change the brightness by a factor be-
tween [-0.5, 0.5].
Random contrast 0.5 0.9 Randomly change the brightness by a factor be-
tween [-0.5, 0.5].

Table 5.2: Training data augmentations. DA-0: affine Augmentation, DA-1: pixel-level augmentations

the mini-batches. For every batch, the weights or parameters of the network are updated using the Adam
optimizer [129]. Adam is an adaptive optimizer and a common choice of optimizer for large and deep net-
work due to its computational and memory efficiency over other stochastic gradient descent methods. Adam
associates first-order gradients of the loss function to adaptive moment vectors that scale the learning rate to
individual weight parameter. The update rule for Adam algorithm can be written as:

owy = —a _ e (5.2)

Vi +e

, where « is the learning rate as usual. m; and ¥} are two bias corrected moment vectors that adapt the
gradients g for the weight update, subject to constant hyper parameters 8, f2 and €. The moments are
defined as the following.

. my
my = 7> M= fimgy + (1-Pgk
1-p67
. Vi
A s Ve = Povier + (1-Bo)g;
1-p65

8k = Vw L(W)

The values of hyperparameters are taken from [129]: f; = 0.9, 2 = 0.99 and € = 1e —8. The learning
rate (a) is The base learning rate is set to @ = 1e — 3 and is scheduled to step down by a factor of 10 using a
multi-step schedule at 100 and 150 epochs, as suggested in [122]. The network is trained upto 180 epochs
unless the validation loss is found to saturate.

Generally, transfer learning [130] is used to initialize training with parameter weights from a network
pretrained on the benchmark ImageNet [66] dataset. While utilization of transfer learning is helpful and has
shown to provide a minor performance boost to HRNets [83, 122], pretrained models are available only for
the standard HRNet-W32 network. For the custom down-scaled networks introduced in Section 5.2.5, pre-
training on ImageNet is not in the scope of this work due to its intensive resource demand and less relevance
to the research objectives. For HRNet-W32, the experiments in Section 9.2 are marked appropriately to reflect
if a pre-trained network is used.

5.2.4. Data Augmentation

These augmentations are applied during training time and are applied randomly, similar to object detection,
described in Section 4.2. The data augmentations used during training are listed in Table 5.2. For affine
augmentations, the true keypoint coordinates for the training are simultaneously transformed using the same
transformation during training time. The target heatmaps are then generated from transformed keypoint
coordinates and fed to the network for training.

5.2.5. Network Scaling

As discussed earlier, the HRNet-W32 network is selected as the baseline network for this work. In addition,
two scaled down versions of HRNet architecture are introduced. These are called HRNet-small and HRNet-
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Network Branches| Blocks Residual units | Channels Parameters | FLOPs
per stage | per block

HRNet-W32 4 [-, 1,4,3] 4 [32, 64, 128, 256] 28.5 Mn 9.5Bn

HRNet-small 4 [ 1,1,1] 2 [32, 64, 128, 256] 5.2Mn 3.0Bn

HRNet-smaller || 4 [, 1,1,1] 2 [16, 32, 64, 128] 1.6 Mn 1.8 Bn

Table 5.3: Comparison of HRNet-W32 network with scaled down versions HRNet-small and HRNet-smaller, introduced in this work
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Figure 5.6: Visualization of quantization effect in a heatmap representation with one-fourth input resolution. (a) shows the keypoint
shift in the target heatmap as a result of encoding and (b) shows the sub-pixel shift used to compensate the keypoint prediction from the
output heatmap

smaller, to avoid any more non-trivial acronyms. HRNet small is constructed by modifying HRNet to only
have 1 residual units 2 blocks per stage. Further, HRNet smaller is conceived by halving the number of chan-
nels (convolution kernels) in each stage of HRNet-small. The scaled down versions are used evaluate their
performance and robustness on spacecraft pose estimation datasets, which ted to be less challenging than
the benchmark datasets like COCO [86]. The original codebase 3 allows seamless configuration of these new
networks. Table 5.3 summarizes the new scaled networks with basline HRNet-W32 network from Sun et al.
[122]. Refer to Section 5.1.1 for the definition of specified HRNet architectural elements.

5.2.6. Inference

One a model is trained the weights of the parameters are saved in a model file. The trained model can then
be put to the task of KD. During inference, it processes the image through the network and provides a tensor
with n heatmaps corresponding to the predefined keypoints. Recall that, the coordinates are encoded into
heatmap representation in the network. So, the predicted keypoint coordinates are obtained by decoding
the heatmap representation. Ideally, the output heatmaps are expected to have Gaussian distribution for
confidence, as provided during the training. The keypoint coordinates can then directly be determined from
the heatmap using the pixel location with highest value.

Recall that the heatmap representation in the network is kept at one-fourth of the size of the original
image for speed-accuracy balance. In doing so, the encoding process quantizes the keypoint coordinates.
When the keypoint location is projected back on the input image, the quantization results in an undesirable
error in the keypoint coordinates. To compensate for this effect, a post-processing technique using sub-pixel
shifting is used from Newell et al. [118]. The sub-pixel shift provides a considerable improvement to the
overall performance as shown by Zhang et al. [127]. This is visualized in Fig. 5.6. A quarter-pixel shift is made
from the center of the highest value pixel, in the direction of the second highest value pixel in the heatmap.
The shift is expressed as following:

Po2 — Po1
[IPo2 — po1ll

where ps, is a 2-dimensional coordinates of the shifted keypoint and pg; and pg, are the pixel coordinates
with the highest and second highest confidence in the predict heatmap respectively.

pPs = po1 + 0.25 (5.3)

At inference time, a dataset of results is stored with predicted heatmaps (confidence map scaled to 8-bit
color resolution) , refined keypoints and confidence scores of each prediction.

3https://github.com/leoxiaobin/deep-high-resolution-net.pytorch
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5.2.7. Evaluation Metrics

A model is evaluated only based on the statistics of the keypoint location error between the predicted and
true keypoint coordinates.

Erp = |Ix' = x|

For human pose estimation, metrics like Percentage of Correct Keypoints [131] and Object Keypoint Sim-
ilarity [86] are generally used. However, their adaptation, utility and relevance to spacecraft pose estimation
were not investigated.

5.3. Implementation

The keypoint detection network is implemented in PyTorch [132], an open-source machine learning platform
built and maintained by Facebook Al Research. PyTorch is used as the original API * for HRNet architecture is
compatible with PyTorch. Since development of cross-platform compatibility is not in the scope of this work,
the HRNet implementation was adapted for spacecraft pose estimation to use PyTorch. Fig. 4.12 shows the
implementation schematic with the data pipeline established to carry out the training and evaluation. The
network training is done on Nvidia Tesla P100-PCIE-16GB GPU made available through IPython notebook in-
terface in Google Colaboratory (Colab) °. The data is synced between the local computer and the Colab server
through Google Drive connection. A successful training results in a trained model along with meta-data and
training logs. The trained model can then be used/deployed across machines with Tensorflow support to
execute inference and batch evaluations. For this purpose, a Tensorflow environment is also maintained in a
python environment on the local machine which is used with Nvidia P1000-Quadro-8GB GPU and Intel core
i7-8750H CPU. The trained model is deployed on the local machine for small-scale inference, testing and
benchmarking.

The modified code-base with the necessary files that adapts the interface to the Tensorflow Object Detec-
tion API for spacecraft pose estimation research in this work, are made available © by the author.

5.4. Detection Uncertainty

The CNNs in general do not account for uncertainty and do not allow direct quantification of uncertainty
within their mathematical framework. However, the uncertainty in the predicted keypoints can be indirectly
computed from the Heatmaps of the keypoint prediction, as proposed by Pasqualetto Cassinis et al. [57].
Since heatmaps represent per-pixel confidence of detection, it is used to quantify prediction uncertainty for
the keypoint by approximating a distribution around the maximum confidence keypoint. In addition to gen-
erating uncertainty information for the navigation loop, the technique can also improve pose estimation ac-
curacy with covariant pose solver when there are non-ideal heatmaps (like Fig. 5.2b). For details, the reader
is referred to the original work [57]. The method is adapted directly to compute the image-plane covariance
matrix for the predicted keypoints. First, a heatmap image is thresholded to focus on activated regions of the
heatmap. Then, approximating a Guassian distribution a weighted covariance is derived around the max-
imum confidence point i.e. the point with highest pixel intensity. The weights for the pixel locations are
empirically derived in terms of RGB intensities of the colorscale in the heatmap image that accurately cap-
tures the uncertainty. For m pixels, pj = [u;}, vj] above the threshold intensity the general expression for
variance in Eq. 7.2 is given as:

Ouv =

m
Y wjluj— u*)(vj— v (5.4)
i

3=

where, p* = [u*, v*], is the predicted image-plane keypoint location estimated from the pixel with maximum
confidence score in the heatmap.

4https://github.com/leoxiaobin/deep-high-resolution-net.pytorch
Shttps://colab.research.google.com
Shttps://github.com/kuldeepbrdl/deep-high-resolution-net.pytorch
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5.5. Conclusions

The selection, design review and configuration of a KD network has been presented. After rigorous compar-
ison, the HRNet network architecture is selected. Three candidate networks are selected for evaluation in
the pose estimation pipeline. Further, the configuration and implementation of network training, data aug-
mentations and evaluation metrics used in developing the detection models are summarized. The selected
KD networks: HRNet-W32, HRNet-small and HRNet-smaller are taken forward for the navigation framework
testing and evaluation.



Datasets

The neural networks learn to predict outputs from patterns in the data provided during the training. A dataset
is therefore central to a machine learning model’s success in accomplishing a task with accuracy and robust-
ness. In previous chapters, the selection, configuration and implementation of OD and KD networks have
been described. CNNs use deep representation learning and require large datasets to be able to successfully
predict the expected outputs. So far, terrestrial benchmark datasets like ImageNet[66] and COCO [86] have
been used to make preliminary assessment and selection of the networks, techniques and configuration.
While the terrestrial benchmarks serve as a standard reference, the datasets for spacecraft pose estimation
present unique challenges of their own. Since it is not possible to acquire large-scale space-borne imagery,
the datasets to be used for deep learning in spacecraft pose estimation problem need to rely on artificial ren-
dering of the visual space environment. Unlike ideal renderings, the real image from a space-borne cameras
during operation may contain optical artefacts and variations in the image, that cannot be modeled explic-
itly. This may form statistical outliers in the internal representations of a trained neural network model and
cause failure. As noted eatrlier, the fundamental question and the primary hurdle to the utility of deep learn-
ing for spacecraft uncooperative navigation then, is to improve the robustness of synthetic training in the
operational environment.

This chapter describes the datasets used for developing, verifying and evaluating the navigation frame-
work and its components in detail. First, the predominant dataset- SPEED [82] from Stanford Space Ren-
dezvous Laboratory has been described as a benchmark for comparison. Then, the Envisat dataset from [57]
is taken as the first-order evaluation dataset for the Envisat target use-case concerned in this work. The dis-
cussion is extended to improving robustness of the deep learning models to bridge the gap between synthetic
training and on-orbit operation. Further, a novel dataset is proposed for Envisat use-case that introduces key
improvements to the existing synthetic dataset for the Envisat spacecraft. The focus remains on improving
the existing synthetic datasets in a simple and efficient manner. The efficacy and exhaustive analysis on the
aspects of photo-realism, surfaces, textures etc in computational rendering are not in the scope of this work.
However, the goal is to take a step forward towards creating a standard Envisat dataset, which suitable for
training and testing deep learning-based navigation systems going forward.

6.1. Benchmark Dataset: SPEED

Spacecraft Pose Estimation Dataset is the first large-scale dataset of photo-realistic spacecraft images, aimed
at deep learning solutions to the close-proximity uncooperative navigation. SPEED consists of images of the
Tango spacecraft from the PRISMA mission [133] with ground truth pose information available for training.
Introduced by Sharma et al. [9], the dataset consists of synthetic and lab-generated images. The synthetic
images are rendered using a custom simulator based on OpenGL library [134]. The method used by Sharma
et al. [9] to generate synthetic images emulates the spacecraft surface illumination very close to that of the
PRISMA in-flight images [79]. In addition to the synthetic images, the SPEED dataset also contains real im-
ages of a 1:1 representative spacecraft model, acquired using a camera similar to the PRISMA mission with
a robotic test-bed. Fig. 6.1 shows an example of a synthetic and a real image for the same pose. Note the
difference in contrast and brightness between the two images.

53
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(a) OpenGL rendering (b) Lab-generated image

Figure 6.1: Visual comparison of real and synthetic images in SPEED [79]

Figure 6.2: Selected synthetic images from SPEED [82]

A part of the synthetic images are augmented with Earth background, using the true-color full-disk im-
age products from the Himawari-8 Earth observation satellite [135]. The Earth background is cropped from
the high-resolution images such that the cropped image is representative of the field of view from PRISMA
mission’s orbit altitude. Then the spacecraft mask is overlaid on the cropped earth background. Also, the illu-
mination for synthetic image rendering is configured to match the illumination in the Earth images acquired
by Himawari-8. Finally, the synthetic images are corrupted with Gaussian noise and Gaussian blur. Fig. 6.1
shows a finite set of example images from the SPEED dataset.

6.1.1. Dataset Properties

SPEED is available in public domain from ESA’s Kelvins portal! and Stanford Digital Repository [82]. The
images are distributed into ’train’, test’, 'real’ and 'real-test’ sets. Note that the keyword 'real’ denotes lab-
generated images. The properties of each image set is shown in Table 6.1 and the pinhole camera model used
to generate the dataset images is described in Table 6.2.

The ground truth pose information is parameterized by a 3-vector for relative position of Tango’s body
frame origin with respect to the camera frame origin, and a 4-vector unit quaternion that represents the
transformation from Tango’s body frame to camera frame. In addition, the datafile in JSON format stores this
information as a list of dictionaries. An example of the JSON data format is provided in Appendix C.

Ihttps:/ /kelvins.esa.int/satellite-pose-estimation-challenge/data/
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| Image set || Image count Source | Pose labels | Augmentations
train 12000 OpenGL renders v’ Earth, (Gaussian) blur + noise
test 2998 OpenGL renders X Earth, (Gaussian) blur + noise
real 5 TRON lab v’ -
real-test 300 TRON lab X -

Table 6.1: SPEED image set distribution

| Parameter || Description Value
Ny, Number of horizontal pixels 1920
Ny Number of vertical pixels 1200
Ix Horizontal focal length 0.0176 m
Iy Vertical focal length 0.0176 m
du Horizontal pixel length 5.86 x 10°°m
dv Vertical pixel length 5.86 x 107°m

Table 6.2: Intrinsic camera parameters

The camera frame is such that the z-axis points in the boresight direction, while x-axis and y-axis form a
right hand triad in the perpendicular plane. The body frame origin of the Tango spacecraft is at the center
of the back panel, and the z-axis points in the direction perpendicular to the back panel in the direction of
the solar panel. This is visualized in Fig. 6.3. The images are generated with relative distance uniformly dis-
tributed between 3m-50m, and the relative attitude is discretized and uniformly distributed in SO(3) space.
Figs. 6.4 & 6.5 show the distribution of pose across the synthetic image sets.

6.1.2. Pre-processing

The navigation framework in this work utilizes deep learning in the object detection and keypoint detection
steps, as described in Section 3.1. The ground-truth data available in SPEED has to be used to train the net-
works for object and keypoint detection, as well as to benchmark the pose estimation pipeline. However, the
object detection network needs to be trained with bounding box coodinates in the images, and the keypoint
detection network needs to be trained with the keypoint coordinate data for each image. Since, these are not
directly available in the SPEED dataset, the raw data must be pre-processed appropriately.

The ground-truth pose labels are only available for the frain and the real image sets as described in Table
6.1. Therefore, only those data points have to be used for training and validation of the CNNs. To enable
training and validation, the train image set is randomly split into two subsets- train-1 and val-1 image sets in
8:2 ratio, following the common practice in machine learning based on [136]. 9600 images are used for train-
ing the corresponding networks, and 2400 images are used for validation and evaluation the performance
of the network. Further, the 5 images in the real image set are withheld completely from the networks, to

Figure 6.3: Coordinate frame definition for SPEED (adapted from [79])
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assess the robustness of the synthetic training to previously unseen real images. This is done to emulate the
gap between synthetic rendering environment and the reality, which is expected in real-life scenarios for the
navigation framework proposed in this work.

3D keypoint model recovery

In order to retrieve the bounding box and keypoint coordinates for the images, a simplified wire-frame model
is reconstructed of the Tango spacecraft. Recall the projection equation (Eqn. 2.1 & 2.2) that describes the
relation between the 2D image-plane points, and 3D body points. In PnP solvers, 3D model points and 2D
image points are used to estimate the pose. Conversely, 3D model points can be recovered using the ground
truth pose information and 2D image points.

For this, 12 images showing well-illuminated spacecraft in varying poses are hand-picked. Visually iden-

z(m)

Y (m)

Figure 6.6: Reconstructed 3D wireframe model of the Tango spacecraft using multi-view reprojection
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Figure 6.7: Examples of images from SPEED with reconstructed wireframe model overlay, showing keypoints (red), skeleton (yellow) and
bounding box (blue)

tifiable keypoints are chosen for the spacecraft to construct the wireframe model. For the Tango spacecraft in
SPEED, four corners of the back panel, 4 corners of the solar panel and three tips of the antennae are chosen.
In each of the hand-picked image, these points are manually located and the coordinates are noted. A simple
tool is developed in Python that allows rapid user selection of points from an interactive window. The tool
sequentially opens the images, takes click inputs to record individual keypoints and exports a JSON file for
the 3D wireframe model containing the coordinates of the manually identified keypoints. Then, using the
keypoint coordinates across images and the projection equations, an optimization problem for minimizing
the re-projection error is given as following:

12
r? = argmin lewjpf‘—KPrfll (6.1)
rpwp g

The notation follows from Egs. 2.1 & 2.2, where, for the i 3D body-frame keypoints and j sampled images,
p? are the homogeneous image-plane coordinates of the keypoints, K is the camera intrinsic matrix and P
is the pose matrix composed of direction cosines and translation vector components. The unknowns of the
problem, r? represents the body frame coordinates of the i’ point and w ; is the scale factor between the ho-
mogeneous and image plane coordinates for the j* image. The problem is that of a multi-view triangulation
and the L2 reprojection error function is convex. This solved using the CVX solver [137, 138]. The average
reprojection error for the solution is less than 10 pixels per keypoint per image, with respect to the manually
selected keypoints. The Tango wireframe model from the resulting 3D point solution, is shown in Fig. 6.6.
The wireframe model points are stored in . JSON and .mat formats for convenient use across platforms and
tools. With the given body-frame coordinates of the wireframe model, the keypoint coordinates in the image-
plane can be computed with projection equations using the ground-truth pose. Further, the four bounding
box coordinates can be computed from the image-plane coordinates using maximum and minimum x and
y coordinates across keypoints in an image. This provides the corner representation (bottom-left and top-
right) of the bounding box, which can further be transformed into alternative representation as required. To
improve object detection training, the ground truth bounding box coordinates are relaxed by a small margin
as noted by Chen et al. [78]. The model is verified by projecting the points on random images from the syn-
thetic image sets, and is found to fit very well to the spacecraft in the image. Fig. 6.7 shows a few examples of
wireframe projections overlaid on SPEED images using the corresponding pose information. This is repeated
for all of 12000 images in the dataset, to generate two compatible data files for OD and KD networks in the
framework. The overall flow of the implementation is summarized in Fig. 6.8.
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N

Figure 6.9: Examples of synthetic images from Envisat-1 dataset

6.2. Evaluation Dataset: Envisat

For Envisat target use-case in this work, the dataset from Pasqualetto Cassisnis et al. [57] is used for a first-
order evaluation of the navigation framework for Envisat target use-case. This is done to assess the existing
Envisat dataset for pose estimation and draw comparisons with the benchmark dataset- SPEED. While the
dataset contains synthetic spacecraft rendering without augmentations, it also provides image sequences
that emulate close-proximity trajectories. This is important as it allows evaluation of the whole navigation
loop along with the state estimator, which is currently not possible with SPEED. For clear identification, the
dataset is called Envisat-1 from here on. Fig. 6.9 shows a finite set of synthetic images from the Envisat-1
dataset.

6.2.1. Dataset Properties

Envisat-1 is a dataset of relatively simple synthetic images of the Envisat spacecraft. The dataset is gener-
ated with Cinema4D 2, using an accurate texture model of ESA’s Envisat spacecraft. The dataset and related
resources are available internally 3. The base dataset is generated by discretizing the relative distances be-
tween 90m-180m at 30 m intervals, and the attitude with three Euler angles at 10-degree intervals. Fig. 6.10
shows the camera poses relative to the stationary target, used for image generation. The resulting image set
is then sampled randomly and split into image sets: train, val and test sets. Further, a trajectory image set,
trajectory-150m is also available containing a 36 image sequence emulating a tumbling Envisat spacecraft
with the servicer camera point along the V-bar at 150m separation. Table 6.3 describes basic distribution of
image sets used in this work and Table 6.4 describes the camera model used to generate the images.

Wireframe 3D model

Unlike SPEED, the Envisat wireframe model is available and does not need to be reconstructed. The wire-
frame model consists of 16 points that include eight keypoints close to the corners of the main body, four
corners of the SAR antenna and four corners of the extended solar panel. The keypoints are represented in
the body frame defined at the assumed center of mass of the main body of the Envisat spacecraft. The X-axis

2https://www.maxon.net/products/cinema-4d/
3Courtesy of TU Delft SpE/ESA/Airbus
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Figure 6.10: Camera pose distribution around Target for image generation [57]

y[m]

Imageset || Image count Source | Poselabels | Augmentations
train 35000 Cinema4D v’ None
val 9604 Cinema4D v’ None
test 9608 Cinema4D v’ None
trajectory-150m 36 Cinema4D v’ None

Table 6.3: Envisat-1 image set distribution

of the body frame is perpendicular to the launch interface in direction of the solar panel, the Y-axis is perpen-
dicular towards the SAR antenna and the Z-axes forms the right-hand triad with the other two. The wireframe

model and the visualization of the body frame in an image is shown in Fig. 6.11.

2

(a) Wireframe Model

Figure 6.11: Visualization of the wireframe 3D model definition and the body-centered reference frame

(b) Body-frame axes

The COCO file format is used in the keypoint detection pipeline (see Fig. 5.7) and relates to the COCO
benchmark [86] on which most modern CNNs are trained and evaluated. Having the data in COCO format
allows rapid adaptation to most CNN architectures for spacecraft pose estimation, as it is compatible with
most neural network software repositories with minimal configuration. Finally, the bounding box data is
computed from the available keypoints. The bounding box is relaxed by around 10% of the original width
and height and is stored in a . JSON format. Fig. 6.12 shows samples from Envisat-1 dataset with wireframe
model projections and bounding box visualization. Note that all the associated files can be found in the

software repository .

“https://github.com/kuldeepbrdl/deep-high-resolution-net.pytorch
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| Parameter || Description | Value
Ny Number of horizontal pixels 512
Ny Number of vertical pixels 512
fx Horizontal focal length 0.00387 m
Iy Vertical focal length 0.00387 m
du Horizontal pixel size 55x10%m
dv Vertical pixel size 55x10%m

Table 6.4: Intrinsic camera parameters for Envisat-1 images

Figure 6.12: Examples of images from Envisat-1 with 3D wireframe projection overlay, showing keypoints (red), skeleton (yellow) and
bounding box (blue)

6.3. Robust Learning through Datasets

Deep learning with CNNs achieves great performance in several computer vision tasks. By learning abstract
representations internally, CNNs are able to learn a non-linear mapping that provide detection from unstruc-
tured images with a varying artefacts and properties like illlumination, where traditional image processing
techniques fail. However, machine learning models cannot generalize globally, and are only as good as the
data used during the training. Consequently, the neural networks can behave in an unpredictable manner
when the input provided is "out-of-distribution" with respect to the training data, i.e. artefacts not modeled
in the training data that the neural network might encounter in real life. For instance, a network trained
solely on clean images from Envisat-1 dataset images, fails to detect the Envisat spacecraft in presence of
motion blur and impulse noise as shown in Figs. 6.13(a), 6.13(b). The case of detection failure with Earth
in the background background, shown in Figs. 6.13(c), 6.13(d) is more concerning as the network assigns a
high confidence score for the detection when the box localization is highly inaccurate, as reflected by the IoU
value. This imposes a significant risk, especially for spacecraft pose estimation problem where the networks
are trained on synthetic images. Robustness is therefore an important aspect that must be investigated for
navigation systems that will utilize deep learning. Two major factors are identified in this scope:

1. Robustness in learning: The aspects of training process including training dataset generation must be
designed in a way that allows the network to learn internal representations that transfer well to real
images. A network cannot generalize to artefacts in the images that are not present in the training
set purely, and the training process and datasets must therefore be accountable for improving data



62 6. Datasets

IoU: 0.9806 IoU: 0.1714
score: 0.9995 score: 0.0985

(a) Clean (b) Augmented: Level-1 impulse noise and motion blur
(see Appendix-D)

IoU: 0.9607
score: 0.9875

(c) Clean (d) Augmented: Earth background

Figure 6.13: Detection results showing lack of robustness of an object detection network trained on clean images from Envisat-1 dataset

distribution.

2. Representative robustness evaluation: The validation and test process, including the corresponding
image sets must be designed in a way that allows fair evaluation of a trained model. For example, if a
validation set contains images with exact same illumination angle or noise magnitude used during the
training, the network’s generalization cannot be judged fairly.

In order to improve robustness in training, data augmentation is the most widely used approach. In Chap-
ters 4 and 5, simple data augmentations were included in the training process, that randomize image bright-
ness, contrast, scale and rotation. These effectively improve robustness of the trained network to pixel-level
variation and poses not sampled in the training set. For instance, Envisat-1 dataset only contains images for
four discrete values (90m, 120m, 150m and 180m) of relative range. However, using random rotation and scal-
ing augmentation during training allows the network to learn and infer accurately even when the spacecraft
is at ranges not explicitly available in the training set.

A critical factor for spacecraft pose estimation using deep learning is the degree of photorealism in the
synthetic environment. Rendering environments like OpenGL used for SPEED, Cinema4D used for Envisat-1
or Unreal Engine used for autonomous terrestrial robotics [139], are common for deep learning applications.
However, Brochard et al. [140] note that most commercial graphics simulators lack the photometric accuracy
that adequately represents a scenario in the space environment. For spacecraft vision-based applications,
tools like ESA's PANGU [141, 142] and Airbus’ SurRender [140] are also available. However, their efficacy to
large-scale deep learning dataset generation has not been investigated. So, the problem of representing the
virtual environment precisely, holds several underlying problems. Also, the burden of high photorealism can
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increase the system development complexity and restrict wide-scale adaptation as every part including the
sensor system must be accurately modeled in the virtual environment. An alternative is to adapt training
process that transfers well to reality, as noted earlier.

Several approaches have been proposed to improve robustness of neural network models in such cases.
For the relevance to this discussion, they can be divided into following:

1. Adversarial Robustness:

Adversarial robustness is the major theme in computer vision approach that concerns with tackling
failure on adversarial images. Adversarial images are clever alterations in the image information that
can be used to 'confuse’ the network by exploiting the internal representations learned by the network.
Generally, the adversarial images are visually similar but contain adverse data patterns in the RGB space
that fool the neural network [143, 144]. Methods to identify and counter adversarial attacks have been
proposed [145-147], but remain an evolving subject as more crafty adversarial attacks are designed to
push the neural networks to the limits.

2. Texture/Shape Robustness:

Object texture in an image is a characteristic information that the convolution operations extract in the
modern CNNs. The initial layers of a CNN extract lower-level abstract features in the input image, and
subsequent layers extract higher-level abstract features as combinations of lower-level features [148].
In doing so, CNNs are found to give more importance to the texture in the images rather than global
shapes, as noted by Geirhos et al. [149]. Therefore, CNNs performance can degrade when the local
textures in the object are different from the ones in the training examples, despite the object shape. In
general for natural objects and specifically for rigid bodies, shape is a distinct characteristic that must
be captured by the CNNs for robust performance in the real world. This is expected for spacecraft pose
estimation application as well, where the synthetic environment may not accurately model the textures
that a sensor would produce on-board. Commonly, texture stylization or randomization [150] is used
to tackle this. It has shown to eliminate spurious correlations related to local textures and emphasize
on the object shape, improving texture/shape robustness [149].

3. Corruption Robustness:

In real-life applications, the camera sensor and environment conditions can introduce visual corrup-
tions in the image. These consists of several types of noise, blur, spatter etc., which are common to ter-
restrial images. Hendrycks and Dietterich [151] devise a new benchmark dataset wherein the natural
images are corrupted with the common effects. The networks trained without corrupt data are found to
lack robustness to real images containing such corruptions. Consequently, the synthetic datasets that
train the networks for real-world applications, must also include the common corruptions expected in
the operational environment.

For spacecraft pose estimation, the three categories of robustness mentioned above, must be addressed.
For texture robustness, Park et al. [46] use texture randomization while training a keypoint regression network
for spacecraft pose estimation. Using a custom dataset of the Tango spacecraft similar to SPEED, performance
improvement is shown for real in-flight images from the PRISMA mission, using the Neural Style Transfer
(NST) technique from Huang et al. [150]. However, commonly used texture randomization techniques like
NST cause loss of edges and can create a bottleneck for CNN performance.

Adversarial robustness and corruption robustness remain unexplored for spacecraft pose estimation. The
importance of adversarial robustness is brought into question by the fact that adversarial attacks most often
do not manifest in reality and are rather designed to specifically attack specific architectures of neural net-
works. Therefore, adversarial robustness is excluded from the scope of this work and remains to be inves-
tigated further. On the other hand, corruption robustness is a necessity for images acquired from a space-
borne sensor. The images taken in space often suffer from cosmic ray hits, plume fogging, defocusing, relative
motion blur among others. As an example, the SPEED synthetic images are augmented with Gaussian noise
and Gaussian blur, as with most common datasets. However, networks trained on a specific blur type, like
Gaussian, do not ensure performance on other types of blurs, like zoom blur or motion blur [152]. Similarly
for noise, Hosseini et al. [153] reveal limitations of networks to impulse noise. In general, it is found that
fine-tuning on specific image corruptions do not ensure robustness to other types of corruptions [154]. The
CNN training must therefore account for such corruptions during training.
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Once augmentations are included in the training process, the second aspect comes into play i.e. the eval-
uation process. It is necessary that the evaluation of a trained network be able to qualitatively and quantita-
tively test the robustness. Qualitatively, the validation and test examples shall not exactly mimic the training
examples, in terms of distribution. Quantitatively, the metrics used for evaluation must be able to capture
the robustness aspect. For instance, SPEED provides real lab images for evaluation, which are very different
from the training image set. Further, evaluation on SPEED are judged with a custom score metric that reflects
the underlying problem and is able to demonstrate robustness. Kisantal et al. [79] show the network perfor-
mance gap between synthetic and real image evaluations and therefore the robustness for various learning
based pose estimation pipelines, using the SLAB/ESA score metric.

The discussion above establishes the reasoning and baseline for the newer datasets and how they must
manifest certain aspects. This is used to take a step forward in improving the relatively simple Envisat-1
dataset in the following section.

6.4. Improving Envisat Datasets

From earlier discussions, it is clear that the Envisat-1 dataset lacks several features that are expected in space-
craft pose estimation dataset. In this section a new dataset is presented for the Envisat target use-case, that
allows CNNs to improve robustness to common image corruptions. The goal is to improve existing dataset
with minimal development rather than venture into computer graphics generation, photorealism and virtual
environment analysis. The aspects of 3D graphics rendering is considered a dedicated research topic on it’s
own, and is not explored here. Instead, the creation of Envisat+IC (Envisat-1 + Image Corruptions) is pre-
sented, in line with the discussion presented in the earlier section. Another dataset Envisat+TR (Envisat-1 +
Texture Randomization) was also compiled, but was not utilized in the main study due to the poor data qual-
ity. A brief description on failure and the reasons are outlined in Section E in Appendix E. Further, adversarial
robustness is not taken into account for the reasons mentioned earlier.

Image Corruptions

Real-life camera sensors most often suffer from corruptions in their operation environment. For space-borne
cameras, the image corruptions often occur due to miscalibration, cosmic ray hits, motion-induced morpho-
logical effects and plume condensation among others. Bell et al. [155] show artefacts of shot noise, dead
pixels, image brightening, compression artefacts for the Mars Science Laboratory rover cameras in pre-flight
and post-flight imagery, as seen in Fig. 6.14(a) & 6.14(b). It is common to also spot image corruptions in the
ISS broadcasts as seen in Fig. 6.14(c). Taking these into account, a new dataset is generate with subset of
effects noted in [151] for increasing corruption robustness of networks in terrestrial images, are taken into
account in creating the new dataset. These are shown in Fig. 6.15 and summarized below:

Noise
* Gaussian Noise: Statistical noise common to digital images and electronic devices, that follows a nor-
mal distribution and originates due to high internal temperature and poor illumination.

¢ Shot Noise: Statistical noise that follows Poisson distribution and occurs as a result of fluctuations in
the number of photons within the exposure time.

* Impulse Noise: Impulse noise, also called salt and pepper noise, can arise due to digitization, bit trans-
mission, or events like cosmic ray hits, that corrupt random pixel values emulating dead pixels (0) or
hot pixels (255).

» Speckle Noise: Multiplicative noise appears in an image similar to Gaussian noise but with a gamma
distribution, often due to high dynamic range of the sensor.

Blur
¢ Gaussian Blur: Gaussian blur can result from post-processing of raw image with a common low pass

Gaussian filter.

¢ Defocus Blur: Defocus blur can result from detector misplacement along the optical axis away from
the focus.
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(a) Curiosity Mastcam: calibration target (left) with shutter (b) Curiosity Mastcam: High frequency noise

smear and ghost image effect and compression effect resulting in checker-
board pattern

PO !

(c) ISS Demo-1 crew broadcast

Figure 6.14: Downlinked images from (a & b) Curiosity [155] and (c) ISS [Credits: NASA TV 01-08-2020] with visually distinct image
corruptions

¢ Motion Blur: Motion blur results from when the target object has a significant relative motion within
the exposure time.

e Zoom Blur: Zoom blur results similar to the motion blur but due to motion along the camera boresight,
producing a distinct concentric blur around the center.

Others

¢ Spatter: Spatter augmentation recreates liquid condensation effect on the camera that can occur due
to a plume or venting.

¢ Color Jitter: This augmentation is randomizes brightness, contrast and saturation of the images to
represent a broad range of optical conditions.

* Random Erase: Random erase augmentation randomly deletes rectangular part of the image to im-
prove CNN detection robustness to occlusion and partial illlumination conditions [113]

The algorithm to corrupt images with above effects is adapted from the library ° provided with [151], and
is adapted for Envisat datasets. Color jitter and random erase augmentations are used directly using PyTorch
[132], as they are natively available.

Shttps://github.com/hendrycks/robustness
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Color lJitter Defocus blur Impulse noise

Gaussian blur Gaussian noise Motion blur

Random Erase Shot noise Spatter

Speckle noise Zoom blur

Figure 6.15: Image corruptions applied to a sample Envisat-1 image
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Figure 6.16: Visualization of Earth augmentation for Envisat-1 images using projection mask
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Earth background augmentation

One of the important visual characteristics of uncooperative proximity operation is the probable presence
of Earth in the image background. Pose estimation systems must be able to operate reliably in presence of
adverse textures from the Earth in the background. For learning-based methods, if the Earth is not rendered
in the synthetic images, the networks may behave in an unpredictable manner as shown in Fig. 6.13(d). In
order to improve robustness to the bright Earth, Envisat-1 dataset is augmented with space-borne images
of Earth captured by the Himawari-8 from its Advanced Himawari Imager (AHI) [135]. AHI provides high
resolution images of the Earth’s full disk at an interval of 10 minutes. The true color RGB composites of the
Earth’s disk are available through Himawari Cloud Archive [156]. For augmentation, the images acquired by
AHI on 1st June for a 12 hour time-span are used. These 120 images represent a half cycle variation of Earth’s
illumination.

The Himawari images of 11000 px x 11000 px are randomly sampled and cropped, such that it is represen-
tative of the approximate field-of-view expected for a camera at Envisat’s orbital altitude. This is done using
first-order assumption of field-of-view of Himawari-8’s AHI and computing the pixel area expected from the
Envisat-1 camera at around 772 km altitude. This corresponds to nearly a 1000 px x 1000 px area in the orig-
inal 11000 pxx 11000 px full-disk image. The cropped area is then resized and fused with a clean image from
the Envisat-1 dataset. Note that for CNNs, the Earth background represents an adverse image texture that it
must learn to oversee. Therefore, accurate computation of the exact FOV crop is not necessitated.

Figure 6.17: Envisat-1 images augmented with Earth background

The algorithm flow for augmenting Earth background is shown in Fig. 6.16. The augmentation is done by
first masking the spacecraft surface projections on the image plane. The keypoints considered in the Envisat’s
wireframe model are corners or extreme points on the spacecraft body. Since the coordinates of the keypoints
are available, the area under the spacecraft’s image projection can be masked. First, the Envisat keypoints
are divided into three parts: the main body (8 keypoints), the SAR antenna (4 keypoints) and solar panel (4
keypoints). Each set of keypoint is used to create a non-intersecting polygon mask over the image that tightly
and entirely engulfs the spacecraft projection. The outermost polygon mask is found using convex hull to
get rid of internal points. The masked pixel locations are then removed from the cropped Earth image and
fused with the Envisat-1image using bitwise operations. To represent difference in relative distance, Gaussian
kernel is used to blur the background more than the foreground. Finally, morphological transformations like
dilation and erosion are used to fine-tune the augmentation and remove adverse effects on the mask edges.
The complete augmentation algorithm is implemented using OpenCV [157]. The resulting images after Earth
background augmentation are shown in Fig. 6.17.
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Number of aug- train val | val-challenge | val-clean
mentations
0 11140 | 1518 1272 5000
1 10832 | 1436 1381 -
2 7330 1157 1152 -
3 4532 733 958 -
4 1166 157 238 -
| total || 35000 [ 5000 | 5000 5000

Table 6.5: Distribution of images with respect to the number augmentations per image in the Envisat+IC image sets.

Envisat+IC

The augmentations described above are consolidated and scaled for large-scale augmentation. The augmen-
tations are first assigned randomly for each image in the Envisat-1 dataset. First, a fraction of the images are
randomly assigned the Earth background or random erase augmentation. Then, half of all images are aug-
mented with random color jitter, which randomizes brightness, contrast and saturation. Then, a fraction of
all images are augmented with upto two augmentations from the rest of the augmentations i.e. noise, blur
and spatter. Finally, subsets of all images are consolidated into a training set of 35000 images and validation
sets (val, val-clean, val-challenge) of 5000 images each. In order to validate performance of networks trained
on Envisat+IC images on the clean images, a val-clean set is also included as a validation set. The val-clean
set contains 5000 clean images from Envisat-1 i.e. without any augmentations. To stress test robustness on
image corruptions, the val-challenge contains 5000 image with higher severity® of augmentations and higher
number of images with augmentations. Together, these three datasets allow a fair assessment of robustness
to unseen artefacts in the images. As per the discussion above, the augmentations are not mutually exclusive
and an image may contain upto 4 augmentations. The distribution of number of augmentations per image
are provided in Table. 6.5 and the distribution of specific augmentations are provided in Table 6.6 for the
newly generate Envisat+IC dataset.

| Augmentation || frain | wval | val-challenge | val-clean |
None 11140 | 1518 1272 5000

Earth background || 7000 | 1006 1271 -
Random erase 5250 256 257 -
Color jitter 10500 | 1795 2007 -
Spatter 2123 363 390 -
Gaussian blur 4151 715 383 -
Motion blur 2137 368 402 -
Zoom blur 2169 388 404 -
Defocus blur 2161 351 409 -
Gaussian noise 2072 335 472 -
Impulse noise 2072 312 519 -
Speckle noise 2048 341 515 -
Shot noise 2069 347 482 -

Table 6.6: Distribution of image count per augmentation in the Envisat+IC image sets.

6Explanation of severity levels magnitudes of quantities defining severity of each augmentation is summarized in Appendix D
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6.5. Conclusions

In this chapter, the datasets used to train the CNN along with the aspects of the data pipeline necessary for im-
plementation and experimentation are presented. Existing synthetic image datasets of the Envisat spacecraft
as well as the Tango spacecraft from the PRISMA mission are reviewed, with a discussion on their features
and limitations. Further, motivating the need for better datasets to enhance robustness, in particular to im-
age corruptions, a new Envisat+IC dataset is generated. The specifics of the new dataset, distribution and
generation are summarized.



Pose Solver

The pose solver solves the PnP problem to estimate the pose of the camera relative to the observed target,
by associating a perspective projection of 2D points to the corresponding set of 3D points. For the pose esti-
mation pipeline in the framework, the pose solver utilizes the predefined set of keypoints detected by the KD
network. As highlighted in Sections 2.3.2 & 3.1, the MLPnP solver is selected to preserve uncertainty infor-
mation with a loosely-coupled estimator. In this chapter, the MLPnP solver and the underlying algorithm are
detailed. The analysis on limitations of the original MLPnP algorithm are identified and a novel modification
is proposed to overcome the existing limitations. A preliminary analysis is presented to justify the reasoning,
followed by extensive verification of the proposed modification.

7.1. Maximum Likelihood Perspective n Points (MLPnP) solver

MLP#nP [58] is a non-iterative polynomial solver that frames the PnP problem as an MLE problem exploiting
the minimal representation of uncertainty for 2D points developed in Forstner [59]. The MLE problem is
framed in terms of bearing vectors that are obtained from spherical normalization of image points in the
camera frame. Subsequently, by framing the PnP problem as that of estimating camera pose in a linear model
represented by residuals of point projections in the tangent space of the bearing vectors. In the following
description, the formulation of bearing vectors, tangent space and uncertainty propagation is elaborated.
For extensive details on the derivation and proof, readers are encouraged to refer to the original papers by
Urban et al [58] and Forstner [59].

7.1.1. Observations and Measurements

Consider a set of p; ; i = 1,2...n points observed on the image plane (ref Fig. 2.6), the measurements are
expressed as following:

uj

v; (7.1)

Pi =

The uncertainty associated with the measurements are represented by the covariance matrix for the mea-
surements:

2
(2 Oyuvy

Soips = [ '
PiPi Ouv 1o

(7.2)

where, diagonal elements are the variances of the 2D measurement in © and v axes respectively. For the pose
estimation pipeline in this work, the measurements are the keypoint coordinates inferred by the keypoint
detection network.

71
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7.1.2. Uncertainty Propagation

Consider a linear mapping (f), i.e. the dependent variable y being a linear combination of an uncertain

variables x, given in matrix form as:
y=fx = Ax (7.3)

where, A is an arbitrary system matrix. Given the covariance (Zxx) of the independent variable x, the covari-
ance matrix 2, associated with f(x), is computed as following:

Zyy = AZgA” (7.4)

For a non-linear function g(x), a linearized mapping can be obtained using first-order Taylor expansion
represented in matrix form:

y=8K% =go+Jx (7.5)

where, J is the Jacobian of the transformation (g). The uncertainty in Eq. 7.5 only propagates in the linear
operation Jx, since gp is constant. Then, the covariance propagation in the linearized system, similar to Eqn.
7.4 is expressed as:

Ty = JEad’ (7.6)

7.1.3. Bearing Vectors and Tangent Space
The 2D measurements in Eq. 7.1 can be transformed in the 3D coordinates of camera frame C as:

Xi Ui
= |yl =K v 7.7)
Zi 1

where, K™!p; is the forward projection function (parameterized in m than in px) for the perspective equa-
tions.

Figure 7.1: Visualization of projective geometry between the object body frame (B) and the camera frame (C), showing the projection
plane and unit sphere, and the uncertainties associated with respective projections

The bearing vector v; for the i*" point is then computed by spherical normalization of the vector in camera
frame. Alternatively, it is a vector representing the point projection on a unit sphere around the origin of the
camera frame as shown in Fig. 7.1.
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Ux r¢
Vi = Uy = —lC (78)
v, I’

The covariance propagated to the bearing vector space from the 2D image plane, is given as:

zpp 02x1

T
01,2 O J (7.9)

Zw =]

where, J is the Jacobian of the transformation from image plane to bearing vectors is given in [59]:

] = ! I3 —wi) (7.10)
T AT '

From Eq. 7.9, it is clear that the covariance matrix associated with the bearing vector is rank deficient and
therefore singular. Therefore, the MLE problem cannot be framed in terms of bearing vector residuals directly.
For a valid MLE problem, it is necessary to obtain a minimal 2-dimensional representation of the associated
uncertainty, in terms of a non-singular 2 x 2 covariance matrix. According to Forstner [59], this minimal
representation is obtained by projecting the uncertainty in the null space of the bearing vector, which results
in a 2D ellipse. The null space of the bearing vector v; lies perpendicular to the bearing vector at the unit
sphere i.e. its tangent space. The 2D coordinate system in the tangent space used to describe the uncertainty,
is characterized in terms of two basis vectors r; and s;:

n s
nullvi’) =[x sil=|r2 s2| =Jy, W) (7.11)
3 83

i

The null-space also represents the Jacobian Jy, of the transformation from tangent space to original bear-
ing vector. Assuming orthonormal basis vectors r and s, the transformation of bearing vector into the tangent
space is given as

Vy = ]gr v (7.12)

The associated covariance matrix in the tangent space is a non-singular 2 x 2 matrix, given as:

Zyv, = ]\I;r Zv.v, Jv, (7.13)

Ideally, the transformation of the bearing vector (Eqn. 7.12) in its own tangent space is a zero vector.
Therefore, v, in Eq. 7.12 represents the residual in the tangent space. This allows pose estimation problem to
be formulated in terms of residuals in the respective tangent spaces of the bearing vectors.

7.1.4. Projection Problem: Linear Formulation

The projection equation Eq. 2.4, can be transformed to represent observed points in the camera frame as:
¥ = A v =RECrE 4 (€ (7.14)

where, A; represents depth scaling of the i’ bearing vector.

Given a known set of 3D points in the body frame and a set of observed points in the image frame, Eq.
7.12 and Eq. 7.14 can be used to describe the residuals between projected and observed points in the tangent
space as:

dar
[d s

=1, (RPCx} +t©) (7.15)

With two equations per point, the total number of equations (as in Eq. 7.15) for n points are 2n. When
the relative pose is known, the residuals (dr and ds) in tangent space are zero. Considering zero residuals, n
point projection problem is described by a homogeneous system of linear equations:

Au=0 (7.16)
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The column vector, u, is a flattened vector with components of the pose matrix, such that:
T
u = [Ryy, Ri2, Ri3, Ro1, Ro2, Ros, R31, Ra2, Rss, 1, 12, 13] (7.17)

where, R;;, (i, j =1, ...,3) are elements of rotation transformation matrix Rgc and ¢; are the elements of trans-
lation vector tc. Together, they completely describe the pose matrix from Eq. 2.4. While, the design matrix A
derived from Eq. 7.15 is a 2n x 12 matrix, given as :

B B B B B B B B
r1x% rlle T'1Z}3 7'2.76}3 rzle I’3xlB I’3y}g ngjlg rn r 13
slxl 313’1 slzl ngl Sgyl S3)C1 S3_)/1 Sng S1 S22 83
A= . . . . . . . . . . . (7.18)
B B B B B B B B
r 1x1,§ r y% rlzg rzx% T2 y% rgxg r3 y% rgzl,é rn, rp rs
S1X, 1Y, 15, 2%, 2V, S3X,  S3Y, S3%, S1 S22 83

where, r; and s; are the coordinates of the basis vectors in tangent space, while xB, yB ,zB are coordinate of
the observed point in the object’s body frame.

7.1.5. Linear Least Squares Solution

The solution to the linear system of equations is the one that minimizes the residuals in the tangent space.
The normal equations for such a least squares problem, given the homogeneous system :

ATWAu=Nu =0 (7.19)

If uncertainty is not taken into account, the weight matrix W is simply an identity matrix. If uncertainty
of observations is taken into account, the weight matrix, W, is composed of inverse of covariances as shown
in Eq. 7.20. Note that MLPnP can be used with or without inclusion of keypoint covariance. The covariance
information is always included in this work and the terms ‘MLPnP with covariance’ and ‘MLPnP’ is inter-
changeably used without further distinction.

Evv 7t .. 0

W=P-= . . . (7.20)

0 R
The solution to the given normal equations subject to |[u|| = 1, is obtained through Singular Value De-

composition (SVD) of matrix N:

N=U0xzVv’ (7.21)
The solution is the right singular vector in V associated with the smallest singular value in X. The elements in
the estimated vector u are determined subject to the constraint ||u|| = 1, and are therefore scaled. Prelimi-

nary estimates of rotational transformation matrix and translation vector are:

Cfm o
R=|Ry Ry, Byl 5 (=g (7.22)
Ry, Rg, Ry Iy

In order to estimate the relative translation vector, the last three elements (see Eq. 7.17) of the solution
vector need to be scaled appropriately. Urban et al. [58] in their original work use the orthonormality con-
straint for columns of the rotational transformation matrix- i.e. to scale all the 12 elements of u by a factor
that makes the the columns of R’ of unit norm. However, the nine elements of R’ are independently esti-
mated and thus the norm of each column vector is not the same. The scale factor (sy) is then recovered from
geometric mean of all the three columns of R’ to estimate the camera relative position (t<,, ):

1
Su = (7.23)
SRR, IR

tC, = sy.t' (7.24)

est
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Finally, the rotation matrix (RES‘E) is estimated by recovering the nearest orthogonal matrix for the pre-

liminary rotation matrix (R’). The nearest orthogonal matrix is the one with the same right and left-singular
vectors as in SVD of R’, but with all singular values replaced with one- i.e. £ = I3,3

REC = u,1v] st R =u0,zv] (7.25)

est —

This is equivalent to removing the scaling tranformation and preserving only rotation transformations in R’
iie. Uand V.

7.1.6. Non-linear Refinement

The linear estimate of relative state is further refined using Gauss-Newton optimization, similar to non-
iterative solvers like EPnP [47]. Gauss-Newton algorithm is used to minimize the residuals in the tangent
space given in Eq. 7.15. The pose vector in the Gauss-Newton optimization routine is reduced to a minimal
representation. This is done by transforming the estimate of rotation matrix, Rfs(i to Rodriguez parameters '.
The 6-vector pose representation is:

Xest = @y apazty to t3) "

with n tangent space residuals computed using Eq. 7.15:

Ers=1[dridsy.....drn,ds,) " (7.26)

The Gauss-Newton update to the pose vector (Ax) of f is then given as:

Ax = (]i—rs P Ix—rs)_1 ]i—rx PE;s
where, J,_,s is the 2n x 6 Jacobian comprising of partial derivatives of pose vector with respect to the
tangent space residuals (Eq. 7.15) and P is a 2n x 2n matrix (Eq. 7.20). Urban et al. [58] suggest that linear
solution is very close to the local minima, and therefore the optimization routine can find the solution in less
that five iterations. This is favorable due to the computationally expensive inversion operation (J7 P J)™!
required for the Gauss-Newton refinement.

7.1.7. Pose Estimation Uncertainty

The MLE framework of the solver allows computation of uncertainty in the estimated pose. The uncertainty
of the estimated pose is derived using uncertainty propagation for indirect observations in least squares for-
mulation. The co-factor matrix for a normal equation (similar to Eq. 7.19), the cofactor-matrix (Q,,) that
contains covariance elements of the vector u is the inverse of coefficients matrix, given as:

wu = N1 (7.27)
Then, the covariance can be computed as following:
> =G5N"! (7.28)

where, G is the estimated variance factor for indirect observation. The reader is referred to [158] for extensive
review of this aspect. Urban et al. [58] adapt this to MLPnP to compute the covariance of the estimated pose
as:

Tat = 0% Zat (7.29)

T . , dr’'Pdr
Zat = Ty ps Plx—rs) P00 ST (7.30)

where, dr = [dry, ds; ... dry, ds,lis 2n x 1 sized vector of stacked tangent space residuals.

INOTE: MLPnP toolbox from [58] uses classical Rodrigues parameters
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7.1.8. Evaluation Metrics
Translation accuracy for a pose estimate is evaluated using translation error vector defined as:

Er = |t§st - ttcrue| (7.31)

It can alternatively be used in terms of percentatage, which is simply: 100.||Er]|.

The Rotation accuracy for a pose estimate is evaluated as the axis-angle error around the Euler axis, de-
fined as:

Er =2cos ' (ge0) (7.32)

where, g, is the scalar element of the 4-vector error quaternion defined as

-1
Qe = Yrrue ® et

using quaternion multiplication (®) and quaternion inverse(q~!). For convenience, the expression is de-
scribed in quaternion parameterization. See Appendix B for details on attitude representations and transfor-
mations to alternative representations.

7.2. Preliminary Evaluation

Preliminary evaluation of the solver seeks to verify the performance promised in the original work [58] by
employing it for uncooperative spacecraft pose estimation. To establish a reference for performance com-
parison, CEPPnbP, the only other covariant solver is also included to estimate the pose for the same set of
images. From the verification results in Urban et al [58], MLPnP is expected to have better performance than
CEPPnP and other solvers, while being computationally efficient. However, on employing the MLPnP solver
to estimate pose from network keypoint predictions of the SPEED and Envisat-1 dataset, it exhibits a signif-
icant deterioration of performance in the pose estimate. The error magnitude is more pronounced in the
Envisat-1 dataset in which the target is imaged from 90m, 120m, 150m and 180m. It is observed that the
MLPnP pose solution degrades in accuracy with increasing relative distance. In comparison to the CEPPnP
solver, the pose estimates from the MLPnP solver tend to be significantly worse. Figs. 7.2(a) and 7.2(b) show
the mean and standard deviation of relative attitude error in axis-angle representation and relative distance
error for target for MLPnP and CEPPnP. The results are generated for 2000 random images from Envisat-1
images using the keypoint (n = 16) predictions from a trained HRNet KD network, for a preliminary analysis.

=P i Cov
——cepew

Mean distance error (m)
Mean Attitude Error (deg)

o l l
-10 S l
w @ w0 10 @0 @ w0 1 0 7m0 e 1% w10 1o 0 w0 10 1 w0 w0 1w 1w
True relative range (m) True relative range (m)

(a) Relative Position Error (b) Relative Attitude Error

Figure 7.2: Pose estimation statistics on Envisat-1 using keypoint predictions from HRNet-W32 trained model

The pose estimation results are found to be incoherent with the results presented in the original work.
Since Envisat-1 is restricted in range and pose distribution, it is necessary to assess the solvers in detail us-
ing a broader regime of pose and noise conditions, such that the results are conclusive and generalizable.
In order to assess and verify this in detail, the MATLAB toolbox 2 used in [58] was adapted and tested for
higher relative distances on random set of 3d points. It was discovered that the default test set in Urban et al.
[58] used random 3d points with distance along the boresight (z°) between 4m and 8m, for which the solver
shows superior performance. However, when the relative range in increased, performance of MLPnP solver

2MLPnP matlab toolbox: ~ https://github.com/urbste/MLPnP_matlab_toolbox/
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Test case || 3D object points | o (px) [ x“range (m) [ y“ range (m) | z© range (m) |

default random 1,357 (-2, 2] [-2, 2] (4, 8]
A random 1,3,5,7 [-5, 5] [-5, 5] [10, 50]
B random 1,3,57 [-5, 5] [-5, 5] [50, 100]
C random 1,3,5 [-5, 5] [-5, 5] [100, 200]

Table 7.1: MLPnP evaluation: Monte Carlo test case for random 3d object points

’ Test case H 3D object points ‘ o (px) ‘ tf range (m) ‘ tyC range (m) ‘ tZC range (m) ‘ samples ‘
| E1 || Envisatmodel [ 3 [ [-20,200 [ [-20,20] | [50,200] | 20000 |

Table 7.2: MLPnP evaluation: Monte Carlo test case for Envisat spacecraft model

degrades. Fig. 7.3 shows the performance (accuracy) of MLPnP solver in comparison with an exhaustive list
of other solvers exactly as presented in [58]. The pose estimation tests are done for fixed number of points
(n=20) and varying standard deviations (o) for the pixel measurement error. Each sample is a random set of
n points is generated in ranges of x,y and z axes in the camera frame. Each of these samples is associated
to a true relative pose, such that center of the hypothetical object is the geometric center of randomly gen-
erated points and its orientation is characterized by three randomly generated Rodrigues parameters. This
truly characterizes an object viewed by a camera in a generic sense, enabling conclusive analysis of solver
performance. The randomly generated object points are then projected on to the image plane for a simple
projective camera model, after which the Gaussian noise is added to each image keypoint. For each value
of standard deviation for the Gaussian pixel noise, 500 such noisy samples are generated and fed to all the
solvers. In order to assess the effect of relative range, the position of object points in the boresight direction
is varied up to 200 m. In order to get a sense of degradation, the boresight ranges are divided into 3 cases- A,B
and C as specified in Table. 7.1.

It is clear that with increasing relative distance, MLPnP severely degrades in performance in comparison
to almost all other popular solvers. This conclusion remains invariant when the x and y ranges are varied.
Therefore, the utility of MLPnP solver at higher relative distances to the target spacecraft is unsuitable for
the navigation framework. To reinforce this inference, an evaluation of MLPnP solver is also conducted with
Envisat’s 3D model as the object and 16 keypoints characterized in the Envisat-1 dataset. In contrast to ran-
dom points (imitating random objects of an approximate size) in the previous evaluation, the keypoints in
the body frame are fixed. k random pose vectors are generated from a normal distribution. Rotation is char-
acterized by random 3-vector of Rodrigues parameters from a normal distribution in SO(3). Translation is
characterized by a 3-vector where each component is uniformly distributed in respective ranges as in Table
7.2. Using the random pose, model points are projected onto the image plane using the projective camera
model of the Envisat-1 dataset, and gaussian noise is added to the projected image points. A total of ten thou-
sand random poses are used to evaluate the solver’s performance for the Envisat spacecraft model. CEPPnP
is used as a reference for comparison, since it is the only other covariant solver relevant to the navigation
framework design. Therefore, other solvers are excluded, wherever not relevant.

Pose estimation results in Fig. 7.4 extend the results of Fig. 7.2 to uniformly distributed relative positions
in the range of 50m-200m, in contrast to 3 discrete positions (90m, 120m, 150m) in Envisat-1 image dataset.
Steep increase in mean position error is especially drastic for MLPnP solver, compared to CEPPnP. Further,
Fig.7.5 show how the pose estimation error varies with pixel location error at various relative separation. The
sensitivity of MLPnP solver to pixel noise at higher relative range is clearly visible. The surface plots show
that while MLPnP accuracies can be better or equivalent to CEPPnP at smaller relative distances, CEPPnP is
clearly superior as it exhibits significantly smaller error in position and attitude at larger relative distances,
even in the presence of pixel noise.

Preliminary evaluation provides clear indications of unsuitablity of MLPnP for the navigation framework.

7.3. Algorithm Modification: Scale Recovery

The dissection of the problem and debugging the MLPnP codebase reveals that the degrading performance
of the solver results from a bad linear solution Egs. 7.24 and 7.25. Specifically, the scale recovering step (Eq.
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Figure 7.3: Pose Solver Performance Evaluation Results
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Figure 7.5: Pose Estimate Test Case-E1: Error variation with relative range and pixel noise

7.24) from the preliminary rotational transformation matrix (R’), using column orthogonality constraint. It
is observed that the linear estimates (scaled) of translation vector (t'), does points in the right direction, as
noted in the original work [58]. However, the scale recovery step using the geometric mean of the column
vector norms (Eq. 7.25) breaks down at higher relative distances. The geometric mean technique based on
preliminary rotation matrix (R’) for scale recovery is observed to be very crude. This is because, while a
direction cosine matrix is a non-singular representation, it is subject to six constraints. Firstly, it is not clear
why only three (column) constraints are exploited. Secondly, the independently determined elements of the
preliminary rotation matrix do not guarantee column norms close to each other and therefore the method
would be effective only for specific relative geometry. The method works well when all three column norms
are close to the true value. On the other hand, when a small target is observed from a larger distance, the
column norms can vary greatly from each other and drive the geometric mean of the three columns away
from the true scale. As a result the bad scale recovery results in an inaccurate translation vector estimate.
This in turn forces the Gauss-Newton optimization routine to find a pose solution with minimum residuals
close to the linear solution. This result in further divergence of the attitude estimate.

In the preliminary analysis, the divergence between the true and estimated scale factor is assumed to be
correlated to the nullspace values of bearing vectors - i.e. the basis vectors r; and s; (Eq. 7.12) corresponding
to each keypoint. When the target object is far along the boresight direction, as is the case for the spacecraft in
Envisat-1 dataset, the tangent space is almost perpendicular to the Z-axis. In other words, the basis vectors lie
mostly in X-Y plane with Z-components (r3 and s3) being negligible. In this case, the norm of the third column
of R in Eq. 7.22 (R.3) diverges the most from the true scale factor. Therefore, it would be logical to discard
the corresponding column norm. It is discovered that for such cases, discarding the corresponding columns
result in better scale recovery. Alternatively, to generalize this for object not specifically along boresight, a
correlated weighting scheme could be formulated which relates tangent space bearing vector elements with
columns of R'. Such a weighting scheme was found to be more nuanced and not generally applicable for
all domain conditions in a generic pose estimation problem. However, constraining the 9 independently
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Figure 7.6: Illustration of SVD of composite scaling and rotation transformation on a unit sphere in &3

estimated elements of R’ with unit-norm columns of other constraints of a DCM remains ineffective in the
analyses. Additionally, the reasoning behind weighting based on tangent space bearing vector is not realized.

It is also noted that the approaches discussed thus far remain disconnected to the final step of recovering
the nearest orthogonal transformation matrix for rotation. In principle, the appropriate "rescaling” of the 9
elements of R’, occurs in Eq. 7.25 using SVD of R'. As noted earlier, the nearest orthogonal matrix is obtained
by removing the scaling effect in R’ i.e replacing the singular values with unity (X = I) in the decomposition. It
is assumed that this step is relevant to a retrieving the scaling factor that is consistent with the reverse scaling
with which the nearest orthogonal matrix computed in Eq. 7.25.

In effect, SVD decomposes a combined rotation and scaling transformation into orthogonal matrix of left-
singular vectors (U), a diagonal matrix with singular values (X) and an orthogonal matrix of right-singular
vectors (V1). A geometric interpretation of SVD is illustrated in Fig. 7.6 for a given unit sphere in R® un-
dergoing a transformation R’. The transformed ellipsoid is such that the semi-axis of the ellipsoid represent
the singular values in the diagonal matrix X from SVD. The singular value matrix () is such that it contains
singular values along the diagonal in the decreasing order.

01 0 0
o=10 o O ; 01 =09 =03
0 0 03

This geometric interpretation allows articulation of singular values and their transformation in R3. Now,
consider Eq. 7.25, where the left and right singular vector matrices are used to find the nearest orthogonal
matrix. This results from replacing all singular values with unity. This is illustrated in Fig. 7.7 for an analogous
unit sphere, where a transformation (R’) that results into the ellipsoid, can be transformed into a unit sphere
with orthogonal transformation, UV?, such that the basis vectors are closest in terms of their Frobenius norm.
In effect, when the singular values are replaced with unity, the coordinate space is scaled by a linear combi-
nation of the singular values. This motivates the question - Can singular values be used to recover the scale
factor for the translation vector?

Reconsider the 12-vector linear solution that determines the preliminary (unscaled) rotation matrix (R')
and translation vector (t'). Let’s assume an arbitrary coordinate system exists in which the preliminary trans-
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R=1V"

Figure 7.7: Illustration of nearest orthogonal matrix transformation composed of left and right singular vectors of R’

lation vector (t) is defined that points in the right direction, as noted earlier. Then, the SVD operation that
is used to derive the nearest orthogonal matrix, also contains representative scale information by which a
vector in the arbitrary coordinate system are scaled with respect to the original frame (camera frame). Since,
the arbitrary coordinate system that contains R’ and t’ is not defined, it is not possible to derive linear com-
binations of singular values that result in the exact 3D scaling. Instead, the proposed approach is to use the
intermediate singular value (0,) from SVD of R’, which is found to minimize the translational error. By ob-
taining a more accurate relative position estimate, the modification also results in improvement of relative
attitude estimate during the non-linear refinement.

Therefore, the scale recovery modification to the algorithm is to eliminate the step in Eq. 7.24 that uses
geometric mean of column norms and derive scaling factor from singular value decomposition of R'.

Given R’ and its SVD:

R =U,3,V! (7.33)
(oa] 0 0

2o=10 o2 O ; 01 =02 203 (7.34)
0 0 o3

The rotational transformation matrix (RE®) is estimated as the closest orthogonal matrix (w.r.t Frobenius
norm) to R’, as in Eq. 7.25:
REC = U, V! (7.35)

However, the scale factor that estimates the translation vector t¢ from t’ is the second singular value in
X,, such that:
C 1 I
tt = —t (7.36)
02
This pose estimate is then refined in the Gauss-Newton optimization routine, as earlier. Since, the modifi-
cation to the algorithm only involves utilizing the singular values obtained from the SVD of R/, there is no
extra computational expense added to the algorithm. Therefore, the computational cost benefit of the al-
gorithm remains consistent as stated in Urban et al [58]. In fact, eliminates the norm and geometric mean
computations of Eq. 7.24, which reduces computation requirement, although very insignificantly.

7.4. Verification

The modification made to the MLPnP algorithm is tested extensively and verified. First, a very preliminary
comparison is made to demonstrate effective scale recovery of the modified algorithm in selective cases as
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MLPnP [58] Modified MLPnP (Ours)
No. || True Posi- | Pixel Expected Estimated Position Expected Position
tion (t©) noise scale factor | scale factor | Error (JAt¢)) scale factor | Error (|AtC))
(0px) (As) (As) (As)
(m) (pixels) (m) (m)
1 (0,0,120) 3 0.0083 0.0093 13.26 0.0086 4.31
2 (0,0,150) 3 0.0067 0.0101 51.45 0.0064 5.35
3 (0,0,180) 3 0.0056 0.0079 54.41 0.0052 11.51
4 (20,-20,90) 3 0.0106 0.0122 8.1 0.0107 0.85
5 (50,50,140) 3 0.0064 0.0120 73.32 0.0060 9.23
6 (60,-10,140) | 3 0.0058 0.0080 46.62 0.0057 4.79

Table 7.3: Preliminary assessment and comparison of the scale recovery modification

compared to the original algorithm. Table 7.3 shows the results for countable cases of envisat model at a
considerable relative distance from the servicer. It is clear that the modified algorithm is more effective at
scale recovery, which results in lower estimation error for relative position. It is observed that in singular
cases of favorable geometry, the scale recovery step of the original algorithm performs well. However, in
systematic comparative analysis, it remains largely inferior to the modified algorithm in scale recovery.

Given the preliminary quantitative indication of accurate scale recovery and lower translation error, the
modification is further verified in the standard evaluation framework of MATLAB toolbox used in Urban et
al [58]. The test cases in Table 7.1 are repeated for the MLPnP algorithm with scale recovery modification.
The results for the modified MLPnP are shown in Fig. 7.8, which draw direct comparison to the results of the
original MLPnP algorithm in Fig. 7.3. After modifications, the algorithm maintains the performance of pose
estimation at smaller relative distances, while drastically improving the translation error at larger distances
(Test cases B and C). The scale recovery modification also results in the improvement of the rotation error
performance by close to 50%. However, the rotation error performance in test case C, with the largest relative
distances, stands out in comparison to other solvers. Figs. 7.9 & 7.10 provide additional insight into test
case C in terms of median of translation and rotation error in test case-C, before and after scale recovery
modification. It is evident that the improvement in pose estimation is significant as median of modified
MLPnP with covariance is at par with the best performing method (CEPPnP). From the given results, it can be
concluded that while MLPnP produces a rotation estimate, the sensitive cases with higher noise can result in
considerably high rotation error.

The results of the modified MLPnP algorithm show its effectiveness in overcoming sensitivity to large rel-
ative distances. More importantly, it provides verification of the modified algorithm and it’s performance
improvement in a truly generic sense for a pose estimation problem in the same framework as the original
work [58]. To further validate it’s performance specific to the spacecraft pose estimation problem, the modi-
fied algorithm is tested and compared with CEPPnP.
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Figure 7.10: Median Rotation Error Improvement on Test Case-C

Comparison: CEPPnP vs modified MLPnP

The verification of MLPnP solver with the scale recovery modification is further reinforced by testing it for
Envisat case under specific investigation in this work. The test case E1 in Table 7.2 is repeated with the mod-
ified algorithm. Compared to the results in Fig. 7.4 and 7.5, the modified algorithm demonstrates significant
improvement as shown in Fig. 7.11. In contrast to CEPPnP, the modified MLPnP maintains translation error
less than or almost 10% of the relative range upto 200m. In the rotation erro, the modified MLPnP degrades
in performance beyond 120m, after which the mean error remains close to that of CEPPnP, but shows higher
standard deviation in attitude estimate error. Simultaneous error variation with respect to true relative range
and mean detection error in Fig. 7.12 provide further clarity on performance comparison between CEPPnP
and the modified MLPnP solvers. While the modified MLPnP is consistently superior in translation, the ro-
tation error performance is also superior to CEPPnP solver’s below 120m. More importantly, the modified
MLPnP proves to be more robust to increasing pixel noise when the same Monte Carlo analysis (test case E11
in Table 7.2) is done for a higher standard deviation of 5 pixel. The results in Figs. 7.13 and 7.14 show clear
superiority of the modified MLPnP solver against CEPPnP. Given the exhaustive set of verification tests and
supporting results, the modification made to the MLPnP solver is verified and the modified solver is deemed
suitable for its applicability to the navigation framework concerned in this work, due to it’s performance and
robustness to separation range and pixel noise.



7.4. Verification

85

Figure 7.11:

50 T T T
—J— MLPnP with covariance
—F—ceppe.

g

:

2w 4

g

g

§ =

i

. ]
T T e

True relative range (m)

Relative Position Error

=

(a

B - T
[ ST Is—
cererp
w
0
)
5
H
R
H
E
o
10
a0 . . . I
w0 o 0 100 w0 )

0 a0
True relative range (m)

(b) Relative Attitude Error

Pose estimation performance comparison in presence of pixel noise (o = 3 px)

Mean Position Error (m)

: w
True relative range (m) @ 3

(a) Relative Position Error

Mean attitude error (deg)

160 a5

140
120 4 "

) 0 Mean detection error (pixels)

True relative range (m) Pt

s

(b) Relative Attitude Error

Figure 7.12: Pose estimation comparison: Error variation with relative range and pixel noise (o = 3 px)

Figure 7.13:

250 (— T T T T T T T
- MLPnP with covarance)
—F—ceprre
200 - 1
e
3]
c
S 100 1
3
g
8
c
8 sop J
=
ol J
50 Lt . . . . . . .
60 80 100 120 140 160 180 200

True relative distance (m)

(a) Relative Position Error

90 [ T T T T T

—E— L1 vith covariance
—F—ceppop 1

Mean Atiitude Error (deg)
5

60 8 100 120 140 160 180 200
True relative range (m)

(b) Relative Attitude Error

Pose estimation performance comparison in presence of pixel noise (o = 5 px)

g

CEPPIP
MLPRP vith Covariance

3 8 E 3
g8 8 35 8

Mean position error (m)

True relative range (m)

(a) Relative Position Error

PP
PAP with Covariance

Mean rotation error (deg)

— 9

/
7
s Mean detection time (pixels)

(b) Relative Attitude Error

o o7 -
80

True relative range (m) w5

Figure 7.14: Pose estimation comparison: Error variation with relative range and pixel noise (o = 5 px)



86 7. Pose Solver

7.5. Conclusions

The pose solver component of the navigation framework is presented in detail. A novel solver that employs
maximum likelihood estimation to solve the PnP problem has been described. The merits of using the MLPnP
solver are highlighted for robust pose estimation and preservation of uncertainty information in the process.
More importantly, the shortcomings of the original algorithm are revealed and investigated in detail. Further,
a modification is proposed to overcome the problems and improve its performance, followed by an extensive
verification. The modified solver shows significant improvement over the original and is instrumental in
enabling a loosely-coupled state estimation with pose uncertainty computed in the loop, by allowing the
computation of covariance of the pose pseudo measurements in the navigation loop.



State Estimator

In order to support the on-board guidance and control functions, the vision-based navigation system needs
to provide filtered state estimates. In the previous section, the MLPnP pose solver was described which es-
timates the relative pose of the target and the associated pose uncertainty from the keypoint predictions.
The state estimator subsequently uses these pose estimates to provide filtered state estimates subject to the
dynamics of relative motion. The estimated state vector consists of position, velocity, attitude and angular
velocity components of the target relative to the servicer. The use of state estimator or filter ensures that
the state estimates are available at a desired frequency in the GNC loop. This also ensures availability of
the relative state information in between measurements, when the measurement frequency is lower due to
the computation requirements of the pose estimation pipeline. Additionally, it can continue providing state
estimates during short intervals when the target is not visible or out of view, due to operational constraints.

In this section, the Multiplicative Extended Kalman Filter design is reviewed that allows preliminary anal-
ysis on integration of a state estimator to the elements of pose estimation pipeline discussed in the previous
sections. A loosely-coupled approach is adapted for the filter which uses the pose estimate and heatmap-
derived pose uncertainty in it’s measurement model. MEKE an extension of EKF common to attitude esti-
mation is utilized that adds an additional reset step for attitude parameterization within the filter. A loosely
coupled MEKF uses linearized dynamics of relative motion in the prediction step and the estimated pose
(and its covariance) in the correction step. In this chapter, a description of filter design is presented. A simple
design with reduced dynamics is considered imperative for preliminary verification of the loosely-coupled
approach that takes in the uncertainty from the MLPnP solver. Further, it is assumed that the target orbit is
circular and the absolute position of the servicer spacecraft is known with certainty. These simplifications are
motivated by other similar works [12, 60] on vision-based navigation for a preliminary analysis. Once veri-
fied, the fidelity of the relative dynamics, sensor model complexity and extensions to non-linear filters can be
incrementally studied in the future.

8.1. Extended Kalman Filter Equations

For the relevance of estimation onboard a digital computer, a discrete time EKF is reviewed here. For further
details, readers are referred to standard texts in optimal estimation like Simon [159] and Crassidis and Junkins
[160].

For a linearizable dynamical system under observation, the system dynamics and a measurement model
in discrete time can be written in discrete form as:

Xp = PpXp-1, + Wi (8.1)
2 = HyXg, +vi (8.2)
where, Hy is a matrix expressing the measurement or observation model, @ is the state transition matrix x;
is the state vector and z;, the measurement vector at discrete time interval k = 1, 2, ... n. The process noise

in state propagation, wy and the measurement noise vy, are assumed to be zero-mean Gaussian noise vectors
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with covariance Q. (dynamic) and Ry (measurement) respectively, such that:

wi ~ A (0,Qp) and Vi ~ N (0,Rg)

The filter is intialized with a random state vector 5(3 such that:

%0 = Elxo]
P} = E[(xg —%o) (X —%0)”] (8.3)

where, P represents the state covariance for the Gaussian distribution of the state estimate.

The filter loop consists of prediction (time update) and correction (measurement update) steps. The pre-
diction step computes apriori estimates of the state (X,.) and the associated covariance (P, ), given by predic-
tion equations:

X, = DX,
P, = O P O + Qg (8.4)
Subsequently, given the availability of measurements, the state estimate is updated with the Kalman gain:
K¢ = Py H] (H P, H{ + Rp) ™" 8.5)

to find the (sub-) optimal update to the apriori estimate using the measurement update equations:

X = % + K (2 — Hy X))
P} = (I - K Hy) Py (8.6)
It is necessary that the covariance matrices- P, Qx and Ry be symmetric and positive definite. Practi-

cally, truncation and other round-off errors can violate these conditions, leading to numerical instability in
filtering. It is typical to use covariance update given in Eq. 8.7 to overcome these practical shortcomings.

P; = (I - KyHp) Py 1 - Ky Hp ' + Ky ReK!

Pi = 5 (P +P]) (8.7)

8.2. Dynamics of Relative Motion
8.2.1. Translational Dynamics

Relative translation motion between the spacecraft can be described in the Local Vertical Local Horizontal
(LVLH) frame of reference. LVLH frame is centered at the center of mass of the spacecraft in the reference
orbit. For the problem at hand, the reference orbit is considered to be that of the servicer, since the absolute
state of the servicer is assumed to be known. The X-axis of LVLH points along the radial vector (the local
vertical), the Z-axis points perpendicular to the orbit plane and the Y-axis completes the right-hand triad
(along the local horizontal).

For close-proximity scenario concerned in this work, the equations of motion can be linearized subject
to:
llrr —rsll
llrsll
where, rr and rg are absolute positions of the target and servicer spacecraft respectively. Then, a system of
first-order equations describing the relative motion between the servicer and target spacecraft is given as
following ([161], Chapter 7):

(8.8)

L (2u  h? 2(f-r)h A
0=5x—(ﬁ+ﬁ)6x—( p )6y+2(ﬁ)5y

. (pn R 201 h h) ..
0=6y—(ﬁ—ﬁ)6y—( " )6x—2(ﬁ)6x
0=z:+L4 (8.9)



8.2. Dynamics of Relative Motion 89

where, p is the gravitational constant, h is the magnitude of orbital angular momentum and r denotes the
absoluted distance of the servicer (r = ||rgl||), with subscript removed for clarity and generality of expression.
When the target spacecraft is assumed to be the reference, the system of equations apply for r = ||rgl|.

The aforementioned equations of relative motion can be further simplified by assuming the reference
orbit to be circular. In the case of a close-proximity rendezvous for debris removal, this is a reasonable as-
sumption as highlighted in [57]. The resulting frame of reference is called the RTN (Radial, Tangential and
Normal), similar to LVLH, in which the Y axis points in the direction of the instantaneous velocity. This is
often ambiguously equated to the Clohessy-Wiltshire frame, which however in the original work specifies the
X and Y axes in the opposite direction [162]. To eliminate the ambiguity of definitions, this coordinate system
will be unambiguously generalized as the LVLH coordinate system defined earlier.

Assuming mean circular orbit of the servicer, the equations simplify to Clohessy-Wiltshire (CW) equa-
tions, given as:

0=0%X-3ndx—-2ndy
0=26y+2ndx
0=26%2+n%6z (8.10)

forf-r = 0and h = /g7 in Eq. 8.9. The coefficients are constant in terms of reference orbit’s mean motion,
n = y/ulr3. Therefore, the closed-form solution to the CW equations exists and is given as a function of time

51‘(t) _ 51‘0
svin| = D,y (1) Vo (8.11)
where, @, is the state transition matrix. The matrices ®,, is computed as:
(P11 Dr2
D y(2) = [(1)21 Doy (8.12)
where,
4-3cosnt 0 0 ] [ Lsinns 2(1 - cosnt) 0
@, = |[6(sinnt —nt) 1 0 Dy = %(cosnt -1) %(4 sinnt — 3nt) 0
0 0 cosnt] | 0 0 %sinnt
3nsinnt 0 0 ] [ cosnt 2sinnt 0
®,, = |6n(cosnt—1) 0 0 Oy = [-2sinnt (4cosnt—3) 0
0 0 -—nsinnt] | 0 0 cosnt
(8.13)

The analytical solution to CW equation follows an in-plane cycloidal motion and a decoupled out-of-
plane harmonic motion. Finally, the dynamic model used for filter can be written by adding process noise in
Eq. 8.11:

r(f)

V(1) = ®,y(0)

+T,yw, (8.14)

o
Vo
where, the § notation is dropped and relative position and velocity is denoted simply as r and v respectively.

I',, W, term is the process noise incorporating small disturbance forces, given by the dynamic process co-
variance (Qg), and I';, is specified as follows [63]:

ﬁl3x3m‘2
Lrp(n) =
%I3x3At
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It is relevant to note that the pose estimated by the pose solver described in Chapter 7, is represented in
the camera frame of reference. Hence, the estimated position vector is transformed from the camera frame
to LVLH and vice-versa by accounting for the separation of spacecraft’s center of mass and the camera frame
origin. The servicer’s arbitrary body frame is assumed to be centered at the spacecraft’s center of mass, coin-
ciding with the origin of the LVLH frame. If that is not the case, an additional linear translation between body
frame and LVLH must also be included.

While CW equations have been widely utilized in modelling relative orbital motion, they take neither per-
turbations nor ellipticity of orbits into account. Consequently, the non-linearities in the real-world diverge
from the CW estimates, depending on the perturbations and the ellipticity. However, the simplified dynam-
ics and the closed-form solution of CW equations make it suitable for preliminary analysis using first-order
approximations for the relative motion. Given an unconventional navigation pipeline, it is considered crucial
to first verify the system in a simplified yet representative scenario.

The CW equations can be extended to include the J, effect in linearized form as shown by Schweighart
and Sedwick [163]. In a more general sense, specific perturbations and ellipticity of orbit can be taken into
account by adding perturbative accelerations in Eq. 8.9. However, without a closed-form solution, the com-
putational demand of such a cartesian representation increases significantly. Alternatively, relative orbital
elements formulation from D’Amico [164] can be used to include first-order perturbations in the linear dy-
namics model. Relative Orbital Elements are the constants of CW equations under certain assumptions and
allow convenient representation of common perturbations, while being computationally efficient. The utility
of ROE based dynamics model and it’s broader inclusion in the GNC subsystem has been demonstrated in-
flight for autonomous formation flying of PRISMA mission [133]. For a comprehensive survey on dynamics
modelling for relative orbital motion, the reader is referred to Sullivan et al. [165].

As discussed earlier, the central experiments in this work are simplified for verification of the proposed
framework as a whole. A propagator based on relative orbital elements was implemented but considered re-
dundant for the simplified navigation scenarios considered in the experiments. For completeness and future
use, the equations in ROE representation are noted in Appendix F.

8.2.2. Rotational Dynamics

To model the relative rotation motion between the spacecraft, a constant angular velocity model is considered
with small angular rate assumption. Therefore, internal or external torques affecting either of the spacecraft
are not taken into account. The model described here, closely follows the model in Tweddle and Saenz-Otero
[166].

Consider attitude parameterization using unit-quaternion representation:

qQ=qo+qii+q2j+qsk st \/q§+qf+q§+q§:1 (8.15)

where, g is the scalar component of the 4x1 quaternion vector.

The Non-linear dynamics in continuous time can be written using Euler’s equations as:

%Q(w)q (8.16)

@ J ! (o xJo+w,) = T w, (8.17)
where, w,, is the process noise parameter that incorporates small unmodeled torques acting on both space-

craft. Also,
0 w3 —W2 W
—wW3 0 w1 w2
—W1 0 w3

Quaternion representation for attitude is convenient as the kinematic equations in quaternion form are
(bi)linear and individual rotations represented by quaternions are non-singular. However, a 4-vector unit-
quaternion is subject to normalization constraint given in Eq. 8.15. Additive nature of measurement update
equations in the conventional EKE do not ensure that the resulting quaternion has unit norm. More impor-
tantly, the covariance matrix associated with quaternion representation suffers from rank deficiency and one
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Figure 8.1: MRP linearization trend for small angle assumption

of the eigenvalues of the state covariance matrix becomes zero. In numerical implementation, the eigenvalue
becomes very close to zero but bears round-off errors which can result in the value being negative. This can
lead to state covariance being non-positive definite. This effect compounds the numerical instability prob-
lem in the EKF and can lead to divergence of the filter estimate.

To eliminate the deterministic component of the quaternion vector, a 3-vector minimal notation similar

to Modified Rodriguez Parameters (MRP) ! is adapted. The 3-vector notation adapted in this work, is given
as:

4 ql
= 1
Y=o Zi (8.18)

Note that a, represents four times the MRP (o) elements:

a, =40
01 9
o= |oy| = etanZ (8.19)
03

where, e = eji +e2] +e3 k represents the Euler axis and 0 represents the angle of rotation around it, according
to the Axis-angle representation summarized in Appendix B. For small angle rotations, notice that the MRPs
linearize to represent one-fourth of the angles of rotation along the principal axes:

g 0

etan— = —e (8.20)
4 4

Consequently, using a representation: a, = 40, provides direct physical interpretation of rotation angles

about the principal axes. Given the tangent curve, the small angle linearization in Eq. 8.20, remains suffi-

ciently close to the true value, even for sufficiently larger angles as shown in Fig. 8.1.

In addition to small angle assumption, if a, is reset frequently, the kinematic equation is a linear function
in state parameters can be obtained by linearizing around a, = 03y1:

. 1
a,,:5 wx]ay +@ (8.21)

The system of equations in continuous-time are then given as :
ap 03x3
],1

ap

_ [3lox] s
w

O3x3  O3x3

] w, (8.22)

1See Appendix B
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To obtain a discretized form of Eq. 8.22, the state transition matrix (®,,,) and the noise propagation matrix
(T 20) are computed using matrix exponential of an augmented matrix A’ from Eq 8.22 as

(DD:eA’&t
jlwx] I3z Osx3
A'=] 033 03x3 J1 (8.23)

03x3  0O3x3 03x3

where the discrete time state transition (®,4,) and noise propagation (I',,) are submatrices of ®p, with
®p;j representing a 3x3 block submatrix in ®p :

@ _ |[Ppu1 Ppiz
aw ®p2;  Dp22
()
Tw = <I>D13 (8.24)
D23

8.3. Multiplicative Extended Kalman Filter Design

MEKEF is an extension of EKF that utilizes two representations of attitude to overcome the rank deficiency and
numerical instability issues involved in quaternion based EKE Introduced by Lefferts et al. [64], the working
principle of MEKF is based on a multiplicative error quaternion that allows the reset of the attitude state
parameters at every filter loop. A multiplicative error quaternion [160] between two quaternions q; and q is
given by

Squz =qieq;’ (8.25)

where, the operation ® represents a quaternion multiplication and the -1 in the superscript represents a
quaternion inverse.

The three parameter representation (a,), as defined in 8.18 is used for attitude representation within the
filter loop, while the state tracking is done with quaternions. After every iteration, the update to the filter
attitude parameters (a,) is used to update a reference quaternion with the multiplicative error quaternion.
Subsequently, the filter attitude parameters are reset to zero for the next update. The MEKF formulation
overcomes the rank deficiency issue in attitude covariance propagation that results from normalization con-
straint of the unit-quaternion representation for attitude. Since the reset step applies only to rotational state,
the translation state estimation is equivalent to that of a traditional EKE In the following, the state estimator

design is described in detail, closely following the work of Tweddle and Saenz-Otero [63].
Consider the state vector:
x=[r v q o (8.26)

where, r and v are relative position and velocity in the LVLH frame, while the q and w are the relative attitude
and angular velocity in the body frame of the servicer.

At a time step k, the reference quaternion is set as the posterior estimate of quaternion vector from the
previous step:

Qref = k-1

! 1 8 27
X [r vV a ‘"] ( . )

where, 3-vector a, replaces the 4-vector q. Every filter loop is initialized (reset) as a, = 034;. The prediction
step uses discrete-time combined dynamic model for the translation and rotation:

X, = (DkXZ—l + I'pwy
(8.28)

q)rv 06x6
06x6 (Daw

r rv 06x3

;o T = (8.29)
k k [06x3 Faa)

@ - |
k
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with associated covariance prediction:
- +
Pk = q)kPk71 (Dk + Qk
where,

T
r rv 06x3

_ Iﬂrv 0O6x3
Qk_[ 06x3 Faw

[U% 0353
06x3 Faw

2
O03x3 0Oy

(8.30)

the state transition sub-matrices for translation (®;,,) and rotation (®,) in Eq. 8.29 are computed as decribed
previously in Egs. 8.13 & 8.24 respectively. The measurements are then used to update this apriori estimate.

8.3.1. Measurement Model

Aloosely-coupled estimator is proposed for the navigation framework that utilizes the pose covariance com-
puted by the MLPnP solver. As highlighted in Section 2.3.3 & 3.1, maintaining a representative measurement
uncertainty in the filter loop is crucial for filter’s robustness to adverse detection. The measurement model of
aloosely-coupled estimator utilizes the psuedomeasurements of the pose obtained from the pose solver.

tC
B
qC

The translation vector must be transformed to the LVLH frame, while the quaternion representing relative
attitude must be transformed to 3-vector a,, that represents the multiplicative error quaternion.

or = (8.31)

(8.32)

where, following from [57, 166]:

c
ri, = Ryyrmt

1 o 5 BCgq !
ay = ; =
k 1+ 66120 sz 9= q qref

Ryy g is the transformation from camera frame to LVLH. For the close-proximity V-bar hold scenario con-
sidered in the navigation analysis, the camera boresight points in the along-track direction. Therefore, the
transformation from camera frame to LVLH is given simply as following:

1 0 0
Ryyrg=1(0 0 1 (8.33)
01 0

The measurement model for the considered loosely-coupled estimator can be written as:

2 = HX + vy (8.34)
where, the measurement Jacobian (H) is defined as:

Isx3 O3xs Osx3  Os3x3

H = (8.35)

03x3 03x3 Isx3  Osxs

Instead of using a constant measurement covariance, a commonly-adapted approach, the measurement

covariance (Ry) used in the filter is the covariance (Z4) computed by obtained from the MLPnP run for the
corresponding image, as in Eq. 7.30.

Rr = (Zad)k

This ensures that measurement covariance is representative at all times to handle dynamic scenarios with
bad visibility or poor feature detections for a loosely-coupled estimator
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8.3.2. Update Equations

The updated a-posteriori state estimate 5(;; is obtained from the a-priori estimatex;. and the Kalman Gain K
as following:

K=PH] (H;PH; +Rp) ™" (8.36)

%, =% +K(z - Hx}) (8.37)

When the measurement frequency is not the same as filtering frequency, the apriori estimate, x;_ is the
propagated state at step k.

8.3.3. Reset Step

In the reset step, the reference quaternion qyr is updated with the attitude error estimate a, and the new
attitude error is set to zero,

Qi = 0q() ® qref, (8.38)
a=03x (8.39)
Qref,.,, = k- (8.40)

The obtained estimated quaternion set qy is then compared to the real quaternion set to assess the angle
accuracy of the filter.

8.4. Conclusions

The design of an uncertainty-aware loosely-coupled estimator has been presented for preliminary analysis
in the navigation framework. A resettable MEKF is adapted, which uses pose psuedo-measurements to track
the translation and rotation states. The estimator is designed to be robust to variations in the optical op-
tical observations of the monocular camera by using the dynamic measurement uncertainty computed in
the loop by the pose solver. The estimator seamless integrates with the rest of the components of the navi-
gation framework. Further, the design of an uncertainty-aware tightly-coupled estimator, a complementary
approach to robust estimation, has also been described for simulation and comparison.
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Experiments, Simulations and Results

To assess the performance and robustness of the resulting navigation loop, the components of the navigation
framework are tested incrementally. The designed experiments allow quantitative and qualitative assess-
ment of design choices within the individual framework components. Components of the pose estimation
pipeline are benchmarked and verified on the standard SPEED, allowing comparison with the state-of-the-
art approaches. Subsequently, the efficacy of the neural networks to train on synthetic images and transfer
effectively to the reality is tested on lab generated real images of the Tango spacecraft. The components are
then evaluated on the Envisat target use-case concerned in this work, presenting a consistent comparison
and contrast between the two datasets. The framework is further tested using the Envisat+IC dataset for cor-
ruption robustness to demonstrate improvement over the existing datasets. Finally, the ensuing navigation
loop is evaluated on a V-bar approach scenario, emulating proximity operations around a tumbling Envisat
spacecraft. Using a simplified dynamical environment, the performance of a loosely-coupled state estima-
tor, with measurement uncertainty derived from CNN heatmaps is demonstrated. The results presented here
extend the current analyses on vision-based navigation of uncooperative proximity operations and provide
newer insights in developing learning-based pipelines that are more suitable for on-orbit operations.

9.1. Object Detection

The performance and the robustness of the OD networks are evaluated by consistently training the networks
for 100000 global steps with a base learning rate of 0.001, as discussed in Section 4.2. The input size is fixed at
320 px x 320 px, which is common for real-time object detectors [106]. The input size for the OD network is
slightly larger than the input window in the KD network to minimize loss of information in the pipeline while
keeping FLOPs count manageable. The networks are evaluated in terms of the IoU metric and the percentage
of feasible detections (IoU>0.75). The experiments assess the effect of network size and data augmentations
on accuracy and robustness for SPEED and the Envisat datasets. The configuration of training and testing
follows from Section 4.2, unless specified otherwise.

9.1.1. SPEED Benchmark

Accuracy Assessment

(a) Network size: The two selected networks: SSDLite-MNetV3-large and SSDLite-MNetV3-small, are trained
and tested to evaluate the effect of network size on the performance. The networks are trained with the 9600
image subset from the training (train-1) set and the trained network models are subsequently evaluated on
the 2400 images of the validation (val-1) set (ref Section 6.1.2). Recall that the original images of the SPEED
dataset are of size 1920 px x 1200 px, which is resized to 320 px x 320 px at training time. A network train-
ing takes 1.25-2 seconds per global step with the GPU, in addition to miscellaneous overheads. Totally, the
training routine requires between 24-48 hours. The training only includes affine augmentations i.e. random
rotation, flip and scaling of the image, that enable pose generalization. The IoU>0.75 metric is used to quan-
tify feasible detections i.e. the percentage of detections that can be effectively used by the KD network to
detect sufficient keypoints for the pose solver, as highlighted in Section 4.2.8. To interpret the processing re-
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quirement, the inference times are recorded on an Intel Core i7-8750 CPU 2.20 GHz and averaged through
all inferences. This time is only an indicative measure to interpret and compare the effect of GFLOPs. Ta-
ble 9.1 shows results of the evaluations on the validation set for the trained models. Note that for consistent
referencing in the following discussions, the trained network models are assigned a unique model identifier.

The results show that the larger network in the SPD-OD-1 model outperforms the smaller network in
SPD-OD-2 by 6% in terms of mean IoU. Also, SPD-OD-1 provides significantly higher feasible detections,
as indicated by IoU>0.75 metric. The superior performance of the larger network model is provided at a
marginally higher model size (parameters) and computation cost (GFLOPs). As an indication, the difference
in CPU inference speed is not considered significant between the two networks. Since the OD network is the
first part of the pose estimation pipeline, the performance of the pose estimation pipeline is highly dependent
on its accuracy and robustness. Lower accuracy in OD can create a performance bottleneck by producing
detections that cannot be used effectively in the KD network and the pose solver. For instance, the SPD-OD-
2 network model can significantly deteriorate the detection of keypoints and pose solution performance in
275 out of 2400 images due to infeasible detections. In comparison, the SPD-OD-1 model presents only 76
images with potential deterioration. Given the performance superiority of the larger network at a marginally
higher computation requirement, the larger network (SSDLite-MNetv3-Large) is selected for the subsequent
experiments.

Identifier Network Parameters| FLOPs | MeanIoU | Median IoU | IoU>0.75 | CPU
Mn) (Bn) ference

speed

(ms)

SPD-OD-1 SSDLite-MNetV3-large | 3.2 0.5 0.925 0.949 96.8% 67
SPD-OD-2 || SSDLite-MNetV3-small | 2.4 0.16 0.864 0.902 88.5% 42

Table 9.1: Performance comparison of selected network sizes on SPEED validation set

(b) Pixel-level data augmentation: For this experiment, the selected network is trained with pixel-level
data augmentations DA-1 (random brightness and contrast). Note that this is in addition to the DA-0 affine
augmentations included in the previous training routines (see Table 4.2.6. Since the images are augmented in
the loop, the overhead time for training increases as repeated calls to the augmentations library is made. The
network training takes 4-8 seconds per global step and results in a total training time between 48-96 hours.
Note that the implications of data augmentations only apply to the training and do not affect inference times
or FLOPs. The evaluation results for the trained network model, SPD-OD-3 is presented in Table 9.2 with a
comparison to SPD-OD-1.

Identifier || Network Data Augmentations | Mean IoU | Median IoU | IoU>0.75
SPD-OD-1 SSDLite-MNetV3-large DA-0 0.925 0.949 96.8%
SPD-OD-3 || SSDLite-MNetV3-large DA-0 + DA-1 0.921 0.944 96.2%

Table 9.2: Performance comparison of pixel-level data augmentations in training for SSDLite-MNetV3-large on SPEED validation set.
Augmentations (1) DA-0: scaling, rotation and horizontal flip DA-1: erase (black patches), brightness and contrast

The network trained with additional pixel-level data augmentations performs almost equally well on the
validation set. However, a 0.4% decrease is observed in the IoU. Ideally, data augmentations must improve
the performance of a network on a dataset. But, having a broad range of data augmentations, which do not
appear in the evaluation dataset can cause underfitting and therefore a decrease in overall performance in
that specific dataset, as noted by Zheng et al. [167]. A possible solution to improving the performance with the
pixel-level data augmentations, specifically on the validation set, is to carefully tune the data augmentations
to reflect the variations seen in the validation set. However, this is not considered relevant in the scope of this
work and for benchmarking. The relevance of data augmentations is realized when testing on images from a
different distribution, as discussed below in robustness assessment.

Robustness Assessment

The previous experiments tested the accuracy of OD on the validation set, which contains synthetic images
very similar to the training set, as they are sampled from the same superset. It is therefore essential to evaluate
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(b) SPD-OD-3

Figure 9.1: Comparison of detection robustness of trained network models on unseen real images

the robustness of the network models trained on these synthetic images, to previously unseen images from a
different source. A set of 5 lab-generated real images of the Tango spacecraft from the real set in SPEED are
used to emulate the aforementioned gap between synthetic rendering environment and the reality. Note that
the network has neither been trained on nor has encountered these five images before, to fairly evaluate the
performance transfer of the trained models from synthetic to real images. The trained network models, SPD-
OD-1 and SPD-OD-3, that differ in training time data augmentations are tested on the real images. Table
9.3 presents the results and compares the performance of the two network models. Additionally, Fig. 9.1
visualizes the box detections generated by both the network models.

Identifier || Data Augmentations | MeanIoU | MedianIoU | ToU>0.75

SPD-OD-1 DA-0 0.776 0.757 80%
SPD-OD-3 DA-0 + DA-1 0.941 0.950 100.0%

Table 9.3: Performance of trained network models on 5 images from real set in SPEED. Augmentations- DA-0: scaling, rotation and
horizontal flip DA-1: erase (black patches), brightness and contrast

The SPD-OD-3 model trained with pixel-level data augmentations is objectively more robust and accurate
to previously unseen real images than SPD-OD-1, which is trained only on affine augmentations. While SPD-
OD-1 generates feasible detections for four images out of five, the accuracy of detections is significantly lower
as indicated by the mean and median IoU. This reinforces the importance of pixel-level data augmentations
for robustness. Fig 9.1 shows the visualizes the box detections of the two trained network models on the five
real images. The SPD-OD-1 model’s box detections are found to cut-off a part of the spacecraft containing
one of the omnidirectional antennae. Besides, the SPD-OD-1 model produces a misdetection, as the network
generates two boxes with low IoU that are not resolved with non-maximum suppression. On the other hand,
the SPD-OD-3 model trained on pixel-level augmentations (DA-1), detects the spacecraft with a desirable
accuracy in all the real images. The lack of robustness in SPD-OD-1 can be explained by the fact that since no
pixel-level data augmentations were included during the training, the trained model overfits on pixel-level
variation in the synthetic validation set as is. Therefore, it is unable to produce accurate results in real images
that may not exhibit similar pixel-level variations.

The SPD-0OD-3 model featuring the SSDLite-MNetv3-large network trained with pixel-level and affine data
augmentations, is selected as the final OD model for benchmark comparison in the following section and
further integration with the KD model in the pose estimation pipeline.

Benchmark Comparison

The selected network model (SPD-OD-3) is finally compared to the state-of-the-art OD results for SPEED,
available in Sharma et al. [45], Park et al. [46] and Chen et al. [78]. The comparison of the OD networks and
the results are presented in Table 9.4. Note the disparity in the image sub-sets on which results are available.
This is because test set labels are not available to the public but are available to the original author of the
dataset [45]. Notably, Chen et al. [78] use an ensemble of 6 networks, each of which are trained using 6-fold
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cross-validation. This is done by dividing the data into 6 distinct training and validation sets of 5:1 ratio, such
that each network is trained on one such pair of training and validation set. Park et al. [46] use a random
validation subset consisting of 20% of the training images, which are held back from the training, similar to
the approach adopted in this work. For distinction, the results from this work are identified with ‘R-NAV’.

Sharma and Park et al. [46] Chen et al. [78] R-NAV
D’Amico [45] (SPD-OD-3)
Mean IoU 0.858 0.919 0.953 0.921
Median IoU 0.891 0.936 0.963 0.944
Image set test validation subset | train validation
subset (val-1)
Detection Head Faster R-CNN YOLO [98] Faster R-CNN SSD [85]
(84] [84]
Backbone custom MNetv2 [105] HRNet-W18-C MNetv3-large
[128] [106]
Ensemble No No 6x No
Input size (px) N/A 412 x 412 N/A 320 x 320
Parameters N/A 5.53 (6x) 26.2* 3.22
(Mn)
FLOPs (Bn) N/A N/A (6x) 159.1* 0.5

Table 9.4: Benchmark comparison of state-of-the-art results on SPEED dataset for OD. R-NAV identifies the framework designed in this
work.(*: estimated for HRNet-W18-C [128])

The accuracy of the SPD-OD-3 network model is comparable with the state-of-the-art performance on
SPEED while being significantly more efficient in terms of memory and computation requirements. It is
relevant to note that the state-of-the-art performance in terms of IoU from Chen et al. [78] is achieved using
an ensemble of 6 large networks (26.2 Mn parameters and 159.1 GFLOPs per network). This is neither feasible
nor representative in terms of its suitability to onboard deployment. SPD-OD-3 outperforms the custom-
designed network from Sharma and D’Amico [45] by around 6% in mean and median IoU. Finally, the OD
network from Park et al [46] provides a basis for a fairer comparison, as the network performance is at similar
levels and the network design is more feasible for on-board deployment. However, R-NAV OD outperforms
by around 1% in the mean IoU, while being more memory efficient.

The selection of SSDLite-MNetV3-large network, configuration, and training has been further validated
with a benchmark comparison on SPEED. The resulting network model (SPD-OD-3) demonstrates an appro-
priate performance vs cost trade-off compared to the existing state-of-the-art network choices while being
robust to the gap between synthetic and real images. Fig. 9.2(a) shows accurate detections of the Tango space-
craft, while Fig. 9.2(b) shows poor detection, on the synthetic validation set in SPEED using the SPD-OD-3
model. Notice that bad detections are observed in the images where the spacecraft is at a higher relative dis-
tance, in poor illumination, and made visually ambiguous by the high contrast adverse features of the Earth.

9.1.2. Envisat: Evaluation and Robustness

The experiments are repeated for Envisat image datasets, to evaluate OD performance for the Envisat target
use-case in this work. First, the networks are trained and evaluated on the Envisat- 1 dataset from Pasqualetto
Cassinis et al. [57]. The evaluation results and inferences are used to show the simplicity of the Envisat-
1 dataset, when compared with SPEED. Further, the networks are trained and tested with the Envisat+IC
augmented dataset, introduced in this work. The network models trained on Envisat-1 and Envisat+IC are
tested on validation sets (val, val-clean and val-challenge), designed for robustness assessment.

Accuracy Assessment

(a) Envisat-1: The networks are trained on 35000 images of the frain set and evaluated on 9600 images of the
val set. Recall that the original images of the Envisat-1 dataset are of size 512 px x 512 px, which are resized
to 320 px x 320 px. The training normally takes 0.9 sec per global step and requires upto 36 hours. Note that
this dataset uses 16 point 3D wireframe model (main body, SAR antenna and the solar panel) of the Envisat
spacecraft similar to the original work [57]. First, to show the comparative simplicity of this dataset, the two
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(a) Examples of accurate detections (IoU>0.9)

(b) Examples of inaccurate (IoU<0.5) or no detections

Figure 9.2: Visualization of images with detections from the SSDLite-MNetv3-large benchmark network
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network sizes (SSDLite-MNetv3-large and SSDLite-MNetv3-small) are trained and evaluated. As earlier, only
affine data augmentations are used during training. Table 9.5 shows the evaluation results on the validation
set.

The trained models corresponding to the two network sizes show comparable performances with a differ-
ence of less than 1% in mean IoU. Also, the ENV1-OD-1 and ENV1-OD-2 models provide feasible detections
for almost all validation set images. The ENV1-OD-1 model featuring the larger network only marginally out-
performs the ENV1-OD-2 model with the smaller network. This is expected when the network can recognize
the patterns in the data more easily, which is in contrast to the evaluations on SPEED. Further, the mapping
between the input image and the detection generated by the trained model is expected to be simpler, since
a smaller network with lower model capacity performs equally well. More importantly, the patterns used to
generate the mapping between the input image and the detection apply almost always exactly to the valida-
tion set, implying the validation set is extremely similar to the training set. These inferences reinforce the
premise set in Chapter 6 about the simplicity and the inherent inability of the Envisat- 1 dataset to sufficiently
evaluate the CNNs.

’ Model H Network \ Mean IoU \ Median IoU \ IoU>0.75 ‘
ENV1-OD-1 SSDLite-MNetV3-large 0.959 0.967 99.9 %
ENV1-OD-2 SSDLite-MNetV3-small 0.938 0.949 99.7 %

Table 9.5: Performance evaluation of the selected OD networks on Envisat-1 dataset

Model H Network \ Data Augmentations | Mean IoU | Median IoU | 1oU>0.75
ENVI1-OD-1 || SSDLite-MNetV3-large DA-0 0.959 0.967 99.9 %
ENVI1-OD-3 || SSDLite-MNetV3-large | DA-0 + DA-1+DA-2 0.883 0.902 93.1%

Table 9.6: Performance evaluation of pixel level data augmentations on Envisat-1 dataset. DA-0: scaling, rotation and horizontal flip;
DA-1: erase (black patches), brightness and contrast; DA-2: random RGB to gray

Next, the larger network is trained with additional pixel-level data augmentations (DA-1). Since the
Envisat-1 dataset consists of 3-channel color images as opposed to SPEED, an additional random RGB to
gray augmentation is included with an expectation of making the trained model agnostic to camera chan-
nels. This is denoted as DA-2. Table 9.6 shows the performance of the resulting network model ENV1-OD-3,
compared to ENV1-OD-1. When the network is trained with the aforementioned pixel-level augmentations,
the resulting model exhibits unexpectedly poor validation performance with severe underfitting. In this case,
the most plausible reason for the decrease in performance is the random RGB to gray augmentation. Hence,
a trained network model agnostic to camera channels is not realized by adding RGB to gray augmentations,
as it results in poor performance on the original images. Further investigation on this aspect is not in the
scope of this work and must to be conducted in the future works. For subsequent experiments, only the DA-0
and DA-1 augmentation groups are used, where applicable.

Notice that results are only provided for the val set of the Envisat-1 dataset. This is done for consistency
of using a validation set through out the experiments, while also decrease the amount of redundant data
in the results. This is reasoned by the fact that the performance of the networks on val set is reflective of
the performance on other subsets as well. This is verified by the consistent evaluation performance on the
respective image sets as shown in Table 9.7. The detections produced by ENV-OD-1 for the images in the
validation set are visualized in Fig. 9.3

Model Image set | Mean IoU | Median IoU | IoU>0.75
val 0.9588 0.9670 99.9 %
ENVI-OD-1 test 0.9592 0.9669 99.9%

Table 9.7: Performance generalization across Envisat-1 image sets

(b) Envisat+IC: The Envisat+IC dataset adds Earth background and various blur and noise augmentations
to the clean Envisat-1 images. The preffered network (SSDLite-MNetv3-large) is trained on 35000 images of
the train set. Recall that the solar panel is not taken into account and the detection is made for the main body
and the SAR antenna (12 point 3D wireframe model). The resulting trained model is evaluated on the 5000
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Figure 9.3: Sample detections produced by ENV1-OD-1 in Envisat-1 validation set images

images of the val set described in Section 6.4. Only the default (DA-0) affine augmentations are included
in the training, as the dataset already augments random brightness, contrast and saturation type pixel-level
augmentations. The evaluation result is presented in Table 9.8.

| Model | Network | MeanIoU | MedianIoU | 10U>0.75 |
| ENVIC-OD-5 || SSDLite-MNetV3-large | 0.903 [ 0919 | 969% |

Table 9.8: Performance evaluation of the OD network on Envisat+IC dataset

The ENVIC-0OD-5 network model performs well on the corrupted images. The mean IoU is lower than
that obtained for ENV1-OD-1 validation on Envisat-1. This is expected due as the Envisat+IC images are in-
herently more challenging with Earth background and the corruptions as compared to the Envisat-1 images.
But note that the decrease in accuracy also results from the fact that the network is now detecting smaller
region (main body and SAR antenna) in comparison to the dataset with 16 point 3D model (main body, SAR
antenna and solar panel) used for Envisat-1. Fig. 9.4 visualizes detections on a few images in the Envisat+IC
val set.

Robustness Assessment

The accuracy of the trained network models was evaluated on the respective validation sets. Given desired
accuracy performance, the trained models must be evaluated for their robustness to unseen images, to un-
derstand how well a model can detect the spacecraft in images with artefacts not present in the synthetic
training set. To evaluate robustness, the best models trained respectively on Envisat-1 and Envisat-IC are
evaluated on val, val-clean and val-challenge image sets. These image sets are included in the new Envisat-
IC dataset, as described in Section 6.4, to test and improve the robustness of deep neural networks for Envisat
target case. The ENV1-OD-1 and ENVIC-OD-5 network models are selected as they are the best performing
models on the respective datasets and only differ in the dataset on which they were trained. The detections
are also evaluated for the respective 3D wireframe models i.e. ENV1-OD-1 is evaluated on 16 point model to
detect a box around the whole spacecraft while the ENVIC-OD-5 model is evaluated on the 12 point model to
detect a box excluding the solar panel. Table 9.9 presents the results of the robustness test.

The ENVIC-OD-5 model trained on Envisat+IC exhibits robustness on clean images of the val-clean set
as well as on the corrupted images of val-challenge set which has corruption magnitudes higher from that
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Figure 9.4: Sample detections produced by ENVIC-OD-5 in Envisat-1 validation set images

’ Model H Training dataset \ Evaluation set \ Mean IoU \ Median IoU | IoU>0.75
Envisat-1 val-clean 0.959 0.967 99.9 %
ENV1-OD-1 Envisat-1 val-IC 0.699 0.940 63.7 %
Envisat-1 val-challenge 0.622 0.924 63.7 %
Envisat-IC val-clean 0.924 0.933 99.7 %
ENVIC-OD-5 Envisat-1C val-IC 0.903 0.919 96.9 %
Envisat-IC val-challenge 0.880 0.908 91.7%

Table 9.9: Robustness evaluation of the selected OD networks on Envisat-1 dataset

in the training. On the other hand, the ENV1-OD-1 model trained solely on clean images of Envisat-1 shows
poor performance on augmented images, further reinforcing the hypothesis that simple Envisat-1 dataset
is unsuitable for training deep neural networks that must generalize well to previously unseen images that
do not exactly imitate the clean images. Fig. 9.5 shows example detections produced by ENV1-OD-1 and
ENVIC-0D-5 models on augmented images from val and val-challenge image sets.

Note that the various validation sets used for the robustness assessment may contain multiple augmen-
tations, as highlighted in Section 6.4. To further investigate the effect of each corruption to detection perfor-
mance decrease of ENV1-OD-1, the model is tested on images each of which contains one corruption. Table
9.10 summarizes the variation of mean IoU per image augmentation/corruption for a total 5000 images, each
of which contain only one augmentation.

The ENV-OD-1 model trained on Envisat-1 shows robustness to several corruptions in the images like
speckle noise, shot noise, Gaussian blur, etc. The accuracy of detection deteriorates significantly on images
with color jitter augmentation which randomizes brightness, contrast, and saturation in the images. This
shows that Envisat-1 dataset lacks the basic variation in brightness, contrast, and saturation, which is very
likely to persist in a real image. Further, the detections are severely degraded for images with Earth in the
background, Gaussian noise, impulse noise, and spatter augmentations.
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(a) ENV1-OD-1

(b) ENVIC-OD-5

Figure 9.5: Comparison of detections produced by models trained on Envisat-1 and Envisat+IC datasets
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| Augmentation || MeanIoU |
None 0.958
Speckle noise 0.961
Shot noise 0.957
Random erase 0.948
Gaussian blur 0.940
Defocus blur 0.931
Motion blur 0.899
Color jitter 0.830
Zoom blur 0.811
Earth background 0.427
Gaussian noise 0.072
Impulse noise 0.071
Spatter 0.063

Table 9.10: (Lack of) Robustness of an OD network trained on Envisat-1 in terms of mean IoU across images containing corresponding
augmentations

9.2. Keypoint Detection

The next component in the pose estimation pipeline comprises of the KD network described in Chapter 5.
The KD networks ( HRNet, HRNet-small and HRNet-smaller) are trained and the resulting network models are
evaluated for accuracy and robustness on SPEED and the Envisat image datasets. Recall that the KD network
uses bounding box information to crop an Rol in the image that contains the spacecraft. During training, the
true bounding box coordinates are used to crop a corresponding portion of the image and resized to the fixed
input size of the KD network model. To avoid deformation in the cropped image, the input aspect ratio is
preserved during the cropping operation. As an example, for a KD model with an input aspect ratio of 1:1, a
bounding box of width 150 px and height 120 px results in an Rol crop of 150 px x 150 px, around the center
of the original bounding box. This Rol is resized to fit the input window of the KD network model.

The accuracy of KD is evaluated using the mean and standard deviation of the keypoint localization er-
ror in the original image. Since this error is subjective to the original image size, it is not entirely reflective
of the KD network’s performance. Recall that SPEED images are of size 1920 px x 1200 px and the Envisat
images are of size 512 px x 512 px. To allow comparison of performance agnostic to the image size, the
input-normalized localization error is computed. The input-normalized errors are evaluated for the network
input size, and therefore provide a consistent reference of the KD performance across datasets. For fair eval-
uation and comparison of the trained network models, the experiments in this section use true bounding
box information to crop the Rol, so that the OD performance is decoupled from the KD performance. As in
the previous section, the networks are first benchmarked on SPEED and evaluated further for accuracy and
robustness for the Envisat target use-case. The OD and the KD network models are further integrated and
evaluated for pose estimation in Section 9.3.

9.2.1. SPEED Benchmark

Accuracy Assessment

Accuracy assessment is conducted to determine the effect of pixel-level data augmentations and the network
size. Due to the larger memory and computation requirement of the HRNet architecture, other design aspects
like input size and pre-training are also important. However, these are presented in Appendix E. For the
experiments and results below, input size is fixed at 256 pxx 256 px and it is specified if a network is pretrained,
wherever applicable.

(a) Pixel-level data augmentations: As with the experiments on the OD network, the effect of adding pixel-
level augmentations is assessed. The HRNet-W32 network is trained with additional DA-1 augmentations
that randomize the brightness, contrast, and saturation in the training images. Table 9.11 shows the evalu-
ation results of the trained SPD-KP-3 network model, compared with the SPD-KP-2 network model trained
earlier on affine augmentations only. Note that both the networks use ImageNet pre-trained weights (ref.
pre-training in Appendix E) to initialize the training.
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Identifier Network Augmentations Error (px) Input- Input-
normalized normalized
error (px) median error (px)
SPD-KP-2 || HRNet-W32 DA-0 9.18 +£27.44 | 2.63 +6.53 1.06
SPD-KP-3 || HRNet-W32 DA-0 + DA-1 8.04 + 23.72 | 2.36 + 5.92 1.03

Table 9.11: Performance comparison on SPEED for data augmentations with the standard HRNet-W32 network

The SPD-KP-3 network model with additional pixel-level augmentations improves the KD accuracy as
well as precision. The SPD-KP-3 model restricts outlier errors as seen by the improvement in the mean and
standard deviation, while also improving the median error. While the marginal performance boost justifies
the inclusion of pixel-level data augmentations in training, the benefit of these augmentations is realized
more with respect to robustness, as witnessed earlier for OD in Section 9.1.1. The effect of these augmenta-
tions on robustness of detection are presented in the following experiments.

(b) Network Size The standard HRNet-W32 network imposes significant memory and computation require-
ment for the KD step. In an attempt to utilize more efficient sized network, scaled down alternatives were
designed within the HRNet architecture and introduced in this work (see Section 5.2.5). The new networks
HRNet-small and HRNet-smaller are trained on the SPEED training images and compared with standard
HRNet-W32. Each of the networks are trained without using ImageNet pre-trained weights for fair compari-
son, as ImageNet pre-training for the custom networks (HRNet-small and HRNet-smaller) is not possible in
this work. Additionally, both DA-0 and DA-1 type augmentations are used during training. Table 9.12 presents
the evaluation results on the validation set for the trained models of the aforementioned network sizes.

Identifier Network Parameters (Mn) | FLOPs (Bn) Error (px) Input- Input-
normalized normalized
error (px) median error

(px)
SPD-KP-4a HRNet-W32 28.5 9.5 10.69 + 28.44 | 3.76 + 14.03 | 1.06
SPD-KP-5 HRNet-small 5.2 3.0 11.11 +33.09 | 3.69 +16.13 1.57
SPD-KP-6 HRNet-smaller 1.6 1.8 18.96 +36.90 | 6.44 +10.85 3.60

Table 9.12: Performance comparison on SPEED for HRNet network sizes

Among the two custom networks, the SPD-KP-6 model using HRNet-smaller shows significant degrada-
tion of accuracy in all respects. On the other hand, the SPD-KP-5 network model using the down-scaled
HRNet-small network provides accuracy performance comparable to that of the SPD-KP-4a model, which
uses the larger HRNet-W32 network. The accuracy difference is less than 1 px in mean error, while the input-
normalized mean and median error are of sub-pixel magnitude. The minor accuracy loss is achieved with
SPD-KP-5 while greatly increasing the memory and computation efficiency. The SPD-KP-5 uses less than a
fifth of the total parameters and less than a third of the total FLOPs used by SPD-KP-4a.

In the experiments, the newly introduced HRNet-small provides an optimal speed vs accuracy tradeoff for
keypoint detection. Given desirable accuracy, the SPD-KP-5 model must be further assessed for robustness
and compared to other candidate models. The SPD-KP-6 model using the other custom network, due to its
performance loss, is not selected for further analysis.

Robustness Assessment

Similar to the robustness assessment for OD, the candidate KD network models are tested on the five lab
generated images of the realimage set in SPEED. Note that the images are neither trained on nor encountered
by the network models before. Table 9.13 shows the KD results for the trained SPD-KP-2, SPD-KP-3 and SPD-
KP-5 network models, that provide superior performance in the synthetic validation set.

Between the SPD-KP-2 and SPD-KP-3 models that use the larger HRNet-W32 network, the importance
of including pixel-level data augmentations is realized. The SPD-KP-2 model that was trained only on the
affine augmentations, fails to transfer the KD performance to real images that contain artefacts not observed
during training. The lack of robustness can be explained by the fact that not introducing pixel-level augmen-
tations results in a network model that overfits on the pixel-level variation in the synthetic images, and fails on
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(a) SPD-KP-2

(b) SPD-KP-3

Figure 9.6: Keypoint detection results from lab generated SPEED real set images visualizing keypoint and heatmap outputs
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Identifier Network Augmentations Error (px) Input- Input-
normalized normalized
error (px) median error (px)
SPD-KP-2 HRNet-W32 DA-0 411.75 +£204.17 | 65.49 +27.11 27.10
SPD-KP-3 HRNet-W32 DA-0 + DA-1 25.35 + 14.38 | 4.07 +2.09 2.09
SPD-KP-5 || HRNet-small DA-0 + DA-1 53.72 +37.80 | 8.21 +5.05 7.85

Table 9.13: Robustness assessment on lab generated SPEED real set

other images. On the other hand, the SPD-KP-3 model trained on additional pixel level data augmentations
(DA-1) is able to provide keypoint detections for the previously unseen real images with lower accuracy loss,
demonstrating better transfer to reality. Further, SPD-KP-3’s generalization ability is evident from the input-
normalized mean error in detection error, which is very close to the corresponding error magnitude on the
synthetic validation set (Table 9.11). Fig. 9.6 shows detections and heatmap outputs from the KD network.
The detection performance can be explained by visualizing the keypoint and the heatmaps. The keypoints
detected in the images show spurious detection using SPD-KP-2, as seen in Fig. 9.6(a). The heatmaps from
SPD-KP-3 model show a clean Gaussian distribution for most keypoint detections, demonstrating it’s ability
to focus on the right parts of the image despite texture variation, as it is trained with pixel level data aug-
mentations. On the other hand, the heatmaps from SPD-KP-2 show that the network is unable to identify
keypoints in most cases, as it encounters texture and pixel level variation different from that in the training
set. In other cases, the network is confused by the image texture and shows multiple activation locations.
This further reinforces the role of augmentations in making deep neural networks robust between synthetic
and real environments.

Between the SPD-KP-3 and SPD-KP5 models that differ in terms of underlying network size, the accu-
racy difference increases for real images. The mean and input normalized errors are more than twice as
large for the SPD-KP-5 that utilizes HRNet-small. While SPD-KP-5 provides detection accuracy closer to the
larger SPD-KP-3 model on the synthetic images, the network’s robustness is considerably lower. This can be
explained by the fact that due to a smaller network (parameter count) the trained model approximates the
non-linear mapping more coarsely than the larger network model, resulting in lower robustness. Note that
the SPD-KP-5 model was not pre-trained, which may further degrade its robustness. However, notice that the
smaller network although inaccurate performs significantly better than the larger SPD-KP-2 network model
trained with only affine augmentations.

Given the accuracy and robustness results, the SPD-KP-3 provides the best accuracy and robustness in
KD, while being extremely demanding in terms of memory and computation requirements. On the other
hand, SPD-KP-4 provides comparable accuracy in the validation set with an optimal balance of memory and
computation requirements, while providing lower robustness to unmodeled variations and artefacts in the
real images. These two network models are taken as baseline models to benchmark the pose estimation
performance with various state-of-the-art results on SPEED in Section 9.3.

Network Comparison

The selected network models are compared against the KD networks used in state-of-the-art pipelines [46,
78], which use a KD network. Note that Sharma et al. [45] do not use a KD network, but apply a hybrid
classification-regression approach to estimate the pose elements directly after the OD network. Further, the
isolated keypoint network evaluations are not provided in Chen et al. [78] and Park et al. [46]. Therefore, only
the network specifications are compared at this stage, as summarized in Table 9.14

Note that Chen et al. [78] use an ensemble of 6 trained networks, with an input size of 768 px x 768 px,
resulting in each of the network requiring 85.3 Bn FLOPs per forward pass. The use of HRNet is optimized to
manage the model size and computation requirement compared to the pipeline adapted in Chen et al. [78].

The two baseline models, SPD-KP-5 and SPD-KP-3, are selected for further pose estimation analysis. The
SPD-KP-3 model is comparable to the network used by Park et al [46], which is smaller and has similar number
of parameters in the network. This allows comparison between the networks with moderate memory and
computation requirements. While, the larger SPD-KP-3 model is used to compare with the state-of-the-art
accuracy results produced by the ensemble of large networks used by Chen et al. [78]. For reference, the SPD-
KP-3 model takes 200 ms on an average per inference on CPU while SPD-KP-5 takes approximately 90 ms.
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Park et al. [46] R-NAV (SPD-KP- | Chen et al. [78] R-NAV (SPD-KP-3)

5)

Evaluation set validation subset validation subset | train validation subset

Network YOLO (custom) HRNet-small HRNet-W32 HRNet-W32 [122]
(custom) [122]

Input size (px) 224 x 224 256 x 256 768 x 768 256 x 256

Ensemble No No 6x No

Parameters 5.6 Mn 5.2 (6x) 28.5 28.5

(Mn)

FLOPs (Bn) N/A 3.0 (6x) 85.3 9.5

Table 9.14: Comparison of state-of-the-art keypoint detection networks used on SPEED dataset. R-NAV identifies the framework de-
signed in this work.

Together, the two baseline models can provide definitive inferences on the design choices and configuration
adapted in this work by a comparison with the state-of-the-art with respect to speed and accuracy. In Section
9.3, these KD models are interfaced with the selected OD model (SPD-OD-3) for pose estimation pipeline
evaluation.

9.2.2. Envisat: Evaluation and Robustness

The experiments are repeated for Envisat image datasets to evaluate KD performance for the Envisat tar-
get use-case in this work. First, the KD networks are trained and evaluated on the Envisat-1 dataset from
Pasqualetto Cassinis et al. []. The evaluation results are used to demonstrate simplicity of the original dataset,
when compared with SPEED. Further, the networks are trained and tested with the Envisat+IC augmented
dataset, introduced in this work. The network models trained on both the datasets are tested on val, val-
clean and val-challenge image sets of the Envisat+IC dataset to assess the robustness of detection.

Accuracy Assessment

(a) Envisat-1: The networks are trained on 35000 images of the training set in Envisat-1 to detect 16 points of
the simplified 3D wireframe model of the Envisat spacecraft. Subsequently, the evaluation is done on the 9600
images of the validation set. The network training experiments on Envisat-1 are streamlined, from the infer-
ence drawn for KD in SPEED. However, to draw a comparison between the Envisat-1 and SPEED datasets, two
experiments are conducted. First, the effect of pixel-level data augmentation is evaluated on a pre-trained
HRNet-W32 network and is compared with the same network trained with only affine augmentations. Table
9.15 presents the comparison between the ENV1-KP-1 network trained with DA-0 augmentations and the
ENv1-KP-2 network trained with DA-0 + DA-1 augmentations. Next, the three network sizes (HRNet, HRNet-
small, and HRNet-smaller) are trained. The resulting network models are evaluated to determine the effect
on network size on the accuracy of detections on Envisat-1. Table 9.16 presents the results and comparison
between the resulting trained models.

Identifier Network Augmentations | Error (px) | Input- Input-
normalized normalized
mean error (px) median error (px)

ENV1-KP-1 || HRNet-W32 DA-0 0.94+046 | 0.93+0.14 0.92
ENC1-KP-2 || HRNet-W32 DA-0 + DA-1 094 +046 | 094 +£0.14 0.93

Table 9.15: Performance comparison of training data augmentations for networks trained on Envisat-1

In Table 9.15,it is observed that adding pixel-level data augmentations has negligible effect on the evalua-
tion accuracy. This shows that the images in the dataset have little or no pixel-level variation between training
and evaluation. As noted in the evaluation in Table 9.7, this conclusion is applicable to both validation as well
as test sets in Envisat-1. Notice that the input-normalized mean and standard deviation of the error is sig-
nificantly lower than of similar network models on SPEED. The mean error in the original image is similar to
input normalized mean error because the ground truth Rol crop of a constant aspect ratio from the images is
close to the input window i.e. 256 px x 256 px. Further, as shown in Table 9.12, the accuracy of trained models
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Identifier Network Error (px) | Input- Input-
normalized normalized
error (px) median error (px)
ENV1-KP-2 HRNet-W32 0.94 + 0.46 | 0.94 +0.14 0.93
ENV1-KP-3 HRNet-small 098 +0.42 | 1.01 £0.23 0.97
ENV1-KP-4 || HRNet-smaller | 2.75+8.38 | 2.87 +8.15 1.79

Table 9.16: Performance comparison on Envisat-1 for input size variation for the standard HRNet-W32 network

of all three network sizes provide high accuracy on Envisat- 1, with an especially low standard deviation.

The comparison of trained network models’ performance on Envisat-1 with those evaluated on SPEED,
further demonstrate the simplicity of the Envisat-1 dataset and the associated ease of keypoint detection.

(b) Envisat+IC: For the newly created Envisat+IC, the images are trained on 35000 augmented images in
the training set and evaluated on 5000 augmented images of the validation set. The networks are trained
to detect 12 points of the Envisat spacecraft (eliminating non-rigid solar panel keypoints). The network is
trained with on affine augmentations. The pixel-level data augmentations are not included in the training as
the augmentations in DA-1 i.e. brightness, contrast, and saturation, are already randomized in the dataset
for the same range of variation. Since the dataset models these and other augmentations implicitly, the need
for pixel-level DA-1 type augmentations are not relevant.

The Envisat+IC images include Earth in the background and image corruptions that are expected to in-
troduce complexity in the images, affecting the effectiveness of the KD network. To evaluate this, the three
network sizes are trained and evaluated on the Envisat+IC validation set. Table 9.17 shows the evaluation
results of the corresponding trained network models.

Identifier Network Error (px) | Input- Input-
normalized normalized
error (px) median error (px)
ENVIC-KP-5 HRNet-W32 0.58 +0.59 | 1.10 + 1.23 0.96
ENVIC-KP-6 HRNet-small 1.65+3.70 | 3.21+7.29 1.86
ENVIC-KP-7 || HRNet-smaller | 2.53 +4.87 | 4.90 + 9.47 3.09

Table 9.17: Performance comparison on Envisat+IC for input size variation for the standard HRNet-W32 network

It is evident that the Earth background and image corruptions introduce patterns in the data that are
learned more accurately by the larger ENVIC-KP-5 using HRNet-W32 rather than the smaller networks. Fur-
ther, the mean and standard deviation increase with decreasing network size. Notice that the mean error
in the original image size is lower than the input normalized error. This results due to the fact that the net-
work model is now detecting keypoints in a smaller Rol that contains the main body and the SAR antenna of
the Envisat spacecraft. The cropped Rol is most often smaller than the input window. Therefore, the input-
normalized mean and standard deviation are scaled down when projecting back to the original image rather
than scaled up. This is why input-normalized errors are crucial in understanding the detection accuracy more
objectively than the keypoint detection errors in the original image.

As earlier, the network models based on HRNet-W32 and HRNet-small are used as baseline for Envisat

Robustness Assessment

The network models trained on Envisat-1 (ENV1-KP-2) and Envisat+IC (ENVIC-KP-5 and ENVIC-KP-6) that
provide desirable accuracy on the respective validation sets are assessed for robustness and generalization.
Each network model is evaluated on the val-IC, val-clean and val-challenge sets designed for robustness eval-
uation. Table 9.18 reports the corresponding results. Note that ENV1-KP-2 detects 16 points in an Rol con-
taining the entire Envisat spacecraft. On the other hand, ENVIC-KP-5 and ENVIC-KP-6 detect 12 points from
the Rol containing only the main body and SAR antenna.

The ENVIC-KP-5 using the standard HRNet-W32 is superior across all the image sets and shows high accu-

racy as well as robustness to variations in the image. In contrast, even though the larger HRNet-W32 network
is trained with DA-0 + DA-1 type augmentations on Envisat-1 images, the ENV1-KP-2 model does not gen-
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Figure 9.7: Visualization of keypoint detections within detected RoI from ENVIC-KP-5

eralize well to augmented images in the val-IC and val-challenge sets. The ENV1-KP-2 model’s mean and
standard deviation of the keypoint error are significantly higher with a nominal median error, indicating very
poor accuracy and higher amount of outliers in the some of the images. This relates to the fact that CNNs
can tackle some corruptions more than others as demonstrated in Table 9.10. Note that the input normalized
error of the network models on clean images is very similar, while the mean error in the image is lower for
ENVIC-KP-5. This is because the Rol for 12 point detection is magnified compared to that of the entire space-
craft (16 points). However, the magnification result may not always improve the overall accuracy, especially
for lower resolution images that may lose local information during the Rol upsampling to the network input.
The ENVIC-KP-6 model based on HRNet-small has accuracy decreases with increasing corruption magnitude
from val-clean to val-challenge sets. However, it shows higher robustness compared to the large ENV1-KP-
2 network model. Both the network models trained on Envisat+IC images show generalization capability
across clean as well as highly-corrupted images. Fig. 9.7 shows the keypoint detection within the Rol as seen
by the KD network in corrupted images using ENVIC-KP-5. Notice that the network also produces accurate
detections in the presence of poor illumination, varying brightness/contrast conditions, and body occlusion.
This suggests that the network can emphasize on global shape of the object and not rely heavily on the local
texture cues, which is desirable [149].

The results of this robustness assessment further validates the Envisat+IC dataset, which exhibits desir-
able data distribution from which CNNs can improve generalization and robustness in learning. For fur-
ther experiments and analyses, the network models trained on Envisat-1 dataset are not included due to the
aforementioned deficiencies. The pose estimation and state estimation analysis for Envisat target use-case
is streamlined by considering only the models trained on Envisat+IC i.e. ENVIC-KP-5 which uses the larger
HRNet-W32 and ENVIC-KP-6 model which uses HRNet-small. The choice of two network sizes is motivated
by their desirable performance as well as the intention to provide accuracy vs speed trade-off in pose and
state estimation.
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Network Image set Error (px) Input- Input-
normalized normalized
error (px) median error (px)

val-clean 0.94 + 0.46 0.93+£0.14 0.93

ENV1-KP-2 val-I1C 22.54 +41.96 | 22.09 + 36.86 1.09
val-challenge | 28.03 £43.9 | 28.17 £39.10 1.21

val-clean 0.49 +0.15 | 0.90 +0.18 0.88

ENVIC-KP-5 val-IC 0.58 + 0.59 1.10 + 1.23 0.96
val-challenge | 0.82+1.69 | 1.61 £3.70 1.02

val-clean 1.36 + 3.66 2.64 +7.20 1.51

ENVIC-KP-6 val-IC 1.65 +3.70 3.21 +7.29 1.86
val-challenge | 2.59 +5.16 | 5.12+10.20 2.23

Table 9.18: Robustness assessment of trained network models Envisat+IC

9.3. Pose Estimation

The experiments in this section are aimed at evaluation of the full pose estimation pipeline, with a loose' in-
tegration of OD model, KD model and the pose solver. The trained network models for OD and KD for SPEED
as well as Envisat+IC are integrated with the MLP#nP solver. The MLPnP solver is used with the modifica-
tion proposed in this work to tackle the shortcomings of the original algorithm [58]. Recall that the modified
MLPnP algorithm was validated and compared with CEPPnP, another state-of-the-art covariance-based PnP
solver, demonstrating higher robustness to pixel noise.

In the following experiments, the bounding box coordinates estimated by the OD model are used an in-
put to crop the Rol for KD. The coordinates of the keypoints detected by the KD model are fed to the pose
solver. In addition, the heatmaps regressed by the KD model are used to quantify a image-plane covariances
corresponding to the individual keypoints, as highlighted in Section 5.4. Note that unlike earlier, no ground
truth information is provided to any part of the pipeline. The pose vector estimated by the pose solver is in
the camera frame of reference. The pipelines are evaluated on translation and rotation error metrics defined
defined in Eq. 7.31 and 7.32.

In order to reject outliers, a heuristic strategy is implemented and tuned to exclude low confidence detec-
tions during the solver routine, using confidence scores of the detections. Since the MLP#P solver only needs
a minimum of 6 non co-planar points, it is possible to reject points from the wireframe model based on the
confidence score values output by the KD network. In general, 8-9 points are provided for most images to
allow enough redundant points for the solver to overcome viewpoint ambiguities. In the worst case, when
multiple keypoint heatmaps are empty (no activation), the number of selected keypoints is lowered to the
limit i.e. 6 points. This can occur when poor box detection crops out a large part of the spacecraft.

Finally, the 3D body-frame coordinates from the wireframe model, the detected image-plane keypoint
coordinates and the image-plane covariances are used by the modified MLP#P routine to estimate the pose
and the pose uncertainty.

9.3.1. SPEED Benchmark Comparison
Accuracy

For SPEED, two pose estimation pipeline configurations are used, named PE-A and PE-B. PE-A consists of
SPD-0OD-5 OD model, SPD-KP-5 model for KD and the modified MLPnP solver. PE-B consists of SPD-OD-5
model for OD, SPD-KP-3 model for KD and modified MLPnP solver. Note that the two pipelines only differ
in the KD models, wherein PE-B uses a model based on HRNet-small network, PE-A uses a model based
on the larger HRNet-W32 network. First, the two pipeline alternatives are benchmarked on the synthetic
validation set for accuracy of pose estimation and compared to state-of-the-art pose estimation results [45,
46, 78]. Subsequently, the pipeline configurations are tested for robustness in pose estimation using the real
set images in SPEED.

1Due to library and programming language constraints, the data between the components is interchanged through consistent data
(JSON) files. Development of direct links between the components or the "tight" integration with cross-library compatibility is beyond
the scope and relevance of this work.
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Table 9.19 presents a detailed benchmark comparison of the pose estimation accuracy of the two pose
estimation pipelines. The PE-A configuration that uses a larger network model has pose estimation accuracy
comparable with that of the state-of-the-art [78], while demanding significantly lower memory and compu-
tation. Unlike the pipeline in Chen et al. [78] which uses an ensemble of 6 networks for each step, larger
input sizes and a more demanding pose solver based on Lavenberg-Marquardt method, the PE-A pipeline
is significantly more optimized. Consequently, the model size and the computation requirements for CNNs
in PE-A are significantly lower, while providing comparable performance. The difference in mean rotation
error is less than 1 degree and the difference in boresight range estimate is around 10 cm for a target range
between 3 m and 30 m across 2400 validation images. On the other hand PE-A outperforms the other two
pipelines from Park et al. [46] and Sharma and D’Amico [45], but demands modestly higher model size and
computation. PE-A achieves a final SLAB/ESA score of 0.026, closely trailing the state-of-the-art.

The PE-B configuration features a KD model based on custom HRNet-small introduced here. The config-
uration is comparable in terms model size and computation to the pipeline from Park et al. [46]. The PE-B
configuration uses moderately lower number of parameters and expectedly lower FLOPs, while achieving a
better SLAB/ESA score. In comparison, the PE-B configuration is significantly more accurate in estimating the
attitude with around 2 degree difference in mean and median of Eg. The mean translation error is similar for
PE-B thanin [46], while the median translation error is lower. This suggests that the mean is skewed by certain
images that exhibit poorer accuracy in the position estimate. The PE-B configuration achieves a SLAB/ESA
score of 0.050, outperforming the Stanford Rendezvous Lab’s pipeline in [46]. Note that the pipeline in [46]
uses EPnP pose solver, which is similar to MLP#P in terms of computation. However, the EPnP’s pose perfor-
mance degrades significantly with increasing noise as well as relative range (see Section 7.2, 7.4 and Urban et
al. [58]). This may explain a factor of performance loss in the corresponding results. Interestingly, that also
means that for higher relative ranges the pose estimation pipeline in [46] may not provide sufficient accuracy
despite the accuracy of CNN detections.

For the evaluation results presented here, a heuristic approach to keypoint selection/rejection (tweaking
n of the PnP problem) plays a crucial role. This process essentially uses confidence scores provided by the
KD network and rejects poor keypoint detections, resulting from adverse texture, occlusion or inaccurate box
detections. This restricts their effect on the pose estimate. To realize the importance of the heuristic keypoint
filtering, Table 9.20 presents a performance comparison of the PE-B pipeline with and without heuristic key-
point selection on the synthetic validation set. In absence of the heuristic strategy, the mean of translation
and rotation error degrades significantly. More importantly, the mean error is heavily skewed by poor pose
estimates in images with detection outliers, since the median errors are similar.

The results of the experiments demonstrate that the pose estimation pipeline is accurate. The perfor-
mance of the two pipeline compare well with the state-of-the-art results.
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|Ez| =0.058 m |Ex| =0.085 m |Ez| =0.044m
Ep =2.156deg Ep =1.104 deg Er =1.327deg

|E7] =0.055 m |Er| =0.078 m
Ep =1.338deg Eg =9.960 deg

(a) PE-A

|Er| =0.072m |Er| =0.059 m

Ey|=0.093m
|Er| Ex =1.09 deg Er =0.95 deg

Er =0.995 deg

|E7| =0.031m |Er| =0.124 m
Er =1.039deg Ep =10.58 deg

(b) PE-B

Figure 9.8: Pose estimation results on real image set in SPEED for the corresponding pose estimation pipeline configuration

Robustness

Given the accuracy results on the synthetic validation set, the PE-A and PE-B are evaluated for robustness
on SPEED real set. Fig 9.8 shows the evaluation with errors annotated in the respective real images. The PE-
A using HRNet-W32 achieves a SLAB/ESA score of 0.065, while the PE-B pipeline achieves a score of 0.071
for the 5 real images. Both networks perform almost equally well on the real set with subjective differences.
Notice that the smaller network is made more robust by heuristic point selection, even though some of the
keypoint detections have more error. Therefore one cannot be called superior than the other. Notice the
poor attitude estimation accuracy in one of the images. This is likely a result of view-point ambiguity for the
detected set of points.

A relevant inference that can be drawn from the robustness assessment is that both the networks show
desirable transfer to previously unseen real images, since the SLAB/ESA scores are close to the correspond-
ing scores on the synthetic images (Table 9.19), especially for the PE-B pipeline which requires considerably
lower memory and computation in comparison to PE-A. However, given the relative distance of less than 5
m, both the pipelines have attitude estimation accuracy that does not necessarily meet the typical require-
ments, when compared with values in Table 2.1. Note that the robustness of the pipeline results from the use
of pixel level augmentations such as randomized brightness and contrast. Consequently, the performance
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Pipeline || Heuristic Mean |[E7| | Median Mean Er | Median Eg | SLAB/ESA
rejection (m) |E7| (m) (deg) (deg) score
PE-B Y 0.249 0.035 1.158 0.773 0.050
PE-B N 1.779 0.040 3.730 0.994 0.379

Table 9.20: Comparison of performance of PE-B pipeline with and without Heuristic rejection

is limited by additional artefacts, that may be present in the real images. A possible remedy would be im-
prove the SPEED dataset to include representative image corruptions, as done for the Envisat target case with
Envisat+IC.

9.3.2. Envisat: Evaluation and Robustness

For Envisat+IC pose estimation analysis, two pipeline configurations that differ in the KD model size are used,
as earlier. PE-C pipeline uses ENVIC-OD-5 as the OD model with ENVIC-KP-5 as the KD model (HRNet-W32)
and MLPnP. PE-D pipeline uses ENVIC-OD-5 as the OD model with ENVIC-KP-6 KD model (HRNet-small)
and MLPnP. The evaluation is done on the three validation sets of the Envisat+IC dataset, which together
allow accuracy and robustness assessment. The pose estimation performance is evaluated for the 12 point
wireframe model (excluding non-rigid solar panel) of the Envisat spacecraft using ENVIC-OD-5 for OD and
ENVIC-KP-5 for KD. The performance metrics are summarized in Table 9.21.

Pipeline Test set Mean Eg | Median Eg Mean Er Median E7
val-clean 1.223 0.553 [ 0.0298, 0.030, 0.841] [0.020, 0.021, 0.474 ]
PE-C val-IC 1.609 0.630 [0.039, 0.038, 1.380] [0.024, 0.025, 0.576 ]
val-challenge 2.640 0.711 [0.049, 0.049, 1.658 ] [0.027, 0.028, 0.675 ]
val-clean 4.079 0.833 [ 0.465, 0.522, 14.602 ] [0.035, 0.033, 0.676 ]
PE-D val-IC 5.745 0.992 [0.410, 0.421, 12.553 ] [0.047,0.042, 1.038]
val-challenge 8.348 1.188 [0.400, 0.377,13.091] | [0.059, 0.053,1.328]

Table 9.21: Pose Estimation performance on Envisat+IC image sets

The use of larger (HRNet-W32) ENVIC-KP-5 model in PE-C shows clear advantage over the ENVIC-KP-6
model in PE-D that utilizes HRNet-small network. In addition to high accuracy, the PE-C pipeline also show
desired robustness in pose estimation across clean images in val-clean and heavily corrupted images in val-
challenge sets. For the PE-D pipeline, the mean errors in translation and rotation are significantly higher.
However, the PE-D pipeline has median errors very close to that in PE-C. Therefore, the smaller KD model
performs poorly on certain images, skewing the mean error to a high value.

Recall that the images contain Envisat spacecraft between 90 m and 180 m. The pose estimation per-
formance for the 12 point main body wireframe with the PE-C pipeline for such a large relative range, is
sufficiently high. For PE-D however, the pose estimation accuracy is poor. This can be further analysed by
plotting mean and standard deviation of errors as a function of true relative range. Fig. 9.9 shows the error
variation as a function of true relative range for both the pipeline. Notice that PE-D provide position accu-
racy of less than 5m and attitude accuracy of less 10 degrees upto 150 m, even for heavily corrupted images
of the val-challenge set. At 180 m relative range, the pose estimation performance decreases significantly
for val-challenge images, but performance on other images show moderate to desirable performance levels.
This variation of error across the validation sets, show desired robustness and accuracy with PE-C pipeline.
On the other hand, PE-D pipeline shows very low accuracy in pose estimation as well as poor robustness. In-
terestingly, the position error shows higher standard deviation for clean images than corrupted images. This
undesired behaviour is expected to be produced by poor generalization in keypoint detection combined with
high relative distance. At higher distance the error in keypoint localization contributes more to the pose esti-
mation error. This is made more sensitive as the 12 point target (Envisat excluding solar panel) is present in a
very small pixel region and at higher distances.

Fig. 9.10 visualizes pose estimation results on a collection of corrupted, augmented and clean images. The
models trained on Envisat-1 are not presented as they lack the keypoint accuracy in most cases for the MLPnP
to solve the PnP problem viably. The models trained on Envisat-1 are therefore ignored for the subsequent
analyses.
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Figure 9.9: Pose Estimation performance on Envisat+IC image sets. val set contains similar image corruptions, val-clean contains clean
images and val-challenge contains higher magnitude of corruptions than the training set

Itis clear that as larger and deeper networks perform well when images contain challenging artefacts. This
is expected as deeper networks are able to represent and learn more complex relations that exist between
image artefacts and the output detection. The smaller networks tend to overfit on the given distribution
reducing robustness despite desired accuracy, or underfit by not being able to learn complex relations in the
data to provide sufficient accuracy. Therefore, the choice of network size should be made only after rigorous
robustness assessment. Generalization of CNN performance forms should be at the core of learning-based
navigation design.
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Figure 9.10: Visualization of Envisat main body projections from pose estimation results in Envisat+IC
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Figure 9.11: Images from traj_150m set emulating V-bar trajectory for the Envisat target. Images shown are a subset of total 36 images.

9.4. State Estimation

To assess the framework performance to realistic navigation scenarios, the pose estimation pipeline is con-
nected with the state estimator i.e. the loosely-coupled MEKF designed in Chapter 8. An image sequence of
a perturbation-free V-bar trajectory, available from traj_150m set in Envisat-1, is used to emulate a tumbling
Envisat spacecraft. The V-bar trajectory assumes the servicer spacecraft at a steady hold in the along-track
direction at 150 m relative to the Envisat spacecraft (v = 0). The images simulate a constant rate roll of the
Envisat spacecraft, with 36 images describing one full rotation. Fig. 9.11 shows the intermediate images in
the set.

Given 36 images in the measurement sequence, two navigation scenarios are constructed with image
measurement frequency of 1 Hz and 0.5 Hz respectively. Consequently, the roll rate of the Envisat spacecraft
for the scenarios is ||w|| = 10deg/s and ||w|| = 5deg/s respectively, since the number of images is fixed. The
internal propagation frequency for the estimator is fixed at 1 Hz. Table 9.22 describes the initial conditions
for the scenario. The rotational state variable is described in the Envisat body frame and the translation
state variables are described in the LVLH frame centered at the servicer. The initial attitude of the Envisat
spacecraft is described in terms of Euler angles for clarity. Further, the servicer body axes are assumed to
coincide with the camera frame axes, and the camera boresight points in the along-track direction observing
the Envisat rotating at 5 deg/s along the same direction.

The simplicity of this dynamical scenario is necessary to provide first order navigation anlaysis of the
new framework with the novel uncertainty-aware loosely coupled approach to state estimation. As described
earlier, in the currently designed loosely-coupled state estimator, the MEKF uses psuedo-measurements of
pose and the associated uncertainty estimated by the pose solver. By exploiting the measurement covariance
estimated in the loop using heatmaps, the state estimator maintains representative uncertainty information
to ensure robustness in measurement update step. This is essential to avoid bad navigation solution or filter
divergence during high uncertainty intervals that may result due to detection inaccuracy, visibility constraints
and adverse optical conditions during operation.

Scenario || dtpyeas (S) 6 (deg) Wy (deg/s) ro (m) Vo (m/s)
1 1 [-180, 30, -80 ] [-5.00, -8.53,1.50] [0, 150, 0] [0, 0, 0]
2 2 [-180,30,-80] | [-2.50,-4.27,0.75] | [0,150,0] | [0,0,0]

Table 9.22: Envisat initial conditions of the V-bar simulation scenarios

Navigation performance

The MEKEF is initialized with state vector as described in Table 9.23. Note that the filter state consists of
relative position and velocity in the LVLH frame and the attitude and angular rates in the body frame of the
servicer. The dynamic noise has standard deviation of 0.0001 m/s in velocity and 2 deg/s in angular velocity.
The dynamic covariance is then derived using Eq. 8.30. Since the translation and rotation dynamics are ideal
in the original scenario, the noise model in the state propagation adds representative noise to the state. The
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scenario is simulated for a quarter-period of the Envisat orbit, wherein the image sequence is repeated until
the final time. The simulation is carried out for two cases with PE-C and PE-D pose estimation pipelines,
mentioned in the previous experiments. Fig. 9.12-9.15 show the convergence profiles and 30 bounds of the
filtered state for both cases in scenario 1 and 2 respectively.

Despite heavily perturbed initial state, the state estimate converges in all cases. The position estimate
error stabilizes with a bias close to 0.2 m in along-track direction and 0.001 m in radial and cross-track direc-
tion. The attitude estimate error stabilizes with a bias close to 0.7 degrees about the Euler axis. In general,
the steady state error for PE-C is marginally better than for PE-D, while the error with the same pipeline is
marginally better for Scenario 1 rather than Scenario 2.

Vo (m/s)
[0.5, 0.5, 0.5]

ag wg (deg/s)
[0.05, 0.05, 0.05 ] [1.15,1.15,11.14]

ro (m)
[ 5,210, 5]

Table 9.23: Perturbed initial filter state for the V-bar estimation scenario

To assess the robustness of the loosely-coupled estimator with the respective pose estimation pipelines, a
Monte-Carlo simulation was performed by varying the initial state of the filter. Table 9.24 notes the standard
deviations of the state variable used for the Monte Carlo routine. The large deviation in the initial state reflects
poor knowledge of the initial state on initial image acquisition, as expected for an uncooperative proximity
operations scenario. The Monte Carlo simulation results for the respective pose estimation pipelines and
scenarios are reported in Table 9.25.

| o, m) || oy m/s) | Oay | 0w, (degls) |
| 110,50, 10] [[ [0.5,0.5,0.5] [ [0.05,0.05,0.05] | [2.9,2.9,2.9] |

Table 9.24: Standard deviation of Monte Carlo variables

H Scenario \ ER (deg) \ E7,: Radial (m) \ E7,: Along-Track (m) \ E7,: Cross-track (m) ‘
PE-C + MEKF 1 0.2842 +0.1780 | 0.0006 + 0.0005 0.2021 + 0.0369 0.0010 + 0.0002
2 0.4508 + 0.1807 | -0.0015 + 0.0006 0.2233 + 0.0684 0.0004 + 0.0003
PE-D + MEKE 1 0.4989 + 0.1780 | -0.0008 + 0.0006 0.2126 + 0.0489 0.0004 + 0.0002
2 0.6129 +0.2430 | -0.0016 + 0.0006 0.2365 + 0.0971 0.0013 + 0.0003

Table 9.25: Monte Carlo simulation results for V-bar hold scenario with loosely-coupled MEKF

Between the chosen pose estimation pipelines, the state estimation performance shows marginal differ-
ence considering the relative separation of 150 m. As such, the performance of HRNet-W32 and HRNet-small
is comparable for the scenario represented by the image sequence. Note that PE-D performs well despite
demonstrating poor performance and robustness during pose estimation evaluation in Section 9.3.2. This
ascertains that the images emulating the V-bar trajectory are favourable images and do not necessarily pro-
vide sufficient fidelity to evaluate and compare pose estimation approaches or pipelines.

From the filter perspective, the loosely coupled filter using pose uncertainty derived by the MLPnP solver
is effective at converging to high accuracy navigation solution, despite large deviation in the initial state. The
loosely-coupled estimator introduced and analysed here provides a suitable alternative to the tightly-coupled
alternative introduced in [57]. However, the loosely-coupled estimator is expected to be faster during execu-
tion as feature-wise representation in a tightly coupled estimator demands higher computation, especially
of inverse matrix operations (Eq. 8.5). Further, it is not clear whether internal representation of perspec-
tive equations in the tightly-coupled filter provides better implict pose estimation than optimally design PnP
solvers.

Finally, unlike typical loosely-coupled estimators that use a tuned and constant magnitude of the mea-
surement covariance, the estimator introduced here uses contextual information from the CNN heatmaps
to derive covariance in the loop. This makes state estimation inherently robust to poor detections during
unfavourable optical and other operational conditions.

The Monte-Carlo simulation with random initial conditions on the given image sequence provides a lim-
ited insight on robustness, as the images are favourable for pose estimation. The simple nature of the scenario
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Figure 9.12: Scenario 1: State estimation error for PE-C + MEKF
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Figure 9.13: Scenario 1: State estimation error for PE-D + MEKF
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Figure 9.14: Scenario 2: State estimation error for PE-C + MEKF
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provides insufficient basis for conclusive comparison between design alternative. For the images in the used
scenario, the heatmaps for all keypoints show near ideal Gaussian distribution indicating high accuracy of
the prediction. This does fully demonstrate the utility of using contextual information from heatmaps, and
the overall inclusion of uncertainty in the navigation loop. In order to provide definitive comparison be-
tween estimator design choices, a set of new trajectory scenarios must be generated that represent realistic
conditions more accurately with image corruptions, challenging illumination conditions, continuous noise
variation and other relevant artefacts. Since a conclusive investigation on this aspect is beyond the scope of
this work, it must be conducted in the future. For this, a new set of images with desired fidelity that represent
challenging dynamical scenarios, must be generated using the virtual rendering environment. Subsequently,
an approach similar to the one adadpted for checking the robustness of the CNNs can be used to generate
perturbations in the images that are designed specifically to stress-test the entire navigation loop for robust-
ness. Subsequently, fidelity of simulation can be improved by including orbital perturbations in the trajectory
sequence, representative on-board sensor models and uncertainty of servicer’s absolute state can be taken
into consideration.

9.5. Conclusions

In this chapter, the newly designed navigation framework has been evaluated through extensive experimen-
tation. Incremental evaluation and validation of the navigation framework components and the underlying
design choices provides key insights into the design, evaluation and testing of such learning-based frame-
works. On a framework perspective, the selection configuration and implementation of the CNNs, pose solver
and the state estimator is successfully realized. By testing the framework on two independent datasets of two
spacecraft targets, the general applicability of the proposed framework is validated. The framework shows
a desirable transfer to previously unseen real images and image artefacts, overcoming a major challenge in
learning-based pose estimation and navigation. Further, the analysis is extended to include performance vs
speed trade-off, which is crucial for embedded on-board application. Overall, the framework extends the
current state-of-the-art approaches with superior accuracy and robustness in pose and state estimation.

From the perspective of using CNNs in the navigation loop, the experiments reveal that CNNs are able to
overcome occlusion, illumination, background, texture and corruptions in the image to allow accurate pose
estimation. However, the performance of the CNNs rely heavily on the training data, the training pipeline
configuration, data augmentation, size and architecture. From accuracy point of view, larger and deeper
network models perform better at the same task than a smaller and shallower models. More modern net-
work architecture that use multi-scale information and higher internal resolution provide better accuracy
and robustness for an optimal computation cost than more conventional architectures. Data augmentation
is found to be a crucial link between accuracy and robustness, as shown repeatedly by the robustness assess-
ment. Affine and pixel-level augmentations during training are crucial in improving robustness of the CNNs
to previously unseen images. In particular, the pixel-level data augmentations with randomized brightness,
contrast and saturation are critical to desirably transfer synthetic performance of the CNNs on to real images.
Further, new alternatives are designed for the HRNet KD network, which are downscaled and optimized for
inference speed with decreased FLOPs requirement.

With respect to the datasets, the experiments and analysis presented here provides a broader context
than any existing work on similar navigation framework. The pose estimation pipeline is benchmarked on
SPEED with individual validation of the object and KD network. The pose estimation pipeline is compared
to the state-of-the-art results on the same dataset, demonstrating optimal speed vs accuracy performance
over other similar pipeline. The robustness aspect is again emphasized in the discussion, as it is found that
accuracy on synthetic image set does not reflect on robustness. The design decisions are reinforced at every
step through robustness assessment using real images of the spacecraft acquired using a real camera in a rep-
resentative environment. Further, the new HRNet-small network introduced in the network is found provide
desirable accuracy and robustness, while having significantly lower model size and computation demand.

For Envisat use-case central to this work, the most important outcome from the experimentation is that
the existing dataset being used to evaluate the use-case is not optimal for robustness. The Envisat-1 images
are found to be ideal and simple, allowing small and simple CNNs to achieve accuracies comparable to the
larger and better networks. The experiments reveal that Envisat-1 is unideal for training deep neural net-
works that must exhibit robustness to real images. The networks trained on the dataset overfit and perform
poorly on images of the same dataset with perturbations. Consequently, the newly introduced Envisat+IC
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is validated for fair evaluation of accuracy and robustness. The Envisat+IC dataset contains images with
Earth background and real-life corruptions. Therefore, training on this dataset improves robustness to those
artefacts expected in the real images. More importantly, to perform a fair robustness evaluation, the model
trained on the dataset is tested on clean as well as highly corrupted images. The resulting model shows ro-
bustness to all the images, validating the ability of the new dataset to train the CNNs more effectively. In
hindsight, the dataset is also the first ever spacecraft pose estimation dataset to take corruption robustness
into account.

Following the CNN performance validation, the subsequent experiments are conducted to test the entire
pose estimation pipeline, by integrating with the modified MLP#nP solver. The novelty of the analysis lies in
the using the MLPnP solver with the contextual information of the detections from the heatmaps to derive
and preserve uncertainty in the loop. This is accomplished using posterior uncertainty estimation for the
pose solution in MLPnrP based on principles of maximum likelihood estimation. The results of the exper-
iments demonstrate that the pose estimation pipeline is accurate. The performance of the two alternative
pipelines compare well with the state-of-the-art results on SPEED. Especially, the new down-scaled network
(HRNet-small) introduced in this work, provides an optimal speed vs accuracy performance to the pose es-
timation pipeline (PE-B) that is more suitable for on-board deployment in comparison with other pipelines.
More importantly, the pose estimation pipelines in this framework show a desirable transfer of performance
to real images. With fair evaluation on a standard dataset, the design choices made during the framework
design have thus been validated with exhaustive analyses, evaluation and experimentation. For Envisat tar-
get use-case, the corrupted images in the Envisat+IC prove challenging for the HRNet-small network at large
relative ranges, resulting in poor pose estimation performance. Although, the performance is expected to
improve by fine-tuning the training process.

Finally, taking the entire navigation loop into consideration, the framework is evaluated for state esti-
mation and tracking on a simulated V-bar trajectory scenario. The proposed loosely-coupled estimator is
employed to track the state of the Envisat spacecraft in V-bar trajectory. The proposed estimator is desirable
navigation performance in the first-order analysis. The robustness of the proposed estimator to large ini-
tial state perturbation is demonstrated with a Monte Carlo analysis. However, it is emphasized that the state
estimation scenario, due to the inherent simplicity, only provides a basis for a preliminary investigation. Con-
sequently, it does not allow effective assessment of the benefit of using uncertainty inclusion. The limitations
of the scenario are outline and next steps for establishing more concrete navigation analysis are discussed.
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Conclusions and Recommendations

10.1. Conclusions

In this work, a novel monocular vision-based navigation framework has been proposed and investigated for
proximity operations around an uncooperative spacecraft. At a higher level, this thesis presents the design
and analysis of a navigation loop that reduces the sensor hardware complexity in the navigation system by
utilizing CNNs with monocular images. The resulting framework takes a step towards enabling real on-orbit
operations by addressing critical challenges such as robustness in CNNs, uncertainty preservation and size-
accuracy trade-off. The outcomes of this thesis extend the current analyses and investigations in the research
body for the new paradigm of learning-based navigation methods for uncooperative targets. The work on
framework design provides a salient point of reference for future works by exploring and presenting the prin-
ciples across multi-disciplinary domains of machine learning, computer vision, projective geometry and es-
timation theory relevant for understanding, comparing and developing better learning-based navigation sys-
tems. Further, this work also extends software resources for data-intensive deep learning aspects related to
development, implementation, visualization and evaluation of a CNN-based navigation loop. The resources,
tools and processes related to the Envisat target use-case will benefit the research on this topic being under-
taken jointly at TU Delft SpE, ESA-ESTEC and Airbus. The more generic software resources are made publicly
available ! and are expected to benefit the future students and the wider community.

The analyses pertaining to the specific aspects of the navigation framework are traced back to the research
questions and the final conclusions are classified into CNN-based pose estimation pipeline (RQ-1), integra-
tion of the navigation loop (RQ-2), syntheticity-reality gap (RQ-3) and datasets (RQ-4) for deep learning.

10.1.1. CNN-based pose estimation pipeline

The pose estimation pipeline is built according to a state-of-the-art architecture that utilizes an object de-
tection network, a keypoint detection network and a PnP solver. The object detection network is based on
the SSD architecture and the keypoint detection network is based on the HRNet architecture. The selec-
tion of these state-of-the-art network architectures is motivated with thorough assessment of the alternative
network architectures. Subsequently, a detailed breakdown of network structure, configuration and imple-
mentation is presented. Identifying the computation demand of accurate keypoint detection using standard
HRNet-W32 network, two down-scaled networks (HRNet-small and HRNet-smaller) are built upon the HRNet
core architecture. The networks are trained on synthetic images of the PRISMA Tango spacecraft in SPEED
and images of the Envisat spacecraft. The network size, data augmentation, input size and pre-training are
selected as design variables to assess the variation of network performance during experimentation. The
trained models for object detection and keypoint detection are evaluated for performance and robustness,
and further integrated with the MLP#P solver. The challenge of quantifying measurement uncertainty is tack-
led by using heatmaps from the keypoint detection network to quantify the keypoint location covariance in
the loop. This is utilized in the MLE framework of the MLP#nP solver to provide an accurate pose solution and
the associated pose uncertainty.

Ihttps://github. com/kuldeepbrd1l/Barad2020MSc under open-source MIT License
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CNNs employed for object detection and keypoint detection demonstrate the ability to provide sufficient
accuracy on synthetic images used for model validation. In general larger network size, that allow approxi-
mating deeper hierarchical mapping of the output, perform more accurately than smaller images. The mar-
gin of difference between the sizes increases as complexity of the artefacts in the image increases. On simpler
images of Envisat from Envisat-1 dataset, the choice network size is not very consequential, due to the overly
simplistic scenario modeled across the images with little to no variation in image artefacts. On the other
hand, the effect of network size on detection performance becomes clear on the more challenging SPEED
images that contain blur, noise and earth in the background, along with challenging illumination conditions.

In terms of the pose solver, a modification to the MLP#nP algorithm is proposed in this work to improve the
accuracy of pose estimation at larger separation ranges. The reasoning behind the proposed modification is
detailed and modified algorithm is benchmarked for higher separation ranges. The modified algorithm suc-
cessfully overcomes the limitations of the original algorithm with superior accuracy. The suitability of the
modified MLPnP is further reinforced by a Monte Carlo analysis specific Envisat target case in comparison
with CEPPnP, the only other state-of-the-art covariant solver. The results show that the modified MLPnP pro-
vides superior translation accuracy and comparable rotation accuracy. However, the superiority of MLPnP is
highlighted with increasing detection noise.

Finally, the integrated pose estimation pipeline is benchmarked on SPEED synthetic validation set. The
results from the candidate pipelines finalized for evaluation provide accuracy on par with the the state-of-
the-art results. Using the larger HRNet-W32 network for keypoint detection, the pipeline provides accuracy
comparable to the the state-of-the-art while being significantly more optimized in terms of model size and
computation requirement. Using the newly introduced HRNet-small network, the speed-accuracy trade-off
is further fine-tuned while decreasing the model size and computation requirements by a factor of 5 and 3
respectively. The pipeline is more suitable for on-board deployment due to it’s resource demand and the
accuracy is considerably higher than a comparable state-of-the-art pipeline.

10.1.2. Syntheticity-Reality Gap

The proposed framework is designed for robustness in the pose estimation pipeline that allows to bridge the
gap between synthetic images and the real images. The robustness is added implicitly by the optimal choice
of CNNs and the architecture, while robustness is also improved explicitly using techniques like data aug-
mentations. In terms of implicit robustness, utilizing object detection before keypoint detection provides
robustness to scale and background texture. Further, use of multi-scale networks in the pipeline provides
robustness to image resolution and the appropriate training configuration for the network improves robust-
ness to overfitting. Of special interest is the explicit means of improving robustness for a given architecture.
This is done by augmenting the data during training. For this, the role of affine and pixel-level data aug-
mentations is investigated. In principle, the robustness assessment must be carried out on real images of the
target after training on synthetic images. However, due to possible unavailability of space-borne images of
the target, lab-generated images of the target in a realistic settings must be used. If the lab-generated images
are not available, the preliminary robustness assessment can also be carried out using synthetic images with
pixel-level variations and corruptions, not encountered in the training set.

The primary analysis on the robustness to real images is carried out using lab-generated real images of
the Tango spacecraft in SPEED. The experiments on robustness provide conclusive evidence that data aug-
mentations during training are crucial to allow generalization of detection. The networks show robustness
when evaluated on previously unseen images of the spacecraft acquired with a real camera. Further, the
SLAB/ESA score for real images shows marginal loss with respect to the synthetic images, demonstrating ef-
fective transfer to reality. The experiments reveal that tin order to perform well on real images, pixel-level
data augmentation are critical. The robustness assessment analyses of the pose estimation pipeline provide
preliminary validation of the underlying design approach adapted in the proposed framework. It is however
emphasized that detailed investigation with more real images is necessary to provide conclusive inference on
this aspect, due to limited availability of real images.

10.1.3. Datasets

The inadequacy of current Envisat datasets is demonstrated through extensive experimentation and the need
for newer datasets is motivated. Two factors of improvements were considered: Earth background augmen-
tation and the common image corruptions. A new dataset (Envisat+IC) is created that augments Envisat
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images with the aforementioned artefacts. The Earth background is augmented using space-borne images of
the Earth’s full disk from the Himawari-8 satellite and the image corruptions include various models of blur,
noise and other expected effects. To enable fair assessment of robustness, special validation sets are gener-
ated that allow analysis on generalization and robustness in learning, using clean images, corrupted images
and highly corrupted images.

The resulting dataset is the first spacecraft pose estimation dataset to take image corruptions into ac-
count. Consequently, the network models trained on the new dataset present the first models that are robust
to common corruptions in the image. The efficacy of training and validation on the new dataset is demon-
strated through multi-faceted evaluations. The comparison between models trained on the existing dataset
and the those trained on the new dataset shows that new dataset drastically improves robustness of the CNNs.
Further, augmentations in the new dataset increase the complexity of the images and challenge the smaller
CNNs that usually perform well on the existing datasets.

10.1.4. Integration of the Navigation Loop

In the designed framework a loosely coupled architecture is utilized, which takes psuedomeasurements of
the pose as input to estimate the spacecraft state for the target. To quantify measurement uncertainty, the
heatmap output from the keypoint detection model is utilized. With Gaussian approximation of the heatmap
activation around the true keypoint, a score based weighting scheme is applied to derive covariance. The
problem of uncertainty preservation in a loosely-coupled estimator is tackled by using the MLP#nP solver. The
MLPnP solver utilizes keypoint location uncertainty to estimate pose as well as the uncertainty associated
with the estimate. This allows for an uncertainty aware loosely-coupled architecture that is introduced in
this work. Consequently, the pose estimation pipeline with the trained CNN models and the MLP#nP solver is
integrated with MEKE wherein measurement covariance is obtained from the MLPrP output.

The integrated navigation loop is evaluated on a simplified scenario for the Envisat target in a perturbation-
free V-bar trajectory at 150 m along the boresight of the servicer spacecraft. The integrated navigation loop is
tested with highly perturbed initial conditions and demonstrates a desirable convergence profile. In addition,
the robustness of the integrated navigation loop to initial conditions is verified with a Monte Carlo analysis
with random sampling of initial conditions. The integrated loop demonstrates high accuracy of steady state
estimate across randomly sampled initial conditions. In general, the estimation error in the relative position
is less than 0.3 m and that in the relative attitude is less than 1 deg along the Euler axis, at a separation of 150
m.

While the accuracy of the navigation solution is found desirable, it is noted that the simplicity of the
scenario provides limited scope for valid comparison between alternative estimator designs. Due to the sim-
plicity of the scenario and favourability of the images, the conclusive analysis justifying the use of covariance
representation in the loop, as opposed to tuned and constant measurement covariance, is not realized.
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10.2. Recommendations for Future Work

The work presents a limited analysis for enabling learning-based methods for vision-based navigation in
proximity operations. Using the framework designed here as a baseline, the future works can further investi-
gate several related aspects, as noted below.

CNN-based Pose Estimation pipeline

The CNNs in the pose estimation pipeline is developed and implemented in a discontinuous manner i.e.
the CNNs within the pose estimation pipeline interface only through data files. Besides, the OD and KD
networks are implemented on two different machine learning platforms, preventing a consistent implemen-
tation. In the future works, the development of software interfaces and incremental integration of pose esti-
mation pipeline can be carried out to understand the way these novel CNN-based pipelines can be deployed
on an embedded computer.

On the network level, the selected KD network based on HRNet architecture presents significantly higher
computation demand. There is scope for improving the HRNet efficiency by replacing the convolution oper-
ations in the network with depth-wise separable convolution, which is expected to lower memory and com-
putation demand significantly.

The pose estimation pipeline in the designed framework requires the target body’s 3D model. For the via-
bility and scalability of large-scale ADR efforts, the methods need to apply to multiple targets. To this extent,
future works can explore ways in which this framework can be re-configured on-board to support multiple
target captures. Alternatively, the same can be enabled by exploring newer neural network architectures that
do not rely on model-specific features, while being accurate and robust.

Syntheticity-Reality Gap

The gap between syntheticity and reality is the most consequential aspect, that the future works must focus
on. This work presents several key aspects that form a baseline for bridging the gap between synthetic im-
ages and real images. The Envisat+IC dataset proposed here could be tested with lab generated real images.
Based on extensive image acquisition campaigns, the Envisat+IC dataset could be improved to exhibit more
representative corruptions and the corresponding magnitudes, as observed with the real camera. Further,
novel datasets can be generated that fuse synthetic and lab generated images, to improve performance on
real images. The analyses on this front with the CNNs will improve the explainability of the CNN models.

While lab tests and using real images can provide qualitative inferences, the study of syntheticity and
reality gap must also be assessed on a lower level, to ensure the inferences are valid. For this, future works
could undertake image-level analyses in assessing which artefacts in the images are relevant, how to quantify
the aspects that generate the gap, and how to employ techniques at the intersection of domain transfer [130]
and meta-learning (learning to learn) [168, 169] in CNNs [170], to increase the robustness of CNN models to
the relevant unseen images. The analyses on this front will improve the quantifiability of the gap.

The aforementioned steps to improve quantifiability and the explainability will provide the necessary
elements to then tackle the challenges of validation and verification of the CNNs and the pose estimation
pipeline. This remains a major challenge for neural networks, which unlike conventional approaches persist
less deterministic behavior.

Datasets

This work presents a preliminary analysis of deep learning datasets for spacecraft pose estimation, by taking
image corruptions into account. Future works can explore datasets with texture randomization and adver-
sarial images that are used to make CNNs more robust.

More importantly, there is a need for image sequences that can simulate a continuous trajectory to enable
a rigorous evaluation of the full navigation loop. Currently, only the Envisat-1 dataset avails an image set
simulating a relatively simple perturbation free trajectory. Future datasets must enable image sequences that
include perturbations, image corruptions, temporal variation of illumination among others.

Integration of Navigation Loop

The preliminary analysis of a loosely-coupled state estimator to a CNN-based pose estimation pipeline was
presented. However, it is highlighted that currently available image sequences representing trajectories do
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not provide an adequate basis for comparison between various design alternatives. Given the generation of
images with newer trajectories, a thorough analysis could be carried out in the future works to assess the im-
portance of using covariance in the loop, by comparing the navigation loops that do not use heatmap-derived
covariance. Consequently, more representative comparisons can be made between tightly and loosely-coupled
estimators, using image sequences with perturbed trajectories and worst-case approach scenarios.
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Review of Machine Learning Concepts

Owing to extensive research in the past few decades, the methods used for problem solving using Al are
numerous. They can be classified into four categories based on working intelligence level. There are

1. State-based methods
2. Variable-based methods
3. Logic-based methods

4. Reflex-based methods

The working intelligence level of these algorithms is shown in Fig. A.1. Intelligence level here points to
the abstraction of information and symbolic representation of the world. The main focus is put on machine
learning, which is a reflex-based method. While, other methods are useful and often relate to machine learn-
ing, these are not considered relevant for the information here.

Machine Learning

Machine learning is the broad domain of algorithms based on the principle of learning. According to Mitchell
(34],

A computer program is said to learn from experience E with respect to some class of tasks T and
performance measure P, if it’s performances at tasks in T, as measured by P, improves with the
experience E.

This allows machine learning algorithms to solve problems that are difficult to solve using fixed (manually
designed) programs. The term machine learning was coined by Arthur Samuel after he constructed an algo-
rithm to teach the computer to learn checkers, which eventually surpassed his own abilities [171]. This aspect
of experience-driven self improvement has been a fundamental part of the machine learning revolution that
has followed.

Machine learning paradigm stems from the ideology of building up on simpler information at the lower
levels to comprehend complex ideas. Lower level information is expressed using features, x; (i=1 ...n), of an
example, x € R . Together, a collection of all such examples or data points make a dataset.

Most machine learning algorithms implement lower level intelligence and fall under the domain of reflex
based models in AL. A model is said to be reflex-based, if it performs a fixed sequence of computations on a
given input in a feed-forward manner. These models (or networks) have no feedback loop where output of
the model is fed-back into itself as an input !

Tasks T include classification, regression, transcription, density estimation, translation et cetera. Perfor-
mance measure P, is often specific to the task undertaken in a machine learning problem. However, the most

INot all machine learning algorithms are reflex based. e.g. Recurrent neural Networks
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Search problems

Markov decision processes Constraint satisfaction problems
Adversarial games Bayesian networks
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Figure A.1: Spectrum of working intelligence level in Al models [172]

common performances measures are accuracy and error rate. Experience E is usually associated with the
kind of data/information that is available to the algorithm during the learning process. Experience forms the
basis of the most elementary classification of learning algorithms in to:

1. Supervised Learning: The ability to learn the input-output mapping from a dataset of examples or
input and their associated label or output. In terms of E, the supervised learning algorithms experience
a dataset along with corresponding labels,

Mathematically, supervised algorithms observe examples of a random vector x and the corresponding
value y and learn to predict y from x usually by estimating the conditional probability p(y|x)

2. Unsupervised Learning: Ability to learn from only a set of inputs and segregate data in some form
based on commonalities in the inputs. In terms of E, the unsupervised learning algorithms experience
only the dataset containing features.

Mathematically, the problem of unsupervised learning is to observe input data for a random variable
x and attempting to implicitly or explicitly learn the probability distribution p(x) and the associated
properties of it.

This broad binary division is not distinct and all-encompassing. However, from the machine learning
application perspective, it provides a rough scope of the task involved.

A typical machine learning algorithm development involves training, validation and test phases. Training
involves observing the available data and forming the model to minimize the error on the given dataset. Vali-
dation and test involves checking the performance of the trained model on the unobserved inputs, emulating
performance in a real-world application. This ’fraining’, 'validation’ and ’test’ terminology is adopted in the
subsequent sections to explain the relevant concepts.

Supervised learning algorithms are of special interest to this work, as most deep learning methods based
on images utilize supervised learning. In particular learning-based terrestrial and space-borne pose estima-
tion applications almost always use supervised learning. Since supervised learning is the most likely type of
learning to be adapted for the proposed project, the important aspects of supervised learning are discussed
in detail here.

Supervised learning is the problem of estimating a function &y (x), also called a hypothesis function, based
on a set of training examples x; € X and associated outputy; € Y for i = 1, ... n, subject to coefficients or
weights w. This dataset containing training examples is used to tune the weight parameters, to fit the data by
minimizing some form of error, more formally called loss.

Type of Prediction

Based on the type of prediction, a problem in supervised learning is termed as a regression problem when the
output space (Y) is continuous or a classification problem if the output space is discrete.
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Loss Function

Aloss function, L; : (z, y) € R, quantifies the quality of prediction by taking predicted output value z = h(x) >
and true value y for an example x’. The common loss functions are shown in Fig. A.2

Least squared error Logistic loss Hinge loss Cross-entropy
1
E(y —2)? log(1 + exp(—yz)) max(0, 1 — yz) —|ylog(z) + (1 — y) log(1 — Z)}
| - 1 - | —
y=-1 y=-l y=0 1
. V4 z z
| t - t t
yekr y=1 y=1 0 y=1
Linear regression Logistic regression SVM Neural Network

Figure A.2: Common loss functions used in various learning algorithms [173]

The choice of loss function in machine learning algorithms is subjective [174], but for deep learning algo-
rithms the choice of loss function is most often based on convention.

A total loss function generally assesses the performance of the model over the whole dataset, expressed

as: ;
Jw) =) Li(z,y) A1)

i=1

and can often also include regularization term, for instance:

n
Jw) =) Li(z,y) + Qp(w) A.2)

i=1

Often in the literature, objective function is also called total loss function and described as a sum of data
loss and regularization loss.

n
Lw)=) Li+Lg

Gradient Descent

During training, the model learns the weights (w) of the model. During this process, weights are updated such
that the cost function or the total loss function decreases towards the minimum. This is done using gradient
descent (or ascent if dealt with maximum). Simplistically, the gradient descent update can be expressed as

wi =wo — aVJ(wp) (A.3)

The parameter a which specifies the magnitude for update of weights towards a lower gradient, is called
the learning rate. Learning rate is an important hyperparameter, especially in neural networks. Smaller learn-
ing rate causes consistent progress towards minima but is slow. On the other hand, higher learning rate makes
larger weight updates and lead to overshoot away from the minima in the direction of the local gradient. The
discussion on computation of the gradient of the objective function (VJ(wy)) is presented within the discus-
sion on backpropagation and neural networks in A

The update of weights using gradient descent can further be done in two ways during the training. If
weights are updated after each training example is observed, the approach is called Stochastic Gradient De-
scent (SGD). On the other hand, if the weights are updated on a the whole batch of training examples, it is
called Batch Gradient Gescent (BGD). BGD shows great performance for convex models while SGD tends

ZNote: It is assumed that the hypothesis function provides a scalar output y. This is done to describe loss functions with simplicity. It is
often the case that output from the model is a vector (y). In that case, loss functions are similar just adapted to the vector notation of
the problem.
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to find near-minimum solution with faster convergence. However, the typical deep learning models using
large amount of training data (on the order of 106 examples) do not use either of those methods in their
pure form. This is because BGD shows inefficiency in computing gradients for all examples at every step and
SGD shows inefficiency as it cannot be implemented in vectorized form. Instead, the update is computed in
mini-batches of the training data assuming correlation between the data and the mini-batch. The mini-batch
gradient descent is usually also interchangeably called stochastic gradient descent in practical resources like
libraries.

Note that the task of choosing weights to minimize the objective function can be accomplished using
other optimization methods like Newton’s method. Gradient descent is just one such method that happens
to be widely used in machine learning.

Generalization, Capacity and Regularization

The central aspect of any machine learning problem is that of training the model, such that it subsequently
performs well on inputs not directly observed during the training. This ability to perform well on previ-
ously unseen data is called generalization. While we use several mathematical optimization tools in machine
learning, the essential difference between the two is that optimization seeks to minimize the error only on
the observed data. Machine learning algorithms aim at further minimizing the generalization error or test
error.

Usually, the interpretation that allows us to formulate the learning process to take generalization error in
to account follows from a set of assumptions regarding the probability distribution of the training and test
data. It is generally assumed that examples in each dataset are independent of each other, and that the train-
ing and test datasets are identically distributed, taken from the data generating distribution. Ideally, if a fixed
model is available and training and test sets are then sampled from the associated probability distribution,
the training and test error would be exactly same.

In machine learning problems however, we sample the dataset for training and then fix the model param-
eters using this set to minimize the training error. For this process, the test error is greater than or equal to the
expected value of the training error. Thus the important aspects for developing or implementing an machine
learning algorithm is its ability to:

1. minimize the training error

2. minimize the gap between training and test error
This relates to the principle problems in machine learning:

1. Underfitting: The inability of the model to achieve a sufficiently low training error.

2. Overfitting: The inability of the algorithm to achieve a sufficiently low gap between the training and
the test error

Varying the capacity of a model is one way to control overfitting or underfitting. Model’s capacity defines
its ability to fit a wide variety of function [175]. Lower capacity means the model can fit a wide variety of
functions for the given data, while higher capacity means the model fits the data more stringently. Generally,
the capacity of the machine learning model should be appropriate for the true complexity of the task and the
amount of data available for training. Lower than needed capacity can result in a simpler model that fails
to sufficiently reduce training error, while higher than needed capacity can preserve information from the
training set that does no propagate in the test set, resulting in increasing test error. An example of variation
of capacity is shown in Fig. A.3.

Generally, the variation of performance with model capacity is such that the training error saturates at
a minimum with increasing model capacity, while the test or the generalization error decreases up to the
optimal capacity and then increases with higher model capacity. This is shown in Fig. A.4. Note that at
optimal capacity, the model’s training and test error are still not equal. This is because generally the data
available might be stochastic (in terms of input-output mapping), contain noise or include other unsampled
variables. Thus, even the ideal model, which knows the true data generating distribution, incurs error in
predicting the test set results. This offset error of an ideal model is called the Bayes error. Thus, generalization
error of any model is greater than or equal to the Bayes error.
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Figure A.3: An example of model fitting with varying capacity. Data is based on a quadratic function (y = agx? + a1 x + ay) for randomly

sampled independent variable (x). For limited training data, linear model with lower capacity (left) fails to fit the training data well. A
nine degree polynomial (right) fits the training data well, but overfits the available data points as it cannot generalize well for test data
from the given quadratic model. [175]
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Figure A.4: Typical relationship between model capacity and errors in training and test [175]

It should be noted that it is possible for a model with optimal capacity to have significantly high gap
between generalization and training error. In this case, this gap can be reduced by including more training
examples. The expected generalization error can never increase as the number of training examples increases
[175].

Regularization

According to the no free lunch theorem for machine learning [65], no machine learning algorithm performs
better than others when averaged over all data generating distributions. On making assumptions about the
probability distribution of a specific real-world application, machine algorithms can be designed to perform
well on a specific distribution. Conversely, these perform worse on other data generating distributions. This
implies that machine learning algorithm cannot be universal or the absolute best learning algorithm. There-
fore, the machine learning algorithms are designed to perform well on a distribution specific to the real-world
task that is considered and not others.

This task specific performance improvement is done by setting preferences. A general method of doing
that is to set preferences for one function over another in the hypothesis space. This implies that while two
or more functions are eligible, one of them is preferred. This is called regularization. Regularization is often
added as a penalty to the cost/objective function. A common regularization method called weight decay adds
a penalty in the cost/objective function given as:

Jw) = Jo(w) + Aw’w (A.4)

where, Jj is the objective that quantifies the deviation between predicted data and the true data and A is a
chosen parameter that defines the strength of preference for smaller weights in the model. Smaller weights
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ultimately affect model capacity (by avoiding selection of narrow space of function associate with unbalanced
weights) improving generalization as shown in Fig. A.4 and thus also affect overfitting and underfitting.

For example, consider a simple linear objective function such that

Jow) =wlx st

x=[1,1,1, 117

w1 =[1,0,,0,0"
w, = [0.25, 0.25, 0.25, 0.25] 7

we have,
T

Jowy) = wix = wj x = Jo(wp)
Using weight decay regularizer,
Qrw) = Awlw

preference can be set for wy, even though both are eligible.

Weight decay is just one regularization method for the learning algorithms. More broadly, regularization
is " any modification we make to a learning algorithm that is intended to reduce its generalization error but
not its training error" [175]. Typical regularization techniques in relevant learning algorithms are discussed
further in later sections.

Hyperparameters and Validation

In machine learning algorithms, certain parameters are often chosen manually either because they are hard
to optimize or are unsuitable to learn in the training set. One such parameter is A coefficient of the weight
decay regularizer discussed earlier. Another could be the degree of polynomial used to represent a model.
These hyperparameters are essential in controlling the behaviour of the learning algorithm. These are not
learned during training, because for the training dataset the hyperparameters would choose the maximum
possible model capacity, causing overfitting. Thus, hyperparameters are tested and learned on a separate
validation set. Typically, validation set is formed by isolating 20 % of the training dataset, which is used, in a
way, to train or select the hyperparameters. Consequently, only 80% of the original dataset is used for training
the model.

Representation Learning and Neural Networks

Recall that the capacity of the model of a machine learning algorithm used on a data needs to be appropriate
for the task and the data. In the case of linear models however, the capacity is restricted to lines. Two methods
of overcoming this have been discussed so far in brief. One, by manually transforming an example x to ¢(x)
with nonlinear mapping ¢ to appropriate features in a higher dimensional space. Another way is use a generic
infinite kernel method that implicitly learns the nonlinear mapping (¢)in a higher dimensional space that
assures a fit on the training data, as discussed for SVM algorithms. These kernel tricks generally use an infinite
dimensional mapping ¢ that provides high capacity in the model to smoothly fit the data. However, this
generally leads to higher than appropriate capacity for the model, which often leads to poor generalization
on the test set as expected from Fig. A.4. Both the approaches do not provide a scalable solution for difficult
learning problems.

The domain of representation learning algorithms overcomes the pitfalls of the traditional learning algo-
rithms, by appropriately learning the non-linear mapping for the training examples directly from the data.
Given a non-linear model with the usual notation:

y=rw (A.5)
the representation learning algorithms form an additional intermediate mapping such that such that

z =1 (x;wy)

y = ¢2(z;w2)
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Figure A.6: Sigmoid (left) and ReLU (right) functions used as activation functions for artificial neurons

This forms the conceptual core of neural networks, which use this basic principle on a larger scale to learn
complex® non-linear mapping between the input and the output by stacking many of these basic intermedi-
ate mappings to form a network.

Neural Networks

Neural networks were primarily associated with the goal of modelling the biological system that enable the
human brain to comprehend complex ideas. However, the current state of artificial neural networks is only
remotely linked to the biological analogy and has been shaped by engineering problems. However, the struc-
ture and flow of information is connected to the biological neural networks.

The commonly used model of the artificial neuron very coarsely imitates a biological neuron [176, 177],
but is significantly simpler. In that, each neuron has dendrites (the input channels), the cell body (operations
and the mapping function) and an axon (the output channel). Axons from multiple neurons, connect to the
dendrites on one neuron. The outputs from a neuron that connects to another neuron by axon-dendrite
connection, can be assumed to be weighted. This is represented in Fig. A.5. When the sum of the inputs is
above a certain threshold, the neuron fires, sending a spike or a signal along the axon. The output is produced
as a function of the weighted sum of all the inputs. This function is called the activation function. The central
idea for neural network is based on activation or firing.

The choice of the activation function f has historically been the sigmoid function *. There are several
other activation functions, among which a rectified linear unit or ReLU is the most common activation func-
tion in recent use of deep learning. ReLU and sigmoid functions are shown in Fig. A.6.

The neuron unit is then stacked together to form a network with a layer-wise arrangement called a neural
network. Mathematically, the neural networks are neurons connected in an acyclic graph. The layer that
takes the input or the example x is called the input layer. The input layer connects to intermediate layers

3Not related to complex numbers, but complexity as a characteristic
4activation functions are always non-linear as a cascade of linear units just form a linear mapping together, restricting the capacity only
to linear functions
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and finally form an output layer, which provides the final output y °. The inputs and outputs of each neuron
are usually scalar, which means that the input layer contains the amount of neurons equal to the number of
features in an example. Subsequently, the neurons in the intermediate layers indirectly operate in a fixed way
on the input. This implies that input to a neural network is fixed in sized and pre-determined. As a result, a
neural network processing images will not be able to deal with input images of different sizes.

The intermediate layers are called hidden layers. The hidden layers form the foundation of representation
learning. The way each neuron in preceeding layer is connected to the hidden layer with the associated
weights enable the network to represent a more complex non-linear mapping between input and output.
Finally, the output layer provides the output parameters (scalar or vector) and does not use an activation
function. Outputs generally linearly combine the outputs of the preceding layer and act as a container for a
real value (regression) or a discrete value (classification). Neurons are connected from one layer to the next
layer do not connect to neurons in any other layer or itself. When neurons of a hidden layer are connected to
every other neuron in neighbouring layers, the hidden layer is called a fully connected layer. Fig. A.7 shows
two exmaple neural networks with fully connected layers. Note the convention n-layer neural network, which
specifies total number of layers excluding the input layer.

The striking feature of the neural networks in general is that they are powerful approximators. This is
due to the cascaded and heirarchical non-linear functions defined by respective weights and biases at each
connection. These weights and biases are the learning parameters. For instance, 2-layer neural network in
Fig. A.7 (left) has 20 weight parameters defined at each of the 20 connections between the neuron and 6 bias
parameters, one defined at each of the 6 neurons, making a sum total of 26 learnable parameters. Similarly,
in the neural network shown in Fig. A.7(right) has 46 learnable parameters.

These learnable parameters allow neural networks to approximate highly non-linear mappings between
input and output. In fact the universality theorem or the universal approximation theorem for sigmoidal
function given by Cybenko[179], implies that a neural network made with sigmoid neurons (or any continu-
ous, bounded and non-constant activation function) with atleast one hidden layer is a universal approxima-
tor. For a clear visual proof of this theorem, the reader is referred to [180]. This means that a two-layer neural
network (y = g(x)) between a single input (x) and output (y) can be constructed to approximate virtually any
function f(x) with an arbitrary accuracy € such that | f(x) — g(x)| < €. Practically, the size of the hidden layer in
terms of the number of neurons increases exponentially depending on the non-linearity and the input space
dimensions.

The modern neural networks, especially in deep learning, use ReLU instead of a sigmoid activation func-
tion. The reasons motivating the choice of ReLU over sigmoid function is presented later in the discussion
on backpropagation. Intuitively, the visual proof in [180] can also be extended to ReLU function. However
theoretically, notice that the ReLU function (Fig. A.6) is unbounded and violates the condition in the uni-
versality theorem. Lu et al. [181] recently showed that networks with ReLU functions can in fact universally
approximate any continuous function with n-dimensional input space, with one hidden layer containing
n+ 1 neurons. This is the reason why neural networks perform well on learning arbitrary non-linear map-
pings between input and output, where number of layers and the number of neurons in each layer specifies a
family of functions. In practice the shallow neural networks used in machine learning with 3-layers are con-
sidered optimal and sufficient for all practical use, in contrast deep neural networks like CNN that contain
around 10 or more layers and exponentially higher learnable parameters to extract lower level information

5generalized as a vector but can be scalar
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from images.

A Neural network for practical purposes is defined by it’s architecture- the number and type of the hidden
layers as well the size of each of those layers. These aspects of the architecture define the capacity of the
neural network i.e. the space of hypothesis functions increases. Larger neural networks will always perform
better than smaller neural networks. However, arbitrarily choosing higher size and number layers can lead
to the common problems with overfitting as discussed earlier. Finding the perfect combination of layers and
their sizes is not practical or scalable to wide variety of practical applications. For this reason, regulariza-
tion is the most preferred way to control the overfitting in these cases. Here, the user only decides a single
hyperparameter A from Eq. A.4, while the architecture of the network is more or less fixed to a larger network.

Notice that apart from the configuration the architecture, the user has no role in choosing the exact map-
ping. The neural network takes care of all the intermediate computations itself in training as well as the test.
For this reason the neural networks are said to execute end-to-end learning. This end-to-end learning allows
neural network to extract complex features from the data to fit a model that allows it to execute a machine
learning task well. However, these complex features on which the neural network bases its decisions, usually
make little sense to the user. For this reason, a neural network is often termed as a black box, which invents
representations in the hidden layers that are not intuitive or understandable, thus preventing debugging or
troubleshooting in a meaningful way.

Training, Learning and Backpropagation

The process of output computation from input in a neural network flows through layers in a feed-forward
manner, also called forward propagation or forward pass. The forward pass results in a loss. The adjustment
to the learnable parameters that fit the training examples that lowers the loss, is determined by backpropa-
gation or backprop [182].

The training process consists of feeding a training example to the network and forward propagating the
inputs until the output layer to determine a scalar cost J(W), where W is a matrix containing weights and
bias terms. The back propagation algorithm determines the gradients from the final cost by processing in-
formation in a backward flow. This gradient is then used in an SGD algorithm as discussed earlier. Note that
backpropagation is only concerned with computing gradients and is not the same as learning. Recall that
in order to make appropriate updates to the weights in the model that minimize the cost J, the gradient VJ
needs to be computed with respect to all the weights. This could be done by analytical or numerical gradient
calculation, but for neural networks analytical gradient is very difficult and practically impossible to compute
and the numerical gradient calculations are computationally expensive. Backpropagation overcomes these
limitations by using simple application of chain rule for derivatives to compute the gradient in a computa-
tionally inexpensive way.

Backpropagation algorithms are described using computational graphs, which is an intuitive representa-

tion of a composite mathematical computation in terms of simpler operations defined as nodes. A computa-
tional graph representation is shown in A.8.

Figure A.8: Computational Graph representation for arbitrary functions z = xy (left) and H = max(0,XW +b)
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Figure A.9: Backpropagation represented in a computational graph

This is used in conjunction with the chain rule for derivative from calculus, which can be written as:

0z Az 0y;j

— = A.6
ax,- A ayj axi ( )

where, y = g(x), z = f(y), and x; and y; are respective elements of vectors x and y

During backprop, starting from the end node, the break down of cost function in to gradients is done
at every preceding node. As an example, in Fig A.9 (a), the numbers in green are the function evalutions
during forward propagation the numbers in red are gradients. During backward propagation we start from
f where the gradient of before the node is df/df = 1. The value f is basically f = gz. Thus, gradient
of f with respect to g, df/dq = z (similarly for z). In the same way, g = x+ y and the local gradients
dqgldx =dqldy = 1. The gradient of f with respect to x is then a product of local gradient (dq/dx) mul-
tiplied by the preceding local gradient (d f/dq). Fig. A.9 (b) shows the backprop done for a sigmoid neuron
where f(w,x) = (1 + exp(—wyxo — w1 X; — w)~'. In general, backprop breaks the gradient computation into
very simple computations of computing gradient using local relations and only the preceding gradient. This
concept is extended to vector/matrix operations as:

Vxz = ]TVyz (A7)

where, J is the jacobian matrix of g and the representation of variables is same as Eq. A.6. This is a very
valuable tool, especially for deep learning where number of layers and the number of learnable parameters
are very high. Hence, majority of deep learning libraries and platform use a similar approach for computing
gradients.

Following backpropagation, the process of gradient descent progresses as discussed earlier. Combin-
ing these elements discussed in the previous sections, a complete process of training and testing a machine
learning in general and a neural network in particular has been discussed. In section A, the shortcomings of
shallow learning are outlined along with a review of relevant aspects of deep learning algorithms.

It should be noted that since backpropagation is about computing gradient, the performance of back-
propagation in neural networks depend highly on the choice of activation functions. The traditional choice
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of sigmoid activation function for the neural networks is non-zero centered exhibits near-zero gradients in
saturate regions during activation. This causes weight updates during SGD to be very slow increasing com-
putation for convergence. Krizhevsky et al [67] proposed the use of ReLU activation which accelerated SGD
convergence by a factor of 6. It is also superior to other activation functions like tanh, as ReLU only involves
thresholding matrices at zero, while tanh is a computationally expensive trigonometric computation. For this
reason, almost all modern neural networks since 2012 prefer ReLU activation function over others.

Deep Learning

The domain of Deep Learning originates directly from the neural networks discussed in the previous section.
Formally but not strictly, a neural network that contains more than one hidden layer between the input is
called a deep neural network and is said to execute deep learning. Note that the neural networks in deep
learning need not be feed-forward networks, like recurrent neural networks [183] and need not have the same
learning procedure as described earlier, like in deep reinforcement learning [184]. Deep learning is a subset
of machine learning and falls withing the larger domain of Artificial intelligence, as shown in Fig. A.10. The
characteristic difference of deep learning from other techniques is summarized in A.11.

Deep learning Example:
Shallow
Example: autoencoders
MLPs

Example: Example:
Logistic Knowledgc

regression bases

Representation learning

Machine learning

Figure A.10: Venn Diagram showing DL in Al domain [175]

Deep learning is powered by the concept of extracting abstract representations at an unintuitively low lev-
els in unstructured data, to compose high level information. Here, unstructured data is meant to signify data
with high dimensions such that no direct and fixed model from which patterns could be identified. Speech
and images are the most prevalent unstructured data that are easily deciphered by humans, but difficult to
be understood by the computers. Unstructured data represents challenges for understanding the inputs, like
images, in the following ways as outlined in [178]. For an image describing the same object, for instance, it
can have:

1. Viewpoint variation: A single instance of an object can be oriented in many ways with respect to the
camera.

2. Scale variation: Visual classes often exhibit variation in their size (size in the real world, not only in
terms of their extent in the image).

3. Deformation: Many objects of interest are not rigid bodies and can be deformed in extreme ways.

4. Occlusion: The objects of interest can be occluded. Sometimes only a small portion of an object (as
little as few pixels) could be visible.

5. INlumination conditions: The effects of illumination are drastic on the pixel level.
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6. Background clutter: The objects of interest may blend into their environment, making them hard to
identify.

7. Intra-class variation:. The classes of interest can often be relatively broad, such as chair. There are
many different types of these objects, each with their own appearance.

Traditional machine learning algorithms like linear classification/regression do not scale well for such in-
puts and other CV algorithms cannot tackle one or more of the aforementioned challenges. An exhaustive
discussion on deep learning is neither practical for this literature study nor relevant. The reader is referred
to the established texts for these topics by Goodfellow and Bengio [175] and Nielson [180]. This work will
be mostly be focused on the study of a specific type of architecture in deep learning used especially for pro-
cessing images, called the Convolutional Neural Network (CNN). CNNs are the central to recent progress in
computer vision since they were first demonstrated with substantial performance increase on ImageNet clas-
sification benchmark [66] by Krizhevsky et al. [67] in 2012. However, CNNs are not a recent concept. LeCun
et al. [68] motivated CNNs for use in recognition of handwritten zip codes for US postal service and later
formalized the CNN class of architecture that overcomes the limitations of traditional neural networks by ac-
counting for local receptive fields, shared weights and subsampling to ensure some degree of invariance to
overcome challenges in visual imagery listed above [69].However, with trisection of advances in processing
power, increase in image data and progress in deep learning, in 2012 when AlexNet [67] showed unparalleled
error rate in image classification. The performance of CNNs has since improved with evolution of archi-
tectures [70-72] on the benchmark ImageNet classification beyond human performance. CNNs have thus
empowered computer vision to address several crucial terrestrial applications in a very short time [185].
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Finally, it is worth noting that CNNs are not the ideal solution to the high level information processing
from images despite their pioneering performance. They are considered to have drawbacks in not being able
to "understand" the real 3D/4D world information that is easily captured by the human brain. In latest re-
search, Sabour et al. [186] propose a better heirarchical network (CapsNet) similar to the CNNs that captures
dynamic information and is based on a basic unit made of a group of neurons called a capsule. The capsules
among other things preserve probability of observation of the features and overcome translation ambiguity
in contrast to CNNs. Hinton et al.[187] have shown better performance with CapsNet on smalINORB bench-
mark, but the overall establishment of capsules is still subject to extensive research.






Attitude Representations

This chapter describes the attitude representations used for describing the rotational kinematics and dynam-
ics of a body, adapted from [188]. For a more comprehensive review of attitude representation, the reader is
also referred to the survey in Shuster [189].
Rotation/Attitude Transformation Matrix (R) : A matrix which when multiplied with a vector, rotates it while
keeping the length constant. For all such matrices defining the Special Orthogonal group with a 3x3 matrix
(Re SO@3)):

Rl=+1 & R'=RT (B.1)

where, the matrices can be represented in terms of their elements as:

Ri1 Rz Rz
R= Ry Ry Ry (B.2)
R31 R3» Rs3

Figure B.1: Visualization of a generic coordinate rotation

B.0.1. Direction Cosine Matrix (DCM)

It is a matrix (C; ;) describing the transformation from a generic orthogonal reference frame to another frame
through the rotations about its axes. It is then a 3 x 3 matrix with 9 elements with no singularities. However,
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it contains 6 redundant elements of trigonometric representation that increase computational complexity in
operation. For a generic rotation in 3D, the DCM can be represented as following (notation in Fig. B.1.

C11 C12 C13 COS (Hx’,x) COS (QX’,y) COS (ex,,z)
C=|Cu Cp Co| =] cos(fyy) cos(6y,) cos(fy ;) (B.3)
Cs1 Cz Cs cos(0, ) cos(fz,) cos(0)

B.0.2. Euler Angles

It is a set of three angles (8;) expressing the rotations over single axes of an orthogonal matrix A such that
it can be expressed with respect to another orthogonal frame B. These rotations about the axes are per-
formed in a sequential way, generating intermediate frames between A and B. For an arbitrary orthogonal
axes system XYZ, the rotation matrix R resulting from a sequential rotation along X,Y and Z axes, is given as a
multiplication of individual Euler angle rotations (6;) as following:

R = R3(03)R2(02) Ry (01) (B.4)
where, the elementary rotation matrices R; for an arbitrary rotation () is given as:

[ 1 0 0
Ri(@)=| 0 cos(a) sin(a)
| 0 -sin(a) cos(a) |
[ cos(a) 0 —sin(a) ]
Ry(a) = 0 1 0 (B.5)
| sin(a) 0 cos(a)
cos(a) sin(a) 0 ]
R3(a)=| —sin(a) cos(a) 0
0 0 1]

The sequence of rotations is subjective to conventions, but the generic representation presented here
remains valid. The main issue arising from this representation is the existence of singularity in rotations
resulting from gimbal lock.

B.0.3. Axis-Angle Representation

It is a four parameter representation such that a three parameter unit vector (e) describes the axis of rotation
called Euler’s eigen-axis or simply, Euler axis, while the fourth parameter (0) is the rotation around that axis.
This is visualized in Fig. B.2. The unit vector e represents the direction cosines and is subject to unit vector
normalization constraint.

Euler’s eigenaxis rotation states that by rotating a rigid body about an axis that is fixed to the body and
stationary in an inertial reference frame, the rigid-body attitude can be changed from any given orientation
to any other orientation. Such an axis of orientation, whose orientation relative to both inertial reference
frame and the body remains unchanged throughout the motion, is called the Euler axis or eigenaxis.

B.0.4. Unit Quaternions

It is a set of four normalized elements (g;) describing a single rotation about the Euler’s eigenaxis of the
motion. This attitude representation set is common for space applications as it renders a linear kinematic
relationships, as well as the absence of rotation singularity in discrete rotations. A quaternion is represented
in general form as:

1" (B.6)

q-= [ o ] = [670,671,612,613
qv

where, q, is the quaternion vector representing the direction of the eigen-axis, while gy is the scalae rep-
resenting magnitude of rotation about it. A unit quaternion is subject to a normalization constraint given

as:
q=\/q5+q;+4d;+4; (B.7)
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Figure B.2: Visualization of rotation in axis-angle parameterization

The relevant quaternion operations commonly utilized in spacecraft dynamics are the quaternion conju-
gate, quaternion inverse and quaternion multiplication.

The quaternion conjugate § and the quaternion inverse q~! are given as:

—_| 4o . oa-l_a
8] e
q®p =qm(q,p)
- doPo—d, Py (B.9)
qoPv+Podv—qQv *Pv

The quaternion vector can be derived to and from Euler angles as :

qo cos % cos 62—2 cos 62—3 +sin 071 sin 972 sin 92—3
q | _ sin%cos%cos?—cos%lsinzz—zsinzz—3 (B.10)
- 01 oo 03 b1 0y 03 :
qz cos192 sin 2 cosg2 +Sm02 COSGZ sme2
9 cosLsin® —sin U sin %2 cos &
qs COs - COs = sin %> —sin 5 sin 3 cos

and with Axis-angle representation as:

cosg
esin?

(B.11)
2

While discrete rotations do not exhibit singularity with unit quaternions parameterization, it possesses
discontinuity at 180 degrees, that causes problem during attitude tracking in state estimation.

B.0.5. Classical Rodrigues Parameters

It is a solution to solve the issues resulting from redundant four parameter representation in quaternion by
deriving a three parameter representation(r;). It imposes the quaternion normalization constraint on the
fourth element such that only three parameters are needed for attitude representation. The representation
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generates a tracking discontinuity (singularity) at 0 = +, allowing larger angles to be represented continu-
ously in comparison to the quaternion representation. However, the kinematic equations are no longer linear
as is the case for quaternions. The representation can be expressed in terms of Axis-angle representation as:

0
T :etanz (B.12)

B.0.6. Modified Rodrigues Parameters

Similar to the Classical Rodrigues Parameters, it constraints the fourth term of the quaternion to express the
attitude in terms of 3 parameters (a;). Although it delays the singularity to 6 = +27, the kinematic equations
are nonlinear.

0
a =etanZ (B.13)



Data Format and Configuration Files

SPEED Raw JSON Format

v L

: {

4 "filename": "img000240. jpg",

5 "g_vbs2tango": [0.29082, 0.911185, 0.0209, -0.291082],
6 "r_Vo2To_vbs_true": [-0.372055, -0.078814, 4.203779]

7 }

8 e e

9 ]

Listing C.1: SPEED pose data example

Bounding Box JSON Format

1 [
"id": 5,

A "filename": "frameb.jpg",

5 "bbox": [221.73316346862498, 312.669029233875, 200.99467887772502,
298.010205766775] ,

6 "features": [{"ID": O, "Coordinates": [254.392077452, 247.485597363], "Visibility":

1}, {"ID": 1, "Coordinates": [244.5518203905, 253.1792486995]1, "Visibility": 1}, {

"ID": 2, "Coordinates": [262.569122631, 261.9557940015], "Visibility": 1}, {"ID":
3, "Coordinates": [253.1282111505, 267.7248714325], "Visibility": 1}, {"ID": 4, "
Coordinates": [264.379995976, 290.969447541], "Visibility": 1}, {"ID": 5, "
Coordinates": [229.7143117105, 231.039419514], "Visibility": 1}, {"ID": 6, "
Coordinates": [225.8666119125, 233.4276717185], "Visibility": 1}, {"ID": 7, "
Coordinates": [260.6712322575, 293.60040909], "Visibility": 1}, {"ID": 8, "
Coordinates": [263.433070378, 262.643677296], "Visibility": 1}, {"ID": 9, "
Coordinates": [250.2814958095, 270.929975144], "Visibility": 1}, {"ID": 10, "
Coordinates": [254.2100442415, 246.7730830405], "Visibility": 1}, {"ID": 11, "
Coordinates": [240.465035016, 254.0293510745], "Visibility": 1}, {"ID": 12, "
Coordinates": [235.5857128195, 246.955818306], "Visibility": 1}, {"ID": 13, "
Coordinates": [259.505633217, 275.5097716965], "Visibility": 1}, {"ID": 14, "
Coordinates": [280.7701570835, 205.4044755545], "Visibility": 1}, {"ID": 15, "
Coordinates": [308.53558079, 238.3137828765], "Visibility": 1}],

7 "pose": {

8 "r": [0, O, 150.0],

9 "q": [0.6123724356957946, -0.35355339059327384, 0.6123724356957946,
0.353553390593273841]

10 },

1 "illumination": []}

12 PRI

13 ]

Listing C.2: Data Format used to train/test OD network
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C. Data Format and Configuration Files

COCO JSON Format

138.60388686295997,

{

"info": {
"description": "Envisat: Image Corruptions",
"url": "https://tudelft.nl",
"version": "1",
"year": 2020,
"contributor": "TU Delft Space Engineering",
"date_created": "2019/06/01"

¥a

"licenses": {
"id": 0,
||ur1|I: IIN/AH’
"name": "N/A"

},

"images": [
{

"license": 1,

"file_name": "framelO.jpg",

"coco_url": "",

"height": 512,

"width": 512,

"date_captured": "",

"url": """,

"id": 10

1,
]’
"annotations": [
{

"segmentation": [],

"num_keypoints": 12,

"area": 15021.805948880521,

"iscrowd": O,

"keypoints": [232.3673248675, 227.731243017, 2,
234.2280647135, 241.584184091, 2,
258.927872022, 221.6255002015, 2,
261.113501245, 236.1497019495, 2,
313.222118447, 259.987824034, 2,
202.792812212, 284.452667031, 2F
207.1060294585, 298.8305785945, 2,
317.4950907715, 273.9966835845, 2,
282.3744001285, 279.6892250175, 2,
285.388164081, 299.2620538315, 2,
252.464551336, 287.1199161695, 2,
253.930608754, 306.1032908375, 2

1,

"image_id": 10,

"bbox": [ 190.84200806027, 209.67469604976998,

108.37939893946003

]’

"category_id": 2,

|Iidll: 1

},
1,
"categories": [
{"supercategory":"Target",
"id":2,
"name":"Envisat",
"keypoints":["1","2", "3, m4n gt e, g g nqQr, 11,127,
"skeleton":[[1,2],[2,4],[4,3],([3,1]1,[5,6],[6,7]1,(7,8]1,([8,5],
[9,10],[10,12],[11,12],([11,9],[1,11],[2,12],([3,9]1,[4,101]
}
}

Listing C.3: COCO Data Format used to train/test KD network
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from envisat_utils import Envisat, Camera, Projection

#Load Data

thiscam = Camera ()

Envisat = ENVISAT_DS(camera_obj=thiscam, train_path= train_dir, val_path= val_dir,
test_path= test_dir, x*xkwargs)

# Get pose for an image id

x_id = 420

gt = Envisat.gt_datal[’train’][x_id]
pose = gt[’pose’]

3 #Project body frame axes for an image

uv_pt= Projection.project_to_image(pose[’q’],posel[’r’], Envisat.Camera)

#Check wireframe projection simultaneously with ground-truth
check_projection_gt(’train’, img_name=’framel024.jpg’, idx=None)

#Visualize ground truth bounding box and keypoints
Envisat.visualize(’val’, idx=rand_id, bbox=True, kpts=True )

# Get a list of of all image files and check if a filename exists
ex_file = ’frame4783. jpg’
is_file = True if ex_file in Envisat.filenames else False

s # Write JSON data files for all image sets

Envisat.write2JSON(image_set=’all’,n_max =9000, filename=’val_bbox’)

Listing C.4: Easy accessibility for Envisat dataset through utilities file

Envisat Data APl Example

The raw data files for ENVISAT-1 contains relative cartesian position, relative attitude Euler angles, illumina-
tion angle and keypoint coordinates for each image in a . txt format. The data can be directly converted into
required format by manipulating with a flow similar to the one for SPEED (Fig. 6.8(b)). However, an extensive
python utility file is created for the current and future Envisat datasets, that allows increased accessibility and
efficiency in development and prototyping using simple commands and function calls. Some functionalities
include retrieval of a specific image, retrieval pose information, pose conversion, projection and visualiza-
tion, data import and export, result analysis and visualization among many others. Code Listing C.4 shows a
sample code with several high level actions being easily performed with calls to the classes and methods in
the utilities file (envisat_utils.py).

Further, an additional utility file is created that transforms the Envisat data files into a COCO annotations
file format, mentioned above.
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Object Detection Configuration (. config) File

# 3.22M parameters, 1.
# TPU-compatible

model {
ssd {

inplace_batchnorm_update:

freeze_batchnorm:
num_classes: 1
box_coder {
faster_rcnn_box_
y_scale: 10.0
x_scale: 10.0
height_scale:
width_scale: 5
}
}
matcher {
argmax_matcher {
matched_thresh
unmatched_thre
ignore_thresho

02B FLOPs

true
false
coder {
5.0
.0
old: 0.5
shold: 0.5
lds: false

negatives_lower_than_unmatched:
force_match_for_each_row: true
use_matmul_gather: true

}

similarity_calculator {

iou_similarity {
}
}
encode_background_
anchor_generator {
ssd_anchor_gener
num_layers: 6
min_scale: 0.2
max_scale: 0.9
aspect_ratios:
aspect_ratios:
aspect_ratios:
aspect_ratios:
aspect_ratios:
}
}
image_resizer {
fixed_shape_resi
height: 320
width: 320

}

box_predictor {

as_zeros:

ator {

5

O WOoON -
w O o1 O O

333

zer {

true

convolutional_box_predictor {

min_depth: O
max_depth: O

num_layers_before_predictor: 0

use_dropout: f

alse

dropout_keep_probability: 0.8

kernel_size: 3
use_depthwise:
box_code_size:
apply_sigmoid_

true
4
to_scores:

false

class_prediction_bias_init: -4.6
conv_hyperparams {

activation:
regularizer
12_regular
weight:
}

RELU_6,
{

izer {
0.00004

true

config for Envisat+IC
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initializer {
random_normal_initializer {
stddev: 0.03
mean: 0.0
}
¥
batch_norm {
train: true,
scale: true,
center: true,
decay: 0.97,
epsilon: 0.001,
¥
}

}
feature_extractor {
type: ’ssd_mobilenet_v3_large’
min_depth: 16
depth_multiplier: 1.0
use_depthwise: true
conv_hyperparams {
activation: RELU_6,
regularizer {
12_regularizer {
weight: 0.00004
¥
}
initializer {
truncated_normal_initializer {
stddev: 0.03
mean: 0.0
}
}
batch_norm {
train: true,
scale: true,
center: true,
decay: 0.97,
epsilon: 0.001,
}
}

override_base_feature_extractor_hyperparams:

}
loss {
classification_loss {
weighted_sigmoid_focal {
alpha: 0.75,
gamma: 2.0
}
}
localization_loss {
weighted_smooth_11 {
delta: 1.0
}
}
classification_weight: 1.0
localization_weight: 1.0
}
normalize_loss_by_num_matches: true
normalize_loc_loss_by_codesize: true
post_processing {
batch_non_max_suppression {
score_threshold: 1e-8
iou_threshold: 0.6
max_detections_per_class: 100
max_total_detections: 100
use_static_shapes: true
}
score_converter: SIGMOID

}

true
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142 }

144 train_config: {

145 batch_size: 64

146 sync_replicas: true

147 startup_delay_steps: 0

148 replicas_to_aggregate: 32

149 num_steps: 100000

150 fine_tune_checkpoint: "Detection_model/ssd_mobilenet_v3_large_coco_2020_01_14/model.
ckpt"

151 from_detection_checkpoint: true

152 data_augmentation_options {

153 random_horizontal_flip {

154 }

155 }

156 data_augmentation_options {

157 ssd_random_crop {

158 X

159 }

160 data_augmentation_options {

161 random_rotation90 {

162 }

163 }

164 data_augmentation_options {

165 random_rgb_to_gray {

166 probability: 0.4

167 }

168 }

170 optimizer {

171 momentum_optimizer: {

172 learning_rate: {

173 cosine_decay_learning_rate {
174 learning_rate_base: 0.001

175 total_steps: 200000

176 warmup_learning_rate: 0.0005
177 warmup_steps: 2000

178 }

179 }

180 momentum_optimizer_value: 0.9
181 X

182 use_moving_average: false

183 }

184 max_number_of_boxes: 100

185 unpad_groundtruth_tensors: false

186 }

187

138 train_input_reader: {

189 tf_record_input_reader {

190 input_path: "../../../Envisat/data/Envisat+IC/tfrecords/train.record"
191 }

192 label_map_path: "Detection_model/Envisat/label_map.pbtxt"

193 }

194

95 eval_config: {

196 num_examples: 5000

197 }

198

199 eval_input_reader: {

200 tf_record_input_reader {

201 input_path: "../../../Envisat/data/Envisat+IC/tfrecords/val.record"
202 }

203 label_map_path: "Detection_model/Envisat/label_map.pbtxt"

204 shuffle: false

205 num_readers: 1

206 }



; # When using with Envisat/HRNet_regression, change dir structures accordingly
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Keypoint Detection Configuration (.yam1) File

# HRNet -W32 configuration: ImageNet pre-training- 256x256
## Used with PyTorch/HRNet/ and HRNet_Envisat_1.ipynb notebook

AUTO_RESUME: true
CUDNN :
BENCHMARK: true
DETERMINISTIC: false
ENABLED: true
DATA_DIR: ?°
GPUS: (0,)
OUTPUT_DIR: ’../../Envisat/HRNet_regression/output/Envisat+IC’

; LOG_DIR: ’>../../Envisat/HRNet_regression/Envisat+IC’

WORKERS: 24
PRINT_FREQ: 100

DATASET:
COLOR_RGB: false
DATASET: ’envisat_coco_envisat’
DATA_FORMAT: jpg
FLIP: true
NUM_JOINTS_HALF_BODY: 12
PROB_HALF_BODY: 0.3
ROOT: °../../Envisat/data/Envisat+IC/’
ROT_FACTOR: 45
SCALE_FACTOR: 0.35
TEST_SET: ’val’
TRAIN_SET: ’train’
IMG_PREFIX: ’frame’
MODEL :
INIT_WEIGHTS: true
NAME: pose_hrnet
NUM_JOINTS: 12
PRETRAINED: ’pretrained/hrnet_w32-36af842e.pth’
TARGET_TYPE: gaussian
IMAGE_SIZE:
- 256
- 256
HEATMAP_SIZE:
- 64
- 64
SIGMA: 2
EXTRA:
PRETRAINED_LAYERS:
- ’convl’
- ’bnl’
- ’conv2’
- ’bn2’
- ’layerl’
- ’transitionl’
- ’stage2’
- ’transition2’
- ’stage3’
- ’transition3’
- ’stage4d’
FINAL_CONV_KERNEL: 1
STAGE2:
NUM_MODULES: 1
NUM_BRANCHES: 2
BLOCK: BASIC
NUM_BLOCKS:
- 4
- 4
NUM_CHANNELS :
- 32
- 64
FUSE_METHOD: SUM
STAGES3:
NUM_MODULES: 4
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NUM_BRANCHES :
BLOCK: BASIC
NUM_BLOCKS:

- 4

- 4

- 4
NUM_CHANNELS :
- 32

- 64

- 128
FUSE_METHOD :

STAGE4 :

LOSS:

NUM_MODULES :
NUM_BRANCHES :
BLOCK: BASIC
NUM_BLOCKS:

- 4

- 4

- 4

- 4
NUM_CHANNELS :
- 32

- 64

- 128

- 256
FUSE_METHOD :

SUM

SUM

USE_TARGET_WEIGHT: false

TRAIN:

BATCH_SIZE_PER_GPU: 32
SHUFFLE: true
BEGIN_EPOCH: O

END_

EPOCH: 200

OPTIMIZER: adam

LR:

0.001

LR_FACTOR: 0.1
LR_STEP:

- 100

- 150

WD:

0.0001

GAMMA1: 0.99
GAMMA2: 0.0
MOMENTUM: 0.9
NESTERQOV: false

TEST:

BATCH_SIZE_PER_GPU: 32

COCO_BBOX_FILE: .

BBOX_THRE: 1.0

IMAGE_THRE: 0.0

IN_VIS_THRE: 0.2
b

MODEL_FILE: °~
NMS_THRE: 0.9
OKS_THRE: 0.9
USE_GT_BBOX: true
FLIP_TEST: false
POST_PROCESS: true
SHIFT_HEATMAP: false

DEBUG :

DEBUG: true

SAVE_BATCH_IMAGES_GT:

SAVE_BATCH_IMAGES_PRED:
SAVE_HEATMAPS_GT:
SAVE_HEATMAPS_PRED: true
SAVE_HEATMAPS _TEST_ALL:

false

false

false

true

./../Envisat/data/Envisat+IC/val. json’



Image Corruption Models: Specifications

The details of corruptions augmented in the Envisat and the respective magnitudes are presented here. For
details on implementation and algorithms, the reader is encouraged to review the software repository *.

¢ Gaussian Noise: Gaussian noise is added by perturbing the normalized pixel intensities in the image
with pixel intensity drawn from a normal distribution. The severity is specified by the standard de-
viation of such a normal distribution. The Level-1 standard deviation is set to 0.08 and the Level-2
standard deviation is set to 0.12.

1 x = np.array(img) / 255.
: corrup_img = np.clip(x + np.random.normal (size=x.shape, scale=severity), O,
1) * 255

» Shot Noise: Shot noise is added with the pixel intensity drawn from a Poisson distribution. The severity
is used to specify the variance of the distribution, from which the the noise for that pixel would be
generated. The Level-1 severity factor is set to 60 and the Level-2 severity factor is set to 25.

1 x = np.array(img) / 255.
: corrup_img = np.clip(np.random.poisson(x*severity) / severity, 0, 1)*255

¢ Impulse Noise: Impulse noise is added by replacing a proportion of pixels in the image with hot pixels
(normalized pixel intensity = 1). The severity specified the proportion of the total image pixels to be
replaced. The Level-1 severity factor is set to 0.015 and the Level-2 severity factor is set to 0.06

1 x = np.array(img) / 255.
2 corrup_img=np.clip(sk.util.random_noise( x, mode=’s&p’, amount=c),0, 1)*255

» Speckle Noise: Speckle noise is added by perturbing the image pixels by an amount obtained by multi-
plying pixel intensities with a random value drawn from a Gaussian distribution. The severity specifies
the standard deviation of the Gaussian distribution. The Level-1 severity factor is set to 0.15 and the
Level-2 severity factor is set to 0.2

1 x = np.array(img) / 255.
corrup_img=(x + x * np.random.normal (size=x.shape, scale=severity), 0, 1)*255

Ihttps://github. com/kuldeepbrdl/robustness

173


https://github.com/kuldeepbrd1/robustness

174

D. Image Corruption Models: Specifications

Gaussian Blur: Gaussian Blur is added by using a convolution operation and modifying the pixel inten-
sity value using a Gaussian kernel. The severity specifies the standard deviation of the Gaussian kernel,
which is convolved. The Level-1 severity is set to 1 and the Level-2 severity is set to 2

x = np.array(img) / 255.
corrup_img = skimage.filters.gaussian(x, sigma=severity, multichannel=True),
0, 1) * 255

Defocus Blur: Defocus Blur is added by constructing a kernel that represents an aliasing disk with
Gaussian blur. The image is then convolved with the disk kernel. The severity specifies a 2-tuple with
the radius of the aliasing disk and the standard deviation of the gaussian blur used for the disk. The
Level-1 severity factor is set to (3,0.1) and the Level-2 severity factor is set to (4,0.5)

x = np.array(img) / 255.

kernel = AugmentationHelpers.disk(radius=c[0], alias_blur=c[1])
channels = []
for d in range(3):

channels.append(cv2.filter2D(x[:, :, d], -1, kernel))

channels = np.array(channels).transpose((1, 2, 0)) # 3x224x224 -> 224x224x3

corrup_img = np.clip(channels, 0, 1) * 255

Motion Blur: Motion Blur is added using the Wand Library 2. The severity specifies a 2-tuple with the
radius of the aliasing disk and the standard deviation of the blur used with the disk. The Level-1 severity
factor is set to (7,3) and the Level-2 severity factor is set to (15,5)

Zoom Blur: Motion Blur is added by adding two overlays of the zooming on an image array. First overlay
zooms in by a large zoom factor and the second overlay zooms out by a small zoom factor. The zoomed
image pixel values after each zooming operation are determined by spline interpolation. The severity
specifies a 2-tuple with the zoom factor for the two operations. The Level-1 severity factor is set to
(1.11,0.01) and the Level-2 severity factor is set to (1.16,0.02)

Spatter: Spatter is added by simulating liquid droplets. The description of magnitude is not trivial, and
the reader is referred to the original code here 3.

2https://github.com/emcconville/wand
Shttps://github.com/hendrycks/robustness/blob/master/ImageNet-C/create_c/make_imagenet_c.py
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Additional Results

SPEED: Keypoint Detection
(a) Input Size

HRNet, the selected keypoint detection network architecture is large in size (parameters) and demands sig-
nificantly higher computation (FLOPs), unlike the object detection network. In this case, the input image size
has significant effect on the computational speed or the FLOPs requirement per forward pass, which is es-
sential to assess. For this, the standard HRNet-W32 network is trained on 9600 training images in SPEED and
evaluated on the other 2400 images. This is done for two input image sizes: 256 px x 192 px and 256 px x 256.
These are default sizes commonly used with HRNets [122]. While the number of parameters stay constant,
the FLOPs requirement increases by about 2 Bn FLOPs for the larger size. Both networks are initialized with
ImageNet pre-trained weights and only affine (DA-0) augmentations are included during the training. Table
E.1 shows the evaluation results for the two input sizes.

Identifier Network Input size (px) | FLOPs (Bn) Error (px) Input- Input-
normalized normalized
error (px) median error (px)
SPD-KP-1 || HRNet-W32 256 x 192 7.12 14.46 +36.95 | 4.13 +£9.27 1.34
SPD-KP-2 || HRNet-W32 256 x 256 9.49 9.18 +27.44 | 2.63 +6.53 1.06

Table E.1: Performance comparison on SPEED for input size variation for the standard HRNet-W32 network

The SPD-KP-2 trained model outperforms SPD-KP-1 significantly in the input-normalized mean and me-
dian errors. Consequently, the mean and standard deviation of the localization error in the original image
size is much higher for SPD-KP-1 due to scaling effect. While the FLOPs requirement for SPD-KP-1 is lower,
the accuracy loss is considered significant. Notice that the higher input normalized standard deviation is a
direct consequence of the complexity of SPEED images, which make detection non trivial due to illumina-
tion, earth textures and occlusion. it is emphasized that the mean and standard deviation of the error can be
heavily skewed by misdetected keypoints or outliers. Therefore, the input-normalized median error provides
additional insight into the keypoint detection accuracy that is affected less by the occasional outliers. For the
more accurate SPD-OD-2 network model, the input normalized median error is close to 1 px per keypoint,
which is considered optimal for keypoint detection.

For the desired accuracy performance in benchmark comparisons with the state-of-the-art results, 256 px
x 256 px is selected as the input size for further experiments,

(b) Pre-training

The aspect of transfer learning in CNNs and potential benefits of pre-training were discussed in Section 5.2.
Since pretrained weights for the standard HRNet-W32 network are available !, this experiment is designed to
assess the advantage of using pre-trained networks, if any.

Ihttps://github.com/leoxiaobin/deep-high-resolution-net.pytorch
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The HRNet-W32 network is trained on the training images from scratch with random weights intialization
and not using the pre-trained weights. The resulting model, SPD-KP-4, is compared with the SPD-KP-2 model
which differs only with respect to pre-training. Table E.2 shows the evaluation results of this experiment.

Identifier Network Pretrained Error (px) Input- Input-
normalized normalized
error (px) median error (px)
SPD-KP-2 HRNet-W32 Y 9.18 +27.44 | 2.63 + 6.53 1.06
SPD-KP-4 || HRNet-W32 N 12.69 + 38.44 | 4.76 + 16.03 1.06

Table E.2: Performance comparison on SPEED for pre-training on standard HRNet-W32 network

The SPD-KP-4 network model trained from scratch shows a decrease in accuracy when compared with
the SPD-KP-2 network pretrained on ImageNet. The input normalized median error are similar while the
mean and standard deviation of the localization are higher for SPD-KP-4, implying higher number of outliers
with worse detections than the pretrained model. In addition, a miscellaneous aspect is that the the pre-
trained networks converge more quickly as the weights of the kernels in the initial convolution layers need to
be varied by a lower magnitude during gradient descent, as opposed to random weights in a non pre-trained
network.

Envisat+TR dataset

Object Detection Evaluation

Texture randomized images were introduced in the Envisat-1 dataset, with an expectation to improve the
texture robustness of the trained network, by learning representations that rely less on specific local textures.
The resulting Envisat+TR dataset is used to assess the potential of texture randomization in improving CNN
performance. The training images contain a 50% mix of clean images from Envisat-1 and texture randomized
images from an internally available dataset 2. The trained models are evaluated on the 9600 images of the
validation set from the Envisat-1 dataset, but only considering the 12 points (main body and SAR antenna)
as noted in Section E. Affine and pixel-level augmentations (DA-0 +DA-1) are included in the training. The
objective of the experiment was to first verify accuracy on clean images and subsequently the robustness on
the corrupted images. Table E.3 shows the evaluation results on the clean images of the Envisat-1 validation
set. The accuracy expected from texture randomization is not witnessed with a network model training with
Envisat+TR dataset, as it shows poor accuracy on the validation set comprising of clean images. Subsequent
testing on corrupted images was not conducted as the trained model lacks the pre-requisite accuracy on
clean images. The poor performance observed for the trained model is expected due to the size of the texture
randomized images. The size of the texture randomized images (see Section E) is 256 px x 256 pxi.e. half the
size of the clean images in the dataset. During training, these images are upsampled to fit the input size of the
object detection network and the network operates on a significantly lower resolution image. The network
weights may therefore be unable to generalize well over clean as well as low-resolution texture randomized
images adequately, resulting in underfitting.

| Model || Network
| ENVTR-OD-4 || SSDLite-MNetV3-large |

| MeanIoU | MedianIoU | 10U>0.75 |
0809 | 0830 [ 775% |

Table E.3: Performance evaluation of the selected object detection networks on Envisat-1 dataset

2Courtesy of TU Delft SpE/Airbus



Relative Orbital Elements

The translational state is defined in Radial, Tangential Normal (RTN) frame as § xgrn = [0x,6¥,6z]. Then, the
quasi-nonsingular Relative Orbital Elements as defined in [32] as:

ba (ar—ag)! as
oa oA (M;— M) + (w; — wg) + (Q; — Q) cos(iy)
| OA _|bex| e;cos(wy) — escos(ws)
dar= de| |bey| e;sin(w;) — essin(wy) (ED
oi 5ix it_is
Oiy Q¢ — Q) sin(iy)

where a, e,1Q, v and M are the keplerian elements, and the subscript ¢ denotes the target spacecraft and
subscript s denotes the servicer. The transformation matrix that maps the ROE’s to RTN cartesian state is
obtained from [31] and is recalled here for completeness:

OxrTN =Mada (E2)

ada
ox 1 0 —cosu -—sinu 0 0 ag)t
(63/):(0 1 2sinu -2cosu O 0 Z(;x (E3)
5z 00 0 0 sinu —cosu Y

adiy

adiy

Filter Dynamics

The dynamics model propagates the state vector as folowing:

xroe(k+1) = ®(k)x(k) (E4)

where xgofr is the state at epoch k, which is related to the state at the next epoch k+1 by the State Transition
Matrix (STM), ® (k).

The STM will model the relative motion of the servicer and the target in an arbitrarily eccentric orbit
perturbed by the J, effect and the differential drag. Since it is known that the atmospheric density can vary
widely due to solar activity and other phenomena the differential drag model will be a density-model-free
one. The relative motion of two satellites in a circular LEO orbit will be dominated by these two effects. In
order to incorporate this model, however, the state vector needs to be augmented with three new variables
that describe the mean time variations of some in-plane elements: ada, adé, adé, as mentioned in [190].
The dynamics model is then described as:
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ada ada
ada _ [@Hcw () +@p2(k)  Pa-arag(k)| | ada
adéy (ke+1)= Osx6 I3y3 abéy o ®5)
abeéy adeéy
with:
1 0 0 0 0 O
-3ndt 1 0 0 0 0
0 01 0 0 O
Gpcw (k) = 0 0010 0 (E6)
0 0 0 01 O
0 0 0 0 0 1

where n is the mean angular motion of the spacecraft and dt is the time step. Furthermore:

0 0 0 0 0 0
-ZyHm+1) 0 0 0 HysinR)HBn+4) 0
B 0 0 0 -¢ 0 0
Op(k)=ndt 0 0 +¢ 0 0 0 (E7)
0 0 0 0 0 0
Hysin2i) 0 0 0 3ysin?(i) 0
2
where y = ;2?—54, n=v1-e?and¢' =3y(5cos?(i)—1) and H=3cos?(i) -1
and
, 0 O1x2
—21 2
~ _ = YHm+1ndt® Oix
q)d—drag(k) q)d—drag(k) + Ole OSxZ (E8)
Lysin@indt*  Oixo
with:
dt %sin(u— Up) %(l—cos(u— Up))
Sndr? —3(1-cos(u—up))  —3dt+3sin(u—up)
sin(z;l—uo) dt + cos(u—ug) sin(u—1ug) sinz(Z—ug)
q)d—drag(k) - (1—cos(u—ugp)) sinz(u—uo) dt— cos(u—ugp) sin(u—ug) (E9)
n n n
0 0 0
0 0 0

and where u is the mean argument of latitude u = M + w.

This model is valid as long as the assumption of the parameters incorporated (ada, aééy, aé é,) remain
constant in time is acceptable [? ].
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