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Abstract

Focal-Plane Sensor-Processors (FPSPs) are an emerging technology that can execute vision algo-
rithms directly on the image sensor. Unlike conventional cameras, FPSPs perform computation on
the image plane — at individual pixels — enabling high frame rate image processing while consum-
ing low power, making them ideal for mobile robotics. FPSPs, such as the SIMD Current-Mode
Analog Matrix Processor Version 5.0 (SCAMP-5), use parallel processing and are based on the
Single Instruction Multiple Data (SIMD) paradigm. In this thesis, Binary Feature Visual Inertial
Odometry (BIT-VIO), the first Visual Inertial Odometry (VIO) which utilises SCAMP-5 is presented.
BIT-VIO is a loosely-coupled iterated Extended Kalman Filter (iEKF) which fuses together the visual
odometry running fast at 300 Frames Per Second (FPS) with predictions from 400 Hz (Hertz)

Inertial Measurement Unit (IMU) measurements to provide accurate and smooth trajectories.
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Chapter 1

Introduction

The need for a lower latent, more efficient, and lower power usage camera technology grows
increasingly important onboard mobile robotic systems.

Currently, conventional camera technology typically operates at 30-60 FPS and transfers a
non-trivial amount of data from the sensor to the host device (e.g. a desktop Personal Computer
(PC)). Such data transfer is not free — in terms of both power and latency —, and additionally, all
these pixels must be then later processed on the host device. High computational power is often
necessary, and processing resources on the PC host are used extensively. As an alternative, FPSPs,
such as SCAMP-5, is a new technology that enables computation to occur on the imager’s focal
plane before transferring the data to a host-device [1]. By performing early-stage computer vision
algorithms on the focal plane such as feature detections, FPSPs compress the image data down to
the size of the features. By transferring only the detected features, redundant pixel information is
not transferred or even not digitized as FPSPs such as SCAMP-5 can perform analog computation.

The SCAMP-5 has been utilized across many robotic systems, beneficial due to its high frame-
rate nature. The high frame-rate nature of SCAMP-5 also opens up the possibility for many
interesting applications. For example, in-sensor Convolutional Neural Network (CNN) inference
can perform hand gesture recognition for a rock, paper, scissors game at 8000 FPS, and can always
make a robot play a winning hand [2]. While it is a simple setup, the game requires the system to
have low end-to-end latency and is challenging to replicate using a conventional camera.

Fully utilising the different computational capabilities available on the SCAMP-5 device, Castillo-
Elizalde et al. [3] proposed an all-on-sensor mapping and localization framework. It performed
visual route mapping and localization on the SCAMP-5 and ran more than 300 FPS on large-scale

datasets.



FPSP vs. Conventional Camera
Moving the Computation Towards the Focal-Plane

Capture Feature Feature Optimizgtion
Image Extraction Matching éf Mapping

Capture Feature I Feature 0 t'quet'
I Image E:> Extraction Matching gf M’gg&ﬁ%ﬂ

Focal-plane Sensor-Processor
- Data transfer bandwidth is reduced — No intensity information is transferred

- Reduces computation costs on the processor side

- Only meaningful data is transmitted

Figure 1.1: Conventional cameras output to the host PC or external processor, often transmitting information it does not need (top).
f}fﬁi ril)l.eviate processing on the vision chip itself, ultimately reducing computation costs, and transmitting only meaningful data
SCAMP-5 has also been applied for controls, for example, using focal-plane processing, a ground
target was detected and tracked to guide a small quadrotor Unmanned Aerial Vehicle (UAV) [4].
In Greatwood et al. [5], they performed drone racing, using the SCAMP-5 to detect the gates. The
gate size and location are the only data that was transferred, with minimal data transfer resulting
in 500 FPS. In Chen et al. [6], different visual features such as corner points, blobs, and edges were
extracted on the SCAMP-5 and fed into a Recurrent Neural Network (RNN) for obstacle avoidance.
In-sensor analog convolutions have been proposed in [7] and [8]. AnalogNavNet [9] utilized
Cain [10] to implement a CNN that operated on the analog registers on SCAMP-5 for robotic
navigation inside a corridor and racetrack environment. Most interestingly, is SCAMP-5’s use-case
in fast, hostile, more complex state estimation algorithms, such as in dealing with Visual Odometry
(VO), which is the process of estimating a robotic system’s camera pose by visual information from
the camera alone. The high framerate provided by the FPSP would greatly benefit VO systems.
The odometry system by Greatwood et al. performed High Dynamic Range (HDR) edge-based

odometry on the SCAMP-5 [11] and achieved lower power consumption than a conventional



camera system. Additionally, the high frame rate nature of the system meant that it suffered less
from motion blurs under agile motions. In [12], SCAMP-5 was used to track the 4-Degrees of
Freedom (DoF) camera motions using direct image alignment, and all computation was performed
on the sensor itself. In [13], another algorithm was proposed, performing optical flow to estimate
4- DoF camera motion. In [14], SCAMP-5 was utilized for visual odometry on UAVs. Compared
to using a conventional camera, they demonstrated that SCAMP-5-based systems have a clear
practical advantage, for example, by computing HDR on the SCAMP-5, UAVs can transition
from outdoor to indoor environments whilst successfully tracking, despite the changes in the
lighting conditions. PixelRNN [15] developed an efficient RNN on the vision sensor, reducing that
data transfer 256 times, whilst maintaining competitive accuracy. PixRo [16] did frame-to-frame

rotational estimation, using local, directly on the chip, pixel information.

~

Conventional
Camera

Figure 1.2: A conventional camera suffers from motion-blur, causing poor camera pose tracking (top), while an FPSP-based camera
tracks robustly in how it tracks accurately edges and corners in high framerate motions (bottom). Figure from Binary Feature Visual
Odometry (BIT-VO) [17] by Riku Murai.

There was a work titled BIT-VO [17], which succeeded 4- DoF visual odometry, able to track a
mobile device at the full 6- DoF, operating at 300 FPS using a SCAMP-5 camera. In BIT-VO, the
VO system is clearly separated into a frontend, which performs feature extraction, and a backend,
which performs the matching of the features and the camera pose optimization. Following this
separation, BIT-VO performs the frontend feature detection on the SCAMP-5 camera itself, where

corners and binary edges are detected and transferred at 300 FPS utilising the SIMD processing

capability of SCAMP-5 and the event readouts.



1.1 Problem Statement

By operating at 300 FPS, BIT-VO [17] is robust against rapid, agile camera motions. However, the
estimated trajectory contains a high-frequency noise, which is due to the noisy feature detection
on the focal plane. This thesis aims to address this problem. Succeeding state estimation from
VO, there is VIO, which is sensor fusion of both visual, as well as inertial measurements from an
onboard sensor known as an IMU for even more accurate estimation. The SCAMP-5 has not yet
been incorporated on such a system. Extending on the previous work BIT-VO [17], this thesis
presents BIT-VIO, the first 6- DoF VIO algorithm to utilize the advantages of the FPSP for vision-

IMU-fused state estimation.

1.2 Objectives
The objectives of this thesis include:

1. Study the usability and advantages of FPSPs to leverage a more accurate state es-
timation framework: Investigate the use-case advantages of using a FPSP-camera over

conventional cameras, especially in the state-of-the-art VO and VIO context.

2. Design an algorithm for VIO using Focal-Plane Binary Features: Succeeding off of the
state-of-the-art 6- DoF FPSP VO, design an algorithm that allows for IMU fusing for more

accurate estimation.

3. Implement the FPSP vision- IMU-fused estimation algorithm on a mobile device for
offline and online real-world testing: Implement the designed algorithm in a offline, as
in post-processing the data via algorithm feeding after raw data taking, and online, as in

real-time, real-world experiment context.

4. Evaluate the performance, benchmarking against FPSP vision-alone and ground-truth
data: Evaluate the performance of the algorithm by benchmarking it against FPSP VO and

ground-truth data acquired from a motion capture system.



1.3 Significance of Work

The work presented in this thesis is significant as it presents a novel design and implementation
of the first 6- DoF VIO algorithm which utilizes the advantages of the FPSP for vision- IMU
estimation. This thesis compares the use-case advantages of FPSPs, bottlenecks of conventional
cameras, overall showcasing the superiority over the latter. This thesis also presents an evaluation

of the algorithm’s performance with state-of-the-art 6- DoF FPSP VO and ground-truth data.

1.4 Contributions
The contributions of this thesis include:

1. Efficient VIO operating and correcting by loosely-coupled sensor-fusion iEKF at 300
FPS using predictions from IMU measurements obtained at 400 Hz: In Sec. 3.3 to
Sec. 3.7 a detailed derivation and formulation of the FPSP visual-inertial algorithm is estab-

lished.

2. Uncertainty propagation for BIT-VO’s pose as it is based on binary-edge-based descrip-
tor extraction, 2-Dimensional (2D) to 3-Dimensional (3D) re-projection: Sec. 3.5 goes
over the camera pose measurement used in the update of the iEKF, while Sec. 3.6 goes over

the uncertainty propagated on this 6- DoF pose.

3. Extensive real-world comparison against BIT-VO, with ground-truth obtained using a
motion capture system: Sec. 3.10 to Sec. 3.11 presents the experimental results, the visual-
inertial-sensor calibration done, the overall accuracy and robustness, as well as benchmark

comparisons.

4. Extensive study on the algorithmic execution timing/frame, accuracy, memory usage
and power consumption of the visual front-end processing performance on the FPSP:
Sec. 3.12 showcases the on-sensor processing performance of the FPSP, comparing with
the processing of algorithms using conventional cameras, ultimately showcasing how FPSPs

outperform them.



Chapter 2

Literature Review and Background

In this chapter, the background of this work will be covered. Sec. 2.1 begins with the SCAMP-5
FPSP and Sec. 2.2 goes over applications to broader robotics and mobile systems. Sec. 2.3 then goes
over 6- DoF FPSP visual odometry, BIT-VO [17]. Sec. 2.4 then covers the different types of state
estimation algorithms with special attention in going over odometry. Sec. 2.5 then goes through
VIO, as well as explaining loosely-coupled and tightly-coupled visual-inertial frameworks. As well,
the three different paradigms of VIO are covered: filtering, fixed-lag smoothing and full-smoothing.
The chapter ends with a note on the ideal framework for FPSP-vision- IMU-fusion, as well as other

competitor unconventional cameras for estimation.

2.1 SCAMP-5 Focal-Plane Sensor-Processor

Conventional camera technology generally takes in information of an environment, transferring
data over to a digital processing hardware such as PC host or external computer where it is then
further processed and used for vision-based applications [1]. High computational power is often
necessary and processing resources on the PC are used extensively. FPSPs are a new technology
where much of the computational load can be off-put by allowing image and signal processing to be
done on the chip, before transferring to a PC host or other external device to be further processed,
if still necessary [1]. Pixel data processing is done directly on the sensor chip, providing lower
latency (high FPS) and power consumption that would have incurred had more communication
been needed to be done between the sensor and processor if the processor was on some PC host
or external computer. The FPSP chip is capable at its maximal potential to track a moving object

at 100,000 FPS [1]. What is communicated is only meaningful data at the transmission stage,



relevant to the vision algorithm. The sensor device’s pixels, also known as Processing Elements
(PEs) are based on the differing idea of building “artificial retinas” operating in a biological and
continuous way, and instead building them via the parallel architecture of SIMD [1].

A particular FPSP technology of great interest is the SCAMP-5 camera technology [18], which
contains a 256 x 256 processor array, doing parallel-processing on a SIMD processor array into the
sensor device’s pixels. The parallelism architecture of the SCAMP-5 FPSP camera technology helps

to provide large computing power and high efficiency.

optical input SIMD processor array

...............

W ———

S AEFIFIEIEIEE- . | Processing Element
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software instructions processed images, features, eftc...

Figure 2.1: SIMD architecture on the FPSP vision-chip which allows for low latency due to parallel computation capabilities. Each PE
doing SIMD is complete, capable of acting as each mini computer. Software instructions are burned on each PE seamlessly. Figure
from Piotr Dudek [1].

Each PE contains 6-7 analog registers and 13 Dynamic Random-Access Memory by Digital
Registers (DRAM) and an ALU which means they are capable of performing logical and arithmetic
operations [18]. The analog registers are capable of storing a real-valued variable, able to store
around 250 different quantity values, like of the 8-bit nature. The analog registers can do operations
such as add, negate, split and compare-against-0. The DRAM are capable of storing 13 binary
values, with 1 being special in having influence over the analog registers [18]. The DRAM can do
operations such as MOV, OR, NOR and NOT. Each PE can communicate EAST, WEST, NORTH,
SOUTH with its neighbouring PEs analog registers and DRAM. The SCAMP-5 FPSP camera

technology is designed to have additional benefits on top of its parallel architecture of SIMD [1].



As each PE contains 13 DRAM, events can be read-out and the coordinates of the events can be
scanned so that the time cost is only proportional to the number of events [18]. In a conventional
camera, the time cost would have been a lot more, being proportional to the scanning area taken.
Next, flooding is digital register propagation of 1s used for hardware acceleration [18]. Through
the SCAMP-5 FPSP camera technology’s asynchronous propagation network, the flooding speed is
much faster than in a conventional camera, almost 62x more [18]. In essence, the SCAMP-5 FPSP
camera technology has the advantage of providing lower latency with lower power usage on its PC

host or external computer [18].
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Figure 2.2: Low-level breakdown of the design of the SCAMP-5 FPSP PEs. Each PE consists of 13 DRAM and 6 analogue registers.
Each PE can communicate with its 4-neighbours for information passing. Figure from Piotr Dudek [1].

2.2 Application of SCAMP-5 to Robotics

The SCAMP-5 has been utilized across many robotic systems. Greatwood et al. proposed an
odometry that performed HDR edge-based odometry on the SCAMP-5 [11] with achieved lower
than conventional camera technology-level power processing. Motion blurring was alleviated by
the high frame rate tracking capability of the FPSP. 4- DoF camera tracking was done on the

FPSP via image-alignment, directly, all on-sensor [12]. There was another competitor 4- DoF



odometry [13] and this used base-vectors from the FPSP to determine the optical-flow motions.
An application of FPSPs to high frame rate tracking of UAVs was done in [14]. SCAMP-5 systems
are shown to be advantageous, especially for UAVs in how the high framerate HDR tracking allows
tracking despite hostile changes in lighting.

High Dynamic Range (HDR)
Sensing

120dB dynamic range

* Tone-mapped, Composite frame
combines 100s of exposure times

* Computations during frame
integration - zero latency

short exposure long exposure HDR (exposure per pixel)

Depth from Focus

+ Liquid lens oscillating at 25Hz

* Depth determined by max local
contract across focus sweep

+ 32 levels @ 25 fps
+ 800fps processing

sub-frames from one sweep “all in focus” image depth map

Figure 2.3: HDR done with zero latency on the FPSP, as well as depth map extraction at 800 FPS. Figure from CVPR 2019 Workshop
on Event-based Vision and Smart Cameras by Pitor Dudek [19].

The high frame-rate nature of SCAMP-5 also opened up the possibility for many interesting
applications. For example, in-sensor CNN inference could perform hand gesture recognition for a
rock, paper, scissors game at 8000 FPS, and could always make a robot play a winning hand [2].
While it is a simple setup, the game required the system to have low end-to-end latency and was
challenging to replicate using a conventional camera. Fully utilising the different computational
capabilities available on the SCAMP-5 device, Castillo et al. [3] performed all-on-sensor mapping
and localization. It performed visual route mapping and localization on the SCAMP-5 and runs
at more than 300 FPS on large-scale datasets. SCAMP-5 has also been applied for controls, for
example, using focal-plane processing, a ground target was detected and tracked to guide a small,
agile quadrotor UAV [4]. In [5], they performed drone racing, using SCAMP-5 to detect the gates.
The gate size and location are the only data transferred, with minimal data transfer resulting in
500 FPS. In [6], different visual features such as corner points, blobs, and edges were extracted

on the SCAMP-5 and fed into a RNN for obstacle avoidance. In-sensor analog convolutions have



been proposed in [7] and [8]. AnalogNavNet [9] utilized CAIN [10] to implement a CNN that
operated on the analog registers on SCAMP-5 for robotic navigation inside a corridor and racetrack
environment. PixelRNN [15] developed an efficient RNN on the vision sensor, reducing that
data transfer 256 times, whilst maintaining competitive accuracy. PixRo [16] did frame-to-frame

rotational estimation, using local, directly on the chip, pixel information.
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Figure 2.4: AnalogNavNet: CNN on FPSP vision chip itself for robot navigation. A simple 3-layer RNN is on the vision-chip with dense
layers, softmax for controls to robot on microprocessor. Figure from CAIN [10].

2.3 BIT-VO

The algorithm BIT-VIO builds on the previous work BIT-VO [17], which performed 6- DoF visual
odometry at 300 FPS using a SCAMP-5 camera. In BIT-VO, the VO system is clearly separated
into a frontend, which performs feature extraction, and a backend, which performs the matching
of the features and the camera pose optimization. Following this separation, BIT-VO performs
the frontend feature detection on the SCAMP-5 camera itself, where corners and binary edges are
detected and transferred at 300 FPS utilising the SIMD processing capability of SCAMP-5 and the
event readouts. The detected features are then transferred to a host device, which performs the

backend processing. Here, for each corner feature, a descriptor is formed using the binary edges.
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Using brute form matching, corners across frames are matched using the descriptors, similarly to
the Oriented Rotated BRIEF (ORB) descriptors in ORB-SLAM [20]. Once the correspondences are
established, the system is initialised using a 5-Point RANSAC Homography for Determining 6 DoF
Camera Pose [21] algorithm and after the initialization, the camera pose is optimized by minimising

the map-to-frame reprojection error.
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Figure 2.5: BIT-VO vs ORB-SLAM. The translational (left) and rotational (right) tracking of a BIT-VO trajectory is given, with red
vertical lines representing where ORB-SLAM fails due to the fast, hostile motions of the trajectory. Figure from BIT-VO [17].

By operating at 300 FPS, BIT-VO is robust against rapid, agile camera motions. However, the
estimated trajectory contains a high-frequency noise, which is due to the noisy feature detection on
the focal plane. This thesis aims to address this problem by incorporating IMU measurements.

There have been many implementations of the SCAMP-5 FPSP on robotic systems. Next, will
be going through a deep literature review on the main robot state localization estimation methods,

leading to VIO, which will lead to the aim of this research to utilize the advantages of the FPSP.

2.4 Related Works

Robot state estimation is the process of estimating the internal state variables of a dynamic system
based on available measurements. The state represents a set of variables that describe the system’s

behavior and current condition [22].
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There are three major types of methods for robot state localization estimation and they are
as follows: firstly, estimation by Apriori’ Mapping. Next, Simultaneous Localization and Mapping

(SLAM). Last, Odometry [23]- [24].

2.4.1 ‘Apriori’ Mapping

The ‘A Priori’ method relies on an existing and given map, one of which the robot does not need to
explore in order to generate. This existing map provides ready information which the agent can use
to localize its position. A map consisting of such information is called a feature map, can consist
of landmarks, typically visual markers. These are just a few ways in which to represent the map,
and often a higher-level representation is needed, such as discretizing the map into a grid [25]. In
scenarious where the accuracy of the existing map is essential, say in applications such as robotic
maneuvering in delicate spaces where obstacles must be avoided, this method prevails over the
others. The type of positional localization used by this method is typically using statistical or
probabilistic representations of the state; this is known as Markov Localization [26]. Being based
on such a probabilistic framework, the A Priori’ method has some drawbacks, one of which being
that there is can be a sacrifice in accuracy of the robot localization or a sacrifice in bearing more

computational efficiency on the system.

2.4.2 Simultaneous Localization and Mapping (SLAM)

SLAM does not rely on an existing map, and instead creates by itself a map of the environment,
while simultaneously optimizing parameters to self-localize within it. ~SLAM systems can use a
range of different extroceptive sensors in creating a map, include laser scanners [27]- [28], depth
cameras [29], [30], [31], and regular mono- or stereo-cameras [31]- [32]. As there is a wide range
of sensors that can be used, SLAM is essential, especially in unexplored, dynamically changing
scenes in the use-case of autonomous vehicles, for ground-robots, UAVs and marine robotics. Most
interesting of the sensors with SLAM, are the uses of visual systems. This subpart of SLAM
is known as Visual SLAM, comprising of three major types: firstly, Only Visual SLAM; second,
Visual-Inertial; lastly, Red-Green-Blue-Depth (RGB-D) [33]. As this thesis intends to outline the
advantages of FPSP cameras with conventional cameras, more attention will be on Visual SLAM,

focusing on Only Visual SLAM and RGB-D SLAM; Visual-Inertial next section.
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Only Visual SLAM is the form of SLAM that depends only on vision from camera sensors alone
for map estimation and robot localization. That said, it can consist of monocular, Red-Green-Blue-
Depth SLAM (RGB-D SLAM) and stereo cameras in its sensor setup. It started with Parallel Tracking
and Mapping (PTAM) is monocular- SLAM, working in small workspaces [34] localizing efficiently

and effectively, especially in harsh lighting conditions.
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Figure 2.6: Visual SLAM architecture, comprised of 4 main components: first, data acquisition from extroceptive sensors of
environment; second, system localization which involves processing data; next, system mapping, initial optimization guess in mapping;
lastly, fine-tuning map by loop detection or correction. Figure from [33].

ORB-SLAM, built on the oriented Features from Accelerated Segment Test (FAST) and rotated
Binary Robust Independent Elementary Features (BRIEF) named ORB feature-based descriptor,
allowed real-time and more detailed map generation than its counterparts [35].  ORB-SLAM
[20], [36] and ORB-SLAM2 [37], [31] are Only Visual SLAM. There is then Large-Scale Direct
Monocular SLAM (LSD-SLAM) [32], [38] which was a more advanced framework for tracking
and mapping, which generated an even more high-level accurate detailed map than the existing
ORB-SLAM methods. Dense Visual Odometry and SLAM (DVO-SLAM) leveraged robot localization
and mapping using depth-sensing from a monocular or stereo camera setup, using first principles
from point-to-plane metrics in Photo Metric Bundle Adjustment (PBA) [39].

Next, RGB-D SLAM is the form of SLAM that depends on both vision using red, green, blue
color ranges from camera sensors as well as depth data from a depth sensor. The RGB-D SLAM

method has the advantage of generating maps with far higher quality detail than some of the best
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vision-alone SLAM algorithms, able to track robustly in highly dynamic environments, not just
static ones. Some RGB-D SLAM include Real-Time Appearance-Based Mapping (RTAB-Map) [37],
Spatial Coordinate Error SLAM (SCE-SLAM) [40] as well as use-case with ORB-SLAM2 [31] and
ORB-SLAM3 [41], which build off of existing ORB-SLAM to leverage with other sensors such as
IMU, especially depth.
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Figure 2.7: ORB-SLAM3 on the EuRoC Vicon Room 101 Dataset, doing both mapping and robot state localization in map itself.

Though SLAM methods provide a very detailed understanding of an environment’s map, as
well as allowing for robot localization to be done robustly within it, SLAM algorithms can be very

computationally demanding.

2.4.3 Odometry

Odometry does not deal with generating a map at all, relying solely on estimating incremental
changes in its position from some reference initial position [42], [43]. Constraining the robot in
2D, a wheel encoder can be used which gives a motion model of the robot state, which can then be
integrated to give an estimate on the position. In 3D, an IMU can be used to track the full 6- DoF
in time, but with no global reference information that is allocated, saved and stored, loop closure
in Odometry systems is not as easily attainable when compared to the Apriori’ mapping and SLAM
methods. Odometry is not concerned with mapping unlike Apriori’ mapping and SLAM, with

this drawback in not readily providing loop closure, the benefit is that Odometry systems are more
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computational inexpensive, more efficient, less algorithm intensive, especially important for mobile
robots who need accuracy whilst maintaining far less computation cost in computing for it.
Various Odometry strategies exist, including IMU-based integration [44], and notably, VIO,
which will be discussed further in the next section. There are several methods that use Odometry,
either directly, or in the prediction step of their algorithms. One very important robot state local-
ization framework based in Odometry is estimation by the Kalman Filter (KF). As well, odometry

is used in the prediction motion model when doing estimation by the Particle Filter (PF).
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Figure 2.8: Apriori’ Mapping vs SLAM vs Odometry. ‘Apriori’ is based on an existing map, SLAM is based on generating a map and
self-localizing within it, Odometry is not focused on mapping but on incremental change in positioning. Figure from Raphael Maenle
Master’s thesis [45].

2.4.4 Kalman Filtering

The KF robot localization estimation approach, which is a Linear-Gaussian Estimation method,
efficiently combines sensor measurements and system dynamics to estimate the state. The state, is
the pose, which is the position and orientation of the robot. In very simple circumstances, the KF
provides accurate and robust pose estimates even in the presence of noise and uncertainties [42].
The key idea is to represent the pose using a mathematical model that captures the inherent
uncertainty in the system. Most estimation methods do this. By incorporating this uncertainty
into the KF framework, the pose estimates are refined over time, taking into account both the

measurements from sensors and the robot’s motion dynamics. The KF is based on two parts: the
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prediction step, and the update step. This is the same for the Extended Kalman Filter (EKF) and PF
methods. The prediction step is based on the kinematic model of the robot. The update is based in
part by some measurement, such as a range-bearing measurement. The prediction propagates the

robot’s state and the update step improves the accuracy and stability of this robot’s state [42], [22].

Algorithm 1 Kalman Filter algorithm from [42] (more detail)

1: Input: py—1, 31, ug, 24 > Previous state mean and covariance, control input, observation
2: iy = Appir—1 + Brug > Predict mean
30 5 = A 1 AT + Ry > Predict covariance
4 Ky = 5,07 (Cy5:0F + Q)™ > Compute Kalman gain
5: = iy + Ky (2 — Cijag) > Update mean with observation
6: Xy = (I — K;Cy)%y > Update covariance
7: return i, X > Return updated mean and covariance

EKF, which is a Nonlinear Non-Gaussian Estimation method and an extension of the traditional
KF, generally estimates the robot’s pose more accurately. The EKF is particularly useful in scenarios
where the robot’s dynamics or measurement models are nonlinear, as it linearizes these models to
enable efficient estimation. Nonlinear motion and measurement models more accurately capture

the complexities of robotic systems.

Algorithm 2 Extended Kalman Filter algorithm from [42] (refer to for more detail)

1: Input: p—1, X1, U, 21 > Previous state mean and covariance, control input, observation
2: iy = g(ug, pe—1) > Predict mean using non-linear function
3 T = GtEt,lG%F + Ry > Predict covariance using Jacobian of ¢
4: Ky = S HE (HSHE + Q) ! > Compute Kalman gain using Jacobian of h
5: e = iy + Ki(z — h(ig)) > Update mean with observation using non-linear function
6: Oy = (I — K:Hy)%y > Update covariance
7: return p, > > Return updated mean and covariance

The framework has three main differences, all based on approximating the next state function as
nonlinear, linear by first order Taylor expansion to go from non-Gaussian to approximate Gaussian:
firstly, the state prediction is now based on the robot’s Jacobian, linearizing the nonlinear function
expressing the robot’s motion model dynamics. Next, the measurement prediction is nonlinear,
linearized, and approximated Gaussian through its Jacobian. This is based on the robot’s measure-
ment model. Lastly, the EKF’s propagation of uncertainties is influenced by the accuracy of the
linearization process. The frequency of the prediction and update and all other parts remain the

same as the KF [42].
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There are other variants of the KF, such as the Unscented Kalman Filter (UKF) [42]. There is
also the iEKF which are equivalent to the Gauss-Newton algorithm [46]. Similar to the iEKF, the
UKF is a variant of the KF for nonlinear systems. It avoids the linearization step used in the standard
KF by employing the Unscented Transform, a deterministic sampling technique. The UKF generates
representative points called sigma points, which are then propagated through the nonlinear system

models to capture the system’s behavior more accurately. By avoiding explicit linearization, the
UKF provides improved estimation performance for nonlinear systems compared to the standard
KF. The KF state estimation approach is imperative in VIO sensor fusion [47], [48], [49].
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Figure 2.9: Process of (a) Actual Sample. Linearization Process in (b) EKF and (c) UKEF. Figure from [50].

2.4.5 Particle Filtering

The PF, which is a Nonlinear Non-Gaussian Estimation method, represents the state estimate using
a set of particles, each carrying a hypothesis of the robot’s state. The PF framework under nonlinear

and Non-Gaussian assumptions, gives benefit to the pose estimates by allowing for the flexibility to

handle complex and nonlinear dynamics.
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Like the KF and EKF approach, the PF operates through a two-step process: prediction and
update. In the prediction step, the particles are propagated using the motion model, accounting
for the robot’s expected motion. In the update step, the particles are re-weighted based on the
likelihood of measurements obtained from sensors, allowing for refinement and adjustment of the

particle set. See, just the details of the prediction and update are different [42], [22].

Algorithm 3 Particle Filter algorithm from [42] (refer to for more detail)

1: Input: X;_1, ug, 2 > Previous set of particles, control input, observation
2 Xy =X =10 > Initialize temporary and new set of particles
3: form =1to M do > For each particle
4: sample xgm} ~ p(xy | ug, xyf}l) > Sample new state based on control input and previous state
50 w™ =plz | 2™ > Compute weight based on observation likelihood
6 X=X+ (@™ w™) > Add weighted particle to temporary set
7: end for
8: form =1to M do > Resample particles
9: draw ¢ with probability wy] > Select particle index based on weights
10: add x?] to Xy > Add selected particle to new set
11: end for
12: return X, > Return the new set of particles

A major disadvantage of the PF is particle depletion. Sample depletion happens when the
particles no longer effectively represent the true distribution, while particle degeneracy occurs
when most particles have negligible weights, making them ineffective for accurate estimation.

As an overview of the three major types of methods for robot state localization estimation,
it is worth mentioning that Odometry has many benefits when wanting to directly focus on the
estimation of the robot state, as opposed to the details of the map it resides in, especially when
computation costs need to be reduced on a robotic system. As mentioned, this thesis will now go
over estimation by Visual-Inertial sensor fusion by Odometry means. In doing so, this will lead
to utilizing the advantages of the high framerate and low power usage of FPSP cameras with the

advantages provided by Odometry for vision- IMU-fused estimation.

2.5 Visual Inertial Odometry

VO is the process of a robotic system’s ability to understand its state (position and velocity) with use

of cameras. VIO is the process of estimating camera pose by combining visual information from
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a camera and inertial measurements from IMUs. VIO provides more accurate and robust pose
estimates. The sensors complement each other and are used in many applications and products
such as AR headsets. VIO can be categorised into loosely-coupled and tightly-coupled methods.
In a loosely-coupled method, the visual and inertial measurements are independently processed to
estimate the motion and then are fused together for correction. On the other hand, the tightly-

coupled method directly estimates the motion from the visual and inertial measurements [51].

Filtering VIO

Fixed-Lag-Smoothing VIO

Full-Smoothing VIO

Only updates the most recent
states (e.g., EKF)

Optimizes window of states:
e Marginalization

* Nonlinear Least squares
optimization

Optimizes all states:

* Nonlinear Least squares
optimization

X Linearization

v'Re-Linearize

v'Re-Linearize

X Accumulation of lineariza-
tion errors

X Accumulation of lineariza-
tion errors

v'Sparse Matrices

X Gaussian approximation of
marginalized states

X Gaussian approximation of
marginalized states

v'Highest Accuracy

v Fastest

v Fast

XSlow (faster with Georgia

Tech Smoothing and Mapping
(GTSAM))

Table 2.1: Advantages and Disadvantages of Different VIO. Table from Davide Scaramuzza Lecture 13 Visual Inertial Fusion [52]. Note:
the v highlights an advantage to this particular VIO type, while Xhighlights a disadvantage over the other types.

There are many different ways one can implement a VIO system. For example, one can
use filtering [53]- [54] approaches, or using non-linear optimization, perform fixed-lag smooth-
ing [55]- [56] or even full-smoothing [57]. For the full-smoothing, solving the entire system
at every observation quickly becomes infeasible, hence they rely on Incremental Smoothing and
Mapping Version 2.0 (iSAM2) [58] for incremental factor graph optimization.

Now, it is time to go over the current various VIO paradigms, implementations and methods.

2.5.1 Loosely-Coupled and Tightly-Coupled Visual Inertial Odometry

VIO has had two major paradigms since it started: loosely-coupled VIO and tightly-coupled VIO
approaches [59]. The loosely-coupled approach is based on separate data acquisition, where the

conventional camera takes in images to do feature tracking while the IMU sensor takes in IMU
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sensor measurement data; in essence, this approach is based on two independent motion estimates
which are fused together without feedback or modification to output the state of the robotic system
[51]. Now, the tightly-coupled approach is based on outputting the state directly from the raw
conventional camera data and IMU sensor measurements. The main difference is that in the
tightly-coupled approach the output is only one motion estimate. The tightly-coupled approach is

more robust and hence outputs a far more accurate output in comparison to the loosely-coupled

approach.
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Figure 2.10: Loosely-coupled vs tightly-coupled VIO. Loosely-coupled is on seperate fusing of two poses, one from vision and one from

IMU-integration. Tightly-coupled is on direct integration with image data and IMU measurement simultaneously. Figure from [51].
Further, there have been so many different VIO approaches under these coupling paradigms.

They can be summarized in three different major categories: filtering based VIO, fixed-lag smooth-

ing VIO, and full-smoothing VIO [51].

2.5.2 Filtering-Based Visual Inertial Odometry

To start with filtering based VIO, these VIO algorithms are entirely based on efficient state
estimation by updating only the last state. By filters, this means to say various types of KF on the
state estimation, such as the EKF [51] and UKF [42]. Classical approaches estimate both the pose
and landmarks and the complexity grows quadratically based on the number of these estimated

landmarks. Work from Davison et al. [60], Bloesch et al. [54] optimized and a small number
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of landmarks were tracked to allow real-time operation instead. There is then a structureless
approach, known as Multi-State Constraint Kalman Filter (MSCKF) [53], where landmark positions
are marginalized out of the state-vector [53]. The disadvantage to this is that processing needed to

be delayed until all measurements of a single landmark are obtained [53].
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Figure 2.11: Robust Visual Inertial Odometry (ROVIO): Filtering VIO able to track robustly in fast, hostile motions. Here, the ’Fast’
dataset deals with angular velocities above 6 rad/s. Figure from ROVIO Video Demo [61]- [54].

There is then filtering-based ROVIO [61]- [54]. Often it is mistaken that ROVIO falls under a
smoothing VIO method. ROVIO uses a filtering approach. ROVIO minimizes photometric multi-
level patches of monocular image frames to estimate the camera pose and velocity. Newly detected
visual features are incorporated into the state vector. If a feature that is expected to be visible
in the current frame already exists in the state, an intensity error is calculated by comparing the
expected position of the feature in the frame with its actual observed position. This intensity error
serves as an innovation term, which helps correct any accumulated errors from the propagation
process. The state correction step is performed whenever a new image is captured by the camera.
Another popular filtering-based VIO is the Multi-Sensor Fusion Extended Kalman Filter (MSF-
EKF) [62], which of whom will be discussed in more detail at the end of this section. Discussing

some additional frameworks that are leveraged atop MSF-EKF, adding atop this framework, would
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be a VIO method known as Fast Semi-Direct Monocular Visual Odometry (SVO) [63], [62]. It
combines direct image alignment with a filtering algorithm, specifically a KF, to estimate the
camera’s motion and position. It minimizes the photometric error of patches around features found.
The direct image alignment is then optimized by minimizing reprojection error of the features via
Least Squares Regression (LS). The MSF-EKF loosely fuses from SVO to give a VIO pose estimate.
This is known as Fast Semi-Direct Monocular Visual Odometry + Multi-Sensor Fusion Extended

Kalman Filter (SVO+MSF) [63], [62].
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Figure 2.12: SVO+MSF Pipeline Utilized on Quadrotor. Note: Loosely-coupled, filtering VIO. Figure from [64].

Despite how filtering based is advantageous in being more efficient than fixed-lag and full-
smoothing, filtering generally linearized propagation and measurement, which accumulates lin-
earization errors, giving too much bias towards Gaussian approximations of marginalized states
[51]. Generally the VIO problem has four unobservable directions: the global position and
orientation around the gravity direction [65]. In Kottas et al. [66], linearization at the wrong
estimate adds incorrect information in those unobservable directions. Huang et al. proposed a
solution which better accounted for real-world nonlinear systems, being more consistent and better
estimation than the linear approximated case [67]. PF is an instance of alleviating the Gaussian
noise assumption, modelling non-linearity well. Non-filtering VIO too does not inherently assume
Gaussian noise, but this all depends on the algorithm’s associated loss function. The Huber loss

function can handle non-Gaussian noise. Such non-filtering include iSAM2 [58], GTSAM [68].
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Figure 2.13: Fixed-Lag-Smoothing-Based VIO, showcasing how smoothing methods involve assuming VIO as a graph optimization
problem. Figure from Davide Scaramuzza Lecture 13 Visual Inertial Fusion [52].

2.5.3 Fixed-Lag-Smoothing-Based Visual Inertial Odometry

There is then fixed-lag smoothing VIO, these VIO algorithms are based on optimization via a
window of states and often require a nonlinear optimization approach to output the state [51].

Their advantage over filtering based VIO is they allow re-linearization and are still fast [51].
They also are generally more accurate than the filtering VIO method. Use of robust cost functions or
by more explicit outlier rejection after optimization make these approaches more robust to outliers.
With fixed-lag-smoothing-based VIO still resorting to marginalization of the state, like with filter-
based VIO, they still suffer from some inconsistency and linearization errors [69], [70], [71].
Marginalization of states outside the estimation window also can lead to dense Gaussian priors
which is bad on the computational front when matrix operations are done. To alleviate this, some
and certain measurements are dropped, as was proposed by Leutenegger et al. [55].

A popular fixed-lag-smoothing-based VIO is known as Open Keyframe-based Visual-Inertial
SLAM (OKVIS) [72], [55]. It combines visual and inertial measurements for SLAM applications.

It employs a sliding window optimization framework and utilizes bundle adjustment to jointly
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optimize the camera poses, landmarks, and sensor biases. has gained popularity in the robotics

field for its robust performance in challenging scenarios, making it a notable method against other

VIO methods.

Aggressive motion

Figure 2.14: OKVIS VIO in aggressive motions. Figure from Stefan Leutenegger Video Demo [72], [55].

There is also, VINS-Mono [56] is a sliding window estimator that employs non-linear optimiza-
tion techniques and robust corner feature tracking. Its design is similar to fixed-lag-smoothing-
based but differs in being fixed-lag in how it introduces a loosely-coupled sensor fusion initialization
procedure that enables the estimator to start from arbitrary initial states. Additionally, IMU
measurements are pre-integrated before being incorporated into the optimization process, and a
tightly-coupled relocalization procedure is proposed [56].

Next, there are semi-direct methods such as SVO integrates direct visual odometry with IMU
data using a keyframe-based method to benefit from both direct and feature-based approach [63].
The improved version SVO 2.0 [73] incorporates more robustness and accuracy with IMU integra-
tion. Kimera VIO uses the GTSAM [68] for IMU pre-integration and fixed-lag smoothing, although
this can be switched to full-lag smoothing for comprehensive trajectory optimization [74] [75]. This
approach estimates the 3D position of observed features and eliminates these 3D points from the

VIO state, which the states that fall out are marginalized out using GTSAM [68].
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Figure 2.15: Monocular Visual-Inertial State Estimator (VINS-Mono) pipeline for monocular-inertial sensor fusion. Shows initialization
(left), measurement preprocessing (middle top) and global pose graph optimization (middle bottom). Figure from VINS-Mono [56].

2.5.4 Full-Smoothing-Based Visual Inertial Odometry

The last VIO approach are full-smoothing algorithms which triumph over the last two [51]. These
VIO algorithms optimize all states of the full trajectory of the robotic system and do so, similar
to the last approach, on nonlinear optimization [51]. They not only have the added benefit of
re-linearization but deal with sparse matrices. They have the highest accuracy of the three VIO
approaches, but the only major disadvantage with them is they are generally slow and inefficient
and take more computational power and resources. The complexity of the optimization problem is
approximately cubic with respect to the dimension of the states.

This makes its use in real-time robotic systems limited as the map grows over time. What can
be done is to only keep selected keyframes, as was proposed by Leutenegger et al. [55], Qin et al.
( VINS-Mono [56]), etc. and/or run the optimization in a PTAM architecture [76]. A major leap
has been the development of incremental smoothing methods such as Incremental Smoothing and
Mapping (iSAM) [77] and iSAM2 [58]. They are based on factor graphs to identify and update
only typically small subset of variables affected by a new measurement. Forster et al. have used
this incremental framework in VIO.

Another disadvantage with this VIO is with their use of IMUs. And this is a disadvantage
too with fixed-lag-smoothing-based VIO. With filtering-based VIO, the IMU is used for the

process/prediction model and cameras for the measurement model and thus IMUs, by standard, are
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dealt with at different rates. Filtering-based VIO can handle different rates of IMUs and cameras
easily. In smoothing VIO, however, it is not good in real-time robotic systems to add a state at every
IMU measurement so it was proposed that IMU measurements be integrated between frames,
through reparameterization, and form relative motion constraints. This is what is known as IMU
preintegration [57]- [73] and is to be done after each optimization iteration (repeated when the
state prediction changes), as proposed in Lupton and Sukkarieh [78]. Full-smoothing-based VIO
is fast though with GTSAM [51]. SVO was discussed before with SVO+MSF. Here, it is worth
noting it can also can be added onto a tightly-coupled VIO design as Fast Semi-Direct Monocular
Visual Odometry + GTSAM (SVO+GTSAM) [57]. This has the same front-end as the SVO+MSF,
but now full-smoothing is done, generally using iSAM2 [58]. Preintegrated IMU factors in the

pose graph are utilized.

Solves the same optimization problem but: IMU Measurements

Camera Fl'.'ulu-s_ i il
» Keeps all the frames (from the start of the trajectory) _

» To make the optimization efficient

it makes the graph sparser using keyframes KU St
pre-integrates the IMU data between keyframes
» Optimization solved using factor graphs (GTSAM) iR P

Very fast because it only optimizes the poses R
that are affected by a new observation —

Keyframes

Structureless Projection Factor

{X, L, b%, b9} = argmingg | ,a po)
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Figure 2.16: Full-Smoothing-Based VIO: SVO+GTSAM [57]. Here, solves the same optimization problem as fixed-lag smoothing but
keeps all the frames, and typically uses factor graphs [51]. Figure from Davide Scaramuzza Lecture 13 Visual Inertial Fusion [52].
Further, Kimera VIO [75] also uses full-smoothing in cases where more accurate state estima-
tion is required over a larger temporal window. This is particularly used for mesh generation where
a larger VIO is used to perform full-smoothing to obtain accurate 3D mesh [75]. Famously, Campos
et al. proposed ORB-SLAMS3 [41] which is full-smoothing VIO. This approach optimizes entire set

of key frames and points for consistency, effective in environments with many loop closures.
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2.5.5 Visual Inertial Odometry on Unconventional Cameras

While a conventional camera is typically used in VO and visual SLAM, other camera technologies
such as event-based cameras are used in many state-of-the-art VIO algorithms. Event cameras
provide low power usage and low latency benefits over conventional cameras and are also robust
against illumination changes [79] as they are based in tracking changes in pixel-wise intensity.

Zihao Zhu et al. [80] presented the first event-based VIO framework that utilized the high
frame rate capability of tracking events at 1 MHz using a EKF. Next, [81] focused on the mere
front-end and proposed a novel spatio-temporal event-feature tracker that was then aligned using
current camera motion and scene structure, leveraged on a keyframe-based VIO pipeline for 850
deg/s tracking. The nature of the low latency of event streaming was then further used in a SLAM
setting, titled Ultimate SLAM [82], where events are multi-sensor-fused along with images, IMU
measurements, especially robust in high-speed scenarios. Inspired by fixed-lag smoothing and full-
smoothing VIO, [83] then used event cameras for the first work in continuous-time representation
for visual-inertial estimation with micro-second accuracy.

There are several downsides though with event-cameras which FPSPs do better:

* First, while event cameras compress visual information into a continuous stream of events,
they don’t offer the flexibility of the FPSP, which supports user-programmed algorithms like
the FAST-corner or edge-coordinates detector [84]. This implies that event-based cameras
only consist of one temporal feature output, capability, but what about more complex infor-
mation extraction [19]? FPSPs provide this allowing for capabilities such as full on-sensor

convolutions, filters, not just corner or edge feature outputs.

* Further, the data volume transferred by an event camera is proportional to camera motion.
This characteristic is not optimal; for instance, a robot has a shorter window during rapid
movements to determine its subsequent action. FPSPs consist of digital and analog memory

directly on-sensor which allows for windowing and memory allocation of the image-plane.

In this regard, FPSPs provide a promising alternative to event-based cameras, making note that,
really, a FPSP-based camera is also an event camera in how it can track and store feature-events at

high framerate, but can do much more than them, given its on-sensor advantages and capabilities.
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HDR scene: we illuminated part of the scene with a strong light source.
Our pipeline is able to track reliably in both low-light and bright conditions.

o

Motion-compensated frame

DAVIS frame (shown for illustration)

Figure 2.17: Event cameras and how they can track robustly, especially in unilluminated rooms. An event is merely a temporal feature
on the illumination of light changes. Figure from Video Demo [82].
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Figure 2.18: The disadvantage of event cameras: only single temporal feature output. FPSPs can do any meaningful feature output.
Figure from CVPR 2019 Workshop on Event-based Vision and Smart Cameras by Pitor Dudek [19].
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2.5.6 Multi-Sensor Fusion Extended Kalman Filter Visual-Inertial Odometry

Out of all the different approaches, of great interest, is the MSF-EKF [62], which is a loosely-
coupled VIO, entirely filtering-based approach [62]. As was mentioned, there are several other
filtering based VIO algorithms such as MSCKF, SVO+MSF [63], [62] and ROVIO [61]- [54],
but MSF-EKF is modular, allowing for easy integration, especially with high frame rate outputting
unconventional vision sensors. This VIO essentially allows for easy implementation via its loose-
framework where the front-end can be swapped, especially allowing for front-end benefit with
unconventional cameras of varying outputs and frequencies. Though the high frame rate capabil-
ities are the benefit of generally most filtering-based VIO, specifically the MSF-EKF framework
provides one of the highest frequency estimation outputs of all other filtering frameworks, perfect
for utilizing the capability of the FPSP. In having a VIO algorithm which deals with high frame
rate, would allow for the spatial drift to be addressed, and help be alleviated alongside with the
temporal drift provided by the IMU. In the next section, this thesis will now discuss the design of
the BIT-VIO algorithm necessary to incorporate the SCAMP-5 FPSP for visual-inertial estimation,

and present experimental results of the proposed method.
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Figure 2.19: MSF-EKF for FPSP- IMU-fused state estimation as it is filtering VIO which provides the highest frequency estimation
output. MSF-EKF over all other VIO as it allows for easy integration, especially with high frame rate outputting unconventional vision
sensors. In having a VIO algorithm which deals with high frame rate, would allow for the spatial drift to be addressed, and help be
alleviated alongside with the temporal drift provided by the IMU. Figure from Stephan Weiss PhD Thesis [85].
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Chapter 3

Methodology and Implementation

In this chapter, the overarching algorithm established in this thesis, BIT-VIO, is presented, and is
summarized briefly in Sec. 3.1. In Sec. 3.2, the notations used are introduced. In Sec. 3.3, a broader
overview of the system design is presented and the coordinate frames used are stated, followed by
the IMU model and state prediction in Sec 3.4. BIT-VO, namely the camera pose measurement
in the BIT-VIO algorithm is discussed in more detail in Sec. 3.5, along with the uncertainty
propagation done on it in Sec. 3.6. In Sec. 3.7, the correction step via the iEKF of MSF-EKF
is presented. After the BIT-VIO algorithm formulation, performance evaluation metrics in Sec. 3.8
discussed, the first initial attempts at testing the framework with different IMU cases is explored,
attempting with approximated calibration intrinsics and extrinsics and lower IMU frequency rates
are in Sec. 3.9. Addressing the first issues in the first attempts, the experimental setup outlining
the visual-inertial calibration process is defined in Sec. 3.10 with IMU-alone calibration, SCAMP-5
FPSP-alone calibration and the full visual-inertial calibration. Next there is Sec. 3.11 with the
experimental results, going over accuracy and robustness of the BIT-VIO algorithm, evaluations
by Root-Mean-Square Error (RMSE), and error mapping and noise variation benchmarking against
prior BIT-VO and ground-truth. This chapter ends in Sec. 3.12 with an extensive study on the
algorithmic execution timing/frame, accuracy, memory usage and power consumption of the visual

front-end processing performance on the FPSP.

3.1 Visual Inertial Odometry Using Focal Plane Binary Features

BIT-VIO is presented, the first VIO which utilises SCAMP-5. BIT-VIO is a loosely-coupled iEKF

which fuses together the VO running fast at 300 FPS with predictions from 400 Hz IMU
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measurements to provide accurate and smooth trajectories. This thesis presents cases too when
the IMU is running prediction at a lower 200 Hz with the UM7 IMU and when it runs at an even
lower 100 Hz with the MPU-9250. In both cases, BIT-VO is running at 100 FPS. Though these
IMUs do not fully utilize the FPSP VO at its full high framerate capability, it is necessary in the

context of making sure any black box IMU works with the proposed BIT-VIO framework.

3.2 Notations

The following notation conventions are used in this work, adopted from [86], [87]:
* Units of a variable A as [A] (e.g. [a;] = m/s?).
» Skew-symmetric matrix of Ais [A].
* pf represents the translation from frames A — B.
o B Teani : : B _B _B _B
q4 represents the Hamiltonian quaternion rotation (¢4, 44, 94,44 ,) from frames A — B.
* p,q are the expected translation and rotation.
* P, q are the error in translation and rotation.
* C|y is the rotational matrix to the quaternion g.
* ()(w) is quaternion-multiplication matrix of w.
A 1 T T .
* g=qRj= [550 , 1} approx. for quaternion dq.

* 7P = (qa+ q1i + q2J + q3k)(ps + p1i + p2j + psk) where the quaternion multiplication is

defined by operation ®.

3.3 System Overview

Fig. 3.1 demonstrates an overview of the system. The VO pipeline is shown on the top, and the
inertial pipeline is shown on the bottom. The algorithmic components of the VO are mostly done
on a remote host, except the corner/edge detection, which is done on the SCAMP-5 FPSP.

Fig. 3.2 shows the coordinate frames used, between World, IMU and SCAMP-5 FPSP.
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Figure 3.1: Pipeline of BIT-VIO. The multi-sensor fusion is to the bottom. BIT-VO is on the top. From the BIT-VO algorithm [17],
the vision sensor utilizes the SCAMP-5 FPSP, highlighted in red. New corner/edge features are detected via the FPSP, off-putting
computational load by allowing some image and signal processing to be done on the chip before transferring to a PC host or other
external device to be further processed.
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Figure 3.2: Coordinate frame definition of the IMU and the SCAMP-5 FPSP. In total, define four coordinate frames. Notation pﬁ and
qff are used to represent transformation from A to B. Highlighted in red is the SCAMP-5 FPSP camera and vision cooedinate frames.

3.4 IMU Model and State Prediction

Using MSF-EKF [62], assume absolute IMU measurements have bias b, b, with Gaussian noise
ny,ngq. IMU measures and outputs angular velocities w and linear accelerations a in the IMU-

frame [86]:

W = Wmeas — b — N bw = Np,, » 3.1

@ = Gmeas — ba — Mg, by = Ny, - (3.2)

In Eq. (3.1) and (3.2), the subscript “meas” means the measured value. Terms b, b, are the
dynamic models of the IMU biases. The MSF-EKF states x are represented in two parts: the 27, ,;;
and a::g T—vo- The x?MU, which is a 16-element state, is formed by the IMU measurements and

dynamic models, as follows [86]:

e 1A A N LA B (3.3)
pl, =l (3.4)
oi = C(qua -y, (3.5)

) 1 )
G = 54, (3.6)



T

; T . . . .
v 4., represents the translation, velocity, and quaternion rotation of

In Eq. (3.3)-(3.6), pi, ", v
the IMU with respect to world (or inertial frame). The dynamic models p¢,, 0%, ¢!, propagate the

state and do so at the rate of the IMU.

3.5 Camera Pose Measurement by FPSP BIT-VO

In the BIT-VO [17] part of the algorithm, the front-end visual processing occurs on the SCAMP-5
FPSP. FAST corner and binary edge features are detected on the chip before it is transferred to
the PC. The proposed BIT-VIO algorithm used a modified version of FAST for the front-end
corner feature-part (from BIT-VO [17]), where the processing for each pixel is done in parallel,

simultaneously and not row-by-row, column-by-column indexed [18], [88].

Algorithm 4 FAST-corner Feature Extraction (on FPSP) algorithm
from [89] (refer to for more detail)

1: DREG registers used: R1 - R8 as ring counter, R9 for storing corner coordinates of image
2: C« 0

3: Parallel for each pixel p = (z,y) in I where [ is a 256 x 256 image do

4 Iy« I(x,y) > Intensity of the center pixel

5. Define the 16-pixel ring p;!%, around p

6: Initialize Ny + 0, Ny <+ 0, N, + 0

7:  for each pixel p; in the 16-pixel ring do

8: if I(p;) > I, +t then

9: Ny Ny +1 > Count bright pixels in the ring
10: elseif I(p;) < I, — t then
11: Ng < Ng+1 > Count dark pixels in the ring
12: else
13: Ng <+ Ns+1 > Count non-similar neighbor pixels
14: end if

15:  end for

16: if (N, > 10) or (N, > 10) or (N > 10) then
17: C+~Cup

18: end if

19: end parallel for

20: return C' in DREG register R9

21: Reset DREG registers R1 - R8 for next image

Sobel Edge Detection [90] was used but on the FPSP, where analog registers are used, com-
puting in parallel, like with the corner-features above. The first step is to do, simultaneously across
all pixels on the entire image-plane, vertical edge detection, then horizontal. The corner and edge

feature intensity thresholds used were ¢; = 35,t. = 60, respectively.
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Algorithm 5 Sobel Edge Detection (on FPSP) algorithm from [90], [18] (refer to for more detail)

1: Analog registers used: A, B, C, D for computations, E for edge detected binary image
2: Parallel for each pixel p = (z,y) in I where [ is a 256 x 256 image do

3: Vertical Edge Detection:

4 A < Move C NORTH > move all values in register C, 1-pixel NORTH (repeat logic below)
5: B <+ Move C SOUTH

6: A~ A+B+2C
7.
8
9

B + Move A EAST
A <+ Move A WEST

: D < abs(B — A) > D Analog register stores the vertical edge
10: Horizontal Edge Detection:
11: A < Move C EAST
12: B <+ Move C WEST
13: A+ A+DB+2C
14: B + Move A SOUTH
15: A < Move A NORTH
16: A < abs(B — A) > A Analog register stores the horizontal edge
17: E+ A+D > Combine vertical and horizontal edges into E

18: end parallel for

Raw Image Edges Corners

mRPS: 36+0.03

On a feature

-I Create 3 rings

corner by r €{rl,r2,r3}
FAST-16, and in each ring
create a 7x7 rotate number of
patch bits by,
44-bit BIT- O#r
rot(0,r) =
descriptor 6.7) 360°

d

Figure 3.3: The front-end is from BIT-VO [17] where every incoming frame, the SCAMP-5 FPSP does edge computation and corner
feature extraction, sends these computations to PC where back-end part of the algorithm computes BIT-descriptor on each corner
feature, accounting for rotation invariance by rot(6, r).
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The visual features are further processed to obtain camera pose estimation (unscaled as the
system is monocular), =% 17—v 0> Which is composed of puT qvT, i.e. position and orientation. BIT-
VO uses a BIT-descriptor (44-bit long feature), which is created from local binary edge information

around the corner features and is used to establish feature correspondences between frames.

— |111000000000000000000111 00000000

,Tr2,1r3

Figure 3.4: After all feature corners’ BIT-descriptors are computed, 44-bit long feature is unrolled for space-efficient, fast bit-wise
manipulation and computing in back-end algorithm for frame-to-frame feature tracking and map-to-frame feature mapping.

It differs from other binary descriptors because BIT-VO does not have access to the image
intensity information. To create a BIT-descriptor, around a corner feature, BIT-VO creates a 7 x 7
patch and rotates the patch to be rotationally invariant. In the 7 x 7 patch, BIT-VO creates 3 rings
r € {r1,re,r3}. To establish a correspondence, Hamming Distance between two features (as the
feature is binary) is taken to measure how similar two descriptors are. Though the BIT descriptor
is rotation invariant, it is not scale invariant.

Like the standard VO, initialization is done by the 5-point algorithm with RANSAC. In pose
estimation, RANSAC helps determine the optimal pose transformation that aligns a model (such as
a 3D object or keypoints) with a scene (such as a point cloud or image). The objective is to find the
pose that minimizes the differences between the model and the scene, considering the presence of
outliers or incorrect correspondences [21]. RANSAC used for pose estimation [21] uses a five-step
process: randomly select a sample, generate a hypothesis, evaluate the number of inliers, refine
the hypothesis and repeat until fixed number of iterations or until criterion complete, which in this
case is five points. RANSAC is similar in dealing with uncertainty, but as RANSAC can be applied
to different forms of data (features, re-projections, etc.), the uncertainty is flexible and dependent
on the feature data.

The high frame rate feature detection using SCAMP-5 FPSP simplifies the frame-to-frame and
map-to-frame matching processes, as the inter-frame motion between frames is small. This allows

the feature matching to be based upon simple brute-force search-and-match around a small radius.

36



Algorithm 6 5-Point Algorithm with RANSAC for Initialization from [21] (refer to for more detail)

1: Input: Point correspondences {(p;,p;)}, iterations N, threshold e
2: Output: Essential matrix Epeg
3: fori=1to N do

4.
5: Formulate the constraint §”E = 0:
6: Construct matrix Q from §;:
7: Solve for e (vector form of E)
8: Decompose E:
9: Count inliers:

10: inliers =0

11: for each (py, p).) do

12: if pzTEpk’ < e then

13: inliers < inliers + 1
14: end if

15: end for

16: if inliers > best_inliers then
17: best_inliers < inliers

18: Ebest < E

19: end if

20: end for

Randomly select 5 point correspondences {(pj,p;»)}E’

E =

21: return Eyqg;

> Select random sample
> Set up constraint equation

=1

(3.7)
> Construct matrix from constraints

Qe=0 (3.8)

> Solve the homogeneous equation
> Perform SVD to decompose E

UDV?T, D = diag(1,1,0) (3.9)

> Evaluate inliers based on current E

> Iterate over all correspondences
> Check if correspondence is an inlier
> Increment inlier count

> Update best model if current one is better

> Return the best essential matrix

and SVO [73].

The map refinement and keyframe selection of the BIT-VO algorithm are similar to PTAM [34]

Once the 3D map points and their corresponding k-projected points on the image plane are

found, the pose is estimated by minimizing the reprojection error:

where 7(T¢

1
P, a5") = argmin 23" p (Jlui = (T3 - opi)[P)

cT

v

k
(3.10)

28T

=0

- yp;) is the function projecting 3D points on the vision image plane and p(-) is the

Huber loss function, reducing the effect of outlying data.
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The 2L, o (scaled with scale \) part of the 10-element state is defined as:

2L vo = [AXN, 60T, Apy T 6677 (3.11)

w

Assuming BIT-VO vision sensor measurement zp;r_yo has Gaussian noise in position and

rotational n,, n,. The measurement model is given by,

ZBIT-VO = (3.12)

Clau) (P + CL: \DE)N + b, + 1,
_ |% (ak) as (3.13)

@ ® g, ® gy +ng,

P5, ¢S propagate the state and do so at the BIT-VO vision sensor rate, which is the rate of 300

FPS [87] [86].

3.6 Uncertainty Propagation of FPSP BIT-VO Pose

BIT-VO itself does not propagate an uncertainty or consist of covariance for its vision 6- DoF pose.
3D map points and correspondences are computed on the PC, where the pose is optimized by
minimizing the reprojection error. Once the optimal pose [p¢T, ¢¢7] is found from the set, take the
pose and, using Ceres [91], generate a 6 x 6 covariance block for the optimized parameters based
on the optimal pose.

It starts with forming the Jacobian of the residual blocks with respect to [p¢7T, ¢¢7], then the

Hessian H is approximated as,
H~J'J. (3.14)
Last, with the covariance being computed as the inverse of the approximated Hessian,

Yy=H'=UJr'n"! (3.15)
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Note, here the covariance matrix is a 6 x 6 positive definite matrix, correctly matching the system’s
DoF rather than the state’s dimensionality (which is 7 because have 3 parameters for the translation

and 4 parameters for the quaternion).
3.7 Correcting State via iEKF
Build full covariance matrix PHm‘ k- Then, the update is computed as:
2k = Hypm Xpepmp + HoXpp + 1, (3.16)
where H is the measurement Jacobian found via zgyo. Then compute residual as,
Thim = Zkktm — Skktm = HX. (3.17)
Compute innovation as,
Skim = HPyympH" + Ry, (3.18)
where R, is covariance of measurement and,
H = [Hy, Hy i) (3.19)

Then compute Kalman gain and correct state,

K = Pk-&-m\k:HTS’k—im = [Kg7Kg+m}T> (320)

jk-‘rm|l€—i-m = jk:—‘rm\k + Kk+mVk+m- (3.21)

Then, correct the covariance as,

Pk-i—m\k-&-m = Pk+m|k - Kk+mgk+ng+m- (3.22)
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Note, can either assume BIT-VO vision sensor measurements as relative (as in depending between

time-instants k£ and k + m) or absolute (e.g. IMU or GPS measurements).

3.8 Trajectory Performance Evaluation Metrics

Evaluating the accuracy and robustness of several visual-alone, visual-inertial algorithms to ground-
truth is done by comparing their Absolute Trajectory Error (ATE) and Relative Trajectory Error
(RTE) metrics. These metrics either give a whole-trajectory, or local-trajectory error comparison,
respectively, and are the standard for VIO performance evaluations.

3.8.1 Absolute Trajectory Error (ATE)

ATE is a measure of the difference between the estimate trajectory with the ground-truth trajec-
tory [92] along the whole of the trajectory. It can be taken as the absolute relative pose of estimate

and ground-truth, taken at time ¢;,

ATE(tz> = Pestimate,i - Pgroundftruth,i = Pe_s,glimate7iPgroundftruth,i € SE(S); (323)

where Pestimate,i, Pground—truth,i are the relative pose of estimate and ground-truth at time ¢;. It
can be further broken into translational dealing with zyz and rotational Roll, Pitch and Yaw (RPY)

ATE,

AT Eyans = (J|AT|P)Y? = ((Az)? + (Ay)? + (A2)%)1/2, (3.24)

ATE,,; = (]|A0]|*)Y2 = ((AR)? + (AP)? + (AY)?)Y/2, (3.25)

Generally in evaluation for SLAM comparisons [20], [36], the translational ATE is stated while

the rotational accuracy of the estimate is expressed via trajectory RMSE [93].
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RMSE shows the variance in deviation of the ATE and is taken as over the entire set of time ¢;,

1Y )
RMSE = J N ; ATE(t;) (3.26)

The accuracy of BIT-VO compared with the BIT-VIO algorithm will be evaluated by measuring
the ATE by reporting the RMSE and the median.

3.8.2 Relative Trajectory Error (RTE)

RTE is a measure of the difference between the estimate trajectory with the ground-truth trajectory,
measuring not the overall trajectory path which ATE does, but instead measuring the local consis-
tency of the path. It can be taken as comparing the relative poses of estimate and ground-truth,

based on the delta pose difference, taken at times t;,t;,

RTE(tia tj) = 6estimate,i,j - 6ground—truth,i,j (327)

= (Pg_riund—t’ruth,ipground*”mh,]’)71(Pe_stlimate,iPGStimateaj> S SE(3)7 (3.28)

where Pestimate,ij> Pground—truth,i,j are the relative pose of estimate and ground-truth at time ¢;, ¢;
respectively. It can be further broken into translational dealing with xyz and rotational RPY RTE
with same form as in case of ATE.

Again, like with ATE, the RMSE, which is the variance in deviation of the RTE over the relative

poses along the trajectory path can be taken as over the entire sets of time ¢;, ¢,

N; N
1 g J
RMSE = |2 > > RTE(tt;)’ (3.29)
i=1j=1
It must be noted that when dealing with RTE, the parameter A is the constraint in which the
relative pose frequency is based upon. This gives the constraint on the difference between relative
poses and when to make the RTE measurement upon. Smaller A gives better local accuracy of an

algorithm, as the relative poses should be measured as instantaneously against one after the other.
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Figure 3.5: Vicon motion capture system for ground-truth tracking. 14 cameras are calibrated and time-synced.

3.9 Experimental Results: Initial Attempts

The proposed BIT-VIO algorithm was first tested on a moving robotic system with several IMU
cases. It was initially tested with approximated visual-inertial sensor calibration, approximating
p§ = (0.035 m,0 m,0.125 m) with respect to the IMU-frame. The IMU intrinsics, being the
acceleration, gyroscopic, and bias noises, ng, n, bs, b, are initially estimated as well by directly
using the provided data sheets for the different IMUs. This was done in hopes to evaluate the
performance and accuracy of the algorithm using approximated calibration intrinsics and extrinsics,
as well as see how robust the algorithm is in varying IMU cases. As mentioned, dealing with two
IMU cases: UM7 at 200 Hz and MPU-9250 at 110 Hz, to achieve fully the BIT-VO vision sensor.
The former two instances loosely sensor-fuse with BIT-VO at 100 FPS, as the update step in the
iEKF model requires the rate to be less than or equal to it. To alleviate this, an IMU at the BIT-VO
rate is needed.

The robotic system is evaluated against ground-truth data from a Vicon motion capture system,
which consisted of 14 cameras calibrated and time-synced. Given the inherent limitations of
the SCAMP-5 FPSP, which precludes its compatibility with video datasets for direct comparison,

evaluation is extended to encompass four real-world trajectory scenarios. These scenarios, designed
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to mimic practical applications, included Circular, Straight, Curve, and Zigzag trajectories. Note,
what is necessary is to align and scale-adjust the recorded trajectories along ground-truth as this
is monocular SLAM. The host computations were made on a PC host or external computer, with

12th Gen Intel Core i7-12700 CPU.

02
E o0
x
02 = = BIT-VO (300 FPS)

mm B|T-VO (100 FPS)

t(s)

Figure 3.6: BIT-VO at 300 FPS in dashed-grey is taken as the reference, with BIT-VO at 100 FPS taken to be the estimate. BIT-VO
maintains itself well between different FPS, and this makes sense as 100 FPS is a sampling on the 300 FPS. For lower rate IMU cases.

3.9.1 BIT-VO from 300 FPS to 100 FPS

With UM7 at 200 Hz and MPU-9250 at 110 Hz, what is required is to have BIT-VIO to operate
at a lower rate, e.g., 100 FPS in these IMU cases. To ensure that the accuracy and performance

of BIT-VO is maintained at a lower rate, BIT-VO at 300 FPS and at 100 FPS are compared on the
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same trajectory. Taking 100 FPS to be just a sampling of the 300 FPS BIT-VO at a lower rate, it
is clear that the difference between these cases is negligible, and so choosing to bottleneck BIT-VO
at this lower rate so that the update step in the iEKF model meets its requirement of having its

IMU-based prediction rate to be less than or equal to it, is fair in evaluation.

3.9.2 UM?7 IMU at 200 Hz with BIT-VO at 100 FPS Results

First, the performance of BIT-VIO is evaluated using the UM7. As the translational ATE shows in
Table 3.1, incorporating an IMU generally enhances estimation, yielding a more accurate trajectory.
Trajectory 1, 4, and 6 performed with lower RMSE and median, showing that the predictions are
close to the ground truths. However, in Trajectory 2 and 3, purposefully simulate a fast, hostile
motion. Under these conditions, the IMU, operating at 200 Hz, failed to contribute valuable data

to the system, and consequently, the VIO’s performance did not surpass that of the VO system.

Translational ATE with UM?7 at 200 Hz, BIT-VO at 100 FPS

Traj. Type BIT-VO ATE (m) BIT-VIO ATE (m)
1 RMSE: 0.019694 0.017769
median: 0.019483 0.010923
2 RMSE: 0.015603 0.020269
median: 0.01383 0.016463
3 RMSE: 0.015848 0.020321
median: 0.014144 0.020184
4 RMSE: 0.009329 0.003849
median: 0.008104 0.003564
5 RMSE: 0.013718 0.014460
median: 0.009872 0.008942
6 RMSE: 0.025920 0.026486
median: 0.019431 0.012808

Table 3.1: UM7 at 200 Hz and BIT-VO at 100 FPS has good translational ATE for BIT-VIO in most cases.

Such trajectories are typically challenging for state estimation algorithms, especially when the
vision system is running at a low frame rate (e.g., 30 FPS on conventional camera technology or
100 FPS limitation, have to impose on BIT-VO due to limited IMU readout frequency). A low
frame rate means slower feature tracking and matching, thus increasing the overall latency of the

state estimation. As demonstrated in BIT-VO [17,94], running the vision system with a high frame
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rate increases the robustness against such hostile motions. Hence, with confidence, it can be said
that utilizing an IMU with a higher frequency and, thus, running BIT-VO with a higher frame rate
would lead to different outcomes.

In evaluating the translational RTE shown in Table 3.2, what is shown is a similar trend as with
the ATE case, but emphasizing more that prior BIT-VO has higher RTE, implying that it is less
locally consistent along its relative trajectory points than the BIT-VIO algorithm. In investigating
the instantaneous local relativity between successive points along the trajectory path, here, RTE is
set to take a measurement of RTE every A = 0.0001 m. Traj. 1, 4 to 6 across have lower median
RTE between successive points. As was noted, Traj. 2 and 3 simulate fast hostile motions and
the trend that VO update failed to contribute and correct the system is evident here in the RTE

statistics too where VO has nearly the same local consistency as with the FPSP-based estimate.

Translational RTE with UM7 at 200 Hz, BIT-VO at 100 FPS with A = 0.0001 m

Traj. Type BIT-VO RTE (m) BIT-VIO RTE (m)
1 RMSE: 0.010753 0.012644
median: 0.003906 0.003419
2 RMSE: 0.010753 0.012686
median: 0.003906 0.003910
3 RMSE: 0.006195 0.013241
median: 0.004802 0.004365
4 RMSE: 0.002821 0.004280
median: 0.002554 0.000908
5 RMSE: 0.002895 0.003178
median: 0.002527 0.000799
6 RMSE: 0.003173 0.004405
median: 0.002733 0.000913

Table 3.2: UM7 at 200 Hz and BIT-VO at 100 FPS has good translational RTE for BIT-VIO in only some cases.

As an initial attempt in working with real-world sensor data, the acquired translational ATE
and RTE show that BIT-VIO is accurate and robust showing working consistency with a abstract
IMU case with approximated calibration intrinsics and extrinsics, but, at this stage, seemingly only
as accurate as prior BIT-VO, not better. There seem to be as many cases where BIT-VO is to the
same degree of accuracy, sometimes even better than BIT-VIO. It is clear that utilizing an IMU with

a higher frequency and a higher frame rate VO system for more robust feature tracking is needed.
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Figure 3.7: BIT-VIO has less frequency noise than BIT-VO. Estimates are close but BIT-VIO is smoother. This is Traj. 5.
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3.9.3 MPU-9250 IMU at 110 Hz with BIT-VO at 100 FPS Results

Next, in evaluating with the MPU-9250 IMU at 110 Hz, keeping the same FPS for BIT-VO, it can
be assessed that IMU offers minimal to no supplementary data as shown in the translational ATE
in Table 3.3. In Traj. 1 and 3, BIT-VIO does not perform better than the BIT-VO. As anticipated,
when the IMU publishes at a lower frequency compared to Table 3.1, the ATE of the BIT-VO and
BIT-VIO becomes similar and shows minimal difference in RMSE [93] and median values for each

trajectory. This is because the IMU propagation is at or near the vision rate.

Translational ATE with MPU-9250 at 110 Hz, BIT-VO at 100 FPS

Traj. Type BIT-VO ATE (m) BIT-VIO ATE (m)
1 RMSE: 0.005498 0.007680
median: 0.00519 0.006496
2 RMSE: 0.002743 0.002637
median: 0.002066 0.002174
3 RMSE: 0.005652 0.006625
median: 0.005068 0.005845
4 RMSE: 0.005504 0.004457
median: 0.005067 0.003966

Table 3.3: MPU-9250 at 110 Hz and BIT-VO at 100 FPS has poor translational ATE.
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Figure 3.8: Much longer trajectories with the MPU-9250 where BIT-VIO still has lower ATE. Traj. 1 (left) and 4 (right).

The difference in rates between prediction and update of an iEKF model does not have to be
strictly different or have a large difference, but with larger differences in the rate, this allows the
dynamic models to wait some time, propagate itself with update correcting after some propagation,
resulting in a more stabler state from its prior. This is also good because the IMU is taken with more
preference and influence over the robotic system’s state. IMUs are more reliable in pose estimation
than vision and should be given more control of the filtered trajectory. If the difference was not
large, the stability of the state would deter, and this would now be allowing for vision to propagate
itself and update the state at the same rate, and as known, the vision is not as reliable in its pose
estimate. Just finding the correct difference between the IMU rate and the VO rate is imperative
for accurate FPSP- IMU-fused estimation.

Further, as was apparent in the last IMU case, one of the main limitations of BIT-VO was
the high-frequency noise in the predicted trajectory. Though the VIO and VO performances are
comparable with MPU-9250 IMU at 110 Hz with BIT-VO at 100 FPS, the filtered estimates as
shown in Table 3.3 shows how the BIT-VIO algorithm predicts significantly smoother trajectory
than trajectories predicted from BIT-VO. The ATE of the BIT-VIO algorithm has lower error than

prior BIT-VO, but in doing these experiments, it is clear that proper visual-inertial sensor calibration
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is necessary. Further, the full capabilities of BIT-VO are silenced by the cases of sampling down due
to the limitations of low frequency IMUs. So, not only does it seem that the low rates affect the
performance of the fused system, but also the differences between the two need to be accounted for,

where the rates not only need to be operating with high frequency but also with large difference.

Translational RTE with MPU-9250 at 110 Hz, BIT-VO at 100 FPS with A = 0.0001 m

Traj. Type BIT-VO RTE (m) BIT-VIO RTE (m)
1 RMSE: 0.002850 0.009099
median: 0.002709 0.006564
2 RMSE: 0.004855 0.006613
median: 0.003863 0.006096
3 RMSE: 0.004793 0.003274
median: 0.003242 0.002625
4 RMSE: 0.013372 0.007863
median: 0.010326 0.006580

Table 3.4: MPU-9250 at 110 Hz and BIT-VO at 100 FPS has poor translational RTE.

In evaluating the translational RTE shown in Table 3.4, there, again, is a similar trend like with
the last IMU case, specifically between the ATE and RTE statistics. Taking RTE A = 0.0001 m, the
general trend that BIT-VO has larger RTE is maintained compared to the lower error provided by
the BIT-VIO algorithm, though with some instances not. Unlike the ATE trend, Traj 2. and 3 show
the opposite trend for the RTE, which implies that that the small difference in the rates between
the IMU and VO system makes it so the BIT-VIO algorithm is consistent in showing significant
improvement over prior BIT-VO, especially in the relative trajectory error context, where it is
expected that the high frequency noise of the VO system, and hence the relative error is alleviated.

Like with the last IMU case, as another initial attempt in working with real-world sensor data,
the acquired translational ATE and RTE show that BIT-VIO is accurate and robust showing working
consistency with another abstract IMU case with approximated calibration intrinsics and extrinsics,
but, it is further clear that utilizing a FPSP- IMU-fused system where the difference in the rates is
large is also imperative. Now, the full 300 FPS capability of BIT-VO will now be studied with a
faster IMU along with proper sensor calibration to address the two problems associated with these

IMU cases.
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3.10 Experimental Setup with Visual-Inertial Sensor Calibration

In the last section, it was indeed verified that any black box IMU works with the proposed BIT-VIO
framework, in how several IMU cases were presented sensor fusing with the BIT-VO algorithm
from the SCAMP-5 FPSP. Though, these IMU case do not fully utilize the FPSP VO at its
full high framerate capability, as they bottleneck with the UM7 at 200 Hz and the MPU-9250
at 100 Hz. It was clear also that using approximated calibration intrinsics and extrinsics in the
initial attempts section can greatly hinder the BIT-VIO algorithm’s performance and accuracy, and
a proper calibration then is shown to be necessary. It is then next in this section to properly calibrate
the FPSP camera and IMU and to measure the expected improvement in the performance of the
robotic system. To start, to address resolving the bottleneck of the IMU frequency rate, so that
BIT-VO can fully utilize the FPSP VO at its full high framerate capability for vision- IMU-fused
state estimation, the proposed BIT-VIO algorithm is tested at now the full 300 FPS, running
BIT-VO on a SCAMP-5 FPSP device. Next is to do the proper camera- IMU calibration. The UM7
and MPU-9250 are swapped out, and now the robotic system has its SCAMP-5 FPSP attached to
an Intel D435i RealSense Camera to provide the IMU measurements at 400 Hz. This setup is using
an IMU that does not limit the high framerate achievable by FPSP BIT-VO.

Evaluations are again done against ground-truth data from a Vicon motion capture system,
which consisted of 14 cameras calibrated and time-synced. As both BIT-VO and BIT-VIO assume a
fast frame rate, hence small inter-frame motion, again the method of using a standard benchmark
dataset for direct comparison with other methods cannot be directly used. Hence, BIT-VIO is
evaluated now on eight real-world trajectories against BIT-VO. These trajectories, like in last
section with the UM7 and MPU-9250 IMU are designed to mimic practical applications and are a
compilation of Circular, Straight, Curved, and Zigzag trajectories.

The recorded trajectories are aligned and scaled to the ground-truth trajectory as the setup is
again monocular. As was done in last section, the ATE [92] will again be measured by reporting
the RMSE [93] together with the median to evaluate the accuracy against the ground-truth. A
different PC is used as the high framerate processing is expected to require more computational
capability. BIT-VO and BIT-VIO use a host device to perform the VO backend, and for the host

device, use an new external laptop with 13th Gen Intel Core i7-12700 CPU.
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3.10.1 IMU-Alone Sensor Calibration

The IMU measurements inherently suffer from noise and must be calibrated prior to experiment
evaluations. In the last section, there was an attempt to approximate the intrinsic values using the
datasheet, but that proved to affect greatly the accuracy and consistency of the BIT-VIO algorithm’s
performance.

To calibrate the IMU intrinsics: acceleration, gyroscopic, and bias noises, ng, ny, be, b,,, what
is needed is to conduct a calibration using the Allan variance method [95]- [96], which involves
fine-tuning the estimation parameters for the IMU’s acceleration and gyroscopic biases and noises.
Allan variance is a time domain analysis technique used in signal analysis for defining noise and
stability of a system in time [97]. The Allan deviation helps to visualize characteristics of the
noises inherent in the system. This is done by discretizing the long sequence IMU data in bins

(b1(t),ba(t), ..., by (t)) and then calculating the Allan variance [97] as,

2«3—1) 2 (bisa(8) = bi(t))” (3.30)

]

AVAR(t) =

From this, the Allan deviation can then be found by,

ADEV(t) = /AVAR(#). (3.31)

From the Allan deviation plots directly, this approach allows analysis of the sensor readings
across various observation intervals, providing the white noise and bias inherent intrinsic measures
in the system. With this information, the noise can be directly accounted for, expectedly enhancing
the accuracy and reliability of the measurements.

The IMU-alone calibration process is done by leaving the IMU on a flat surface, its data to
be recorded for a duration of time, with outputting noise. Extra caution should be taken to make
sure the IMU was stationary as the noise processes are delicate and the Allan deviation is sensitive
to outlier data. Did ¢ = 18 hr IMU data stationary recording, but for the sake of consistency and
accuracy, used IMU data with duration of time ¢ = 3 hr with timestamps already arranged, at 400

Hz stationary provided by Patrick Geneva [98].
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Figure 3.10: Gyroscope Allan Deviation plotting. These plots give the intrinsics related to the gyroscope of the IMU.
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The Allan deviation ADEV(t) plot gives the following raw IMU intrinsics. Typically, these raw
IMU intrinsic values by the Allan deviation are not directly used without first some correcting. The
white noise and bias estimates are inflated several orders magnitudes to give less weighting on the
IMU measurements if dealing with a standard or lower-cost IMU, as used here. Inflate the white
noise by x5 and random walk by x10 to get corrected accelerometer noise density and random

walk, and gyroscope noise density and random walk are in Table 3.5.

Accelerometer Gyroscope

Noise Density (n,) = Random Walk (r,)  Noise Density (n,,) = Random Walk (r,,)

Raw 0.00176 m/s2/\/ Hz 1.0053 x 0.0001598 rad/s/vHz 4.712 %
10~* m/s®/v/Hz 1076 rad/s®//Hz
Corrected  0.0088 m/s?/v/Hz 1.0053 x 0.000799 rad/s/vHz 4.712 x
1073 m/s3/v/Hz 1077 rad/s®//Hz

Table 3.5: IMU-alone calibration: accelerometer and gyroscope intrinsics. The raw and inflated measures are provided.

3.10.2 Camera-Alone Sensor Calibration

Next, is to calibrate and acquire the intrinsics of the SCAMP-5 FPSP camera. Some modifications
must be made for proper camera-calibration: the front-end system needs to be swapped from
outputting corner and edge coordinates for the bit-descriptor, to instead just output plain grayscale
256 x 256 images for the sake of calibration optimization simplicity. Further, the high frame rate
of the 300 FPS stream needs to be bottle-necked at 30 FPS, as it would mean less data to be
post-processed by the optimizer. Note, there is no issue calibrating with 300 FPS but that would
greatly slow the processing runtime.

Kalibr [99] is used in the camera-alone calibration, where a calibration target on the outputting
images is needed. What was used was the supported 6 x 6 Aprilgrid [100], [101]. Over alternative
calibration targets, the Aprilgrid is operable even in occluded or partially occluded scenes, as well,
that the checkerboard tiles are unique and provide reprojection such that the camera pose is fully
resolvable (i.e. with no flips or non-uniqueness).

Data consisted of t = 60 s IMU at 400 Hz and images at 30 FPS. It was made sure that all IMU
axes were excited, that there was no abrupt jitter in the start or end of the trajectory path, that the

shutter was low as well that the scene was illuminated properly [99], [95].
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The camera projection model used in data was pinhole-configuration with a lens distortion
model assumed to be radial-tangential (radtan) [102], [103] as the lens is spherical-type and the
optimizer provided the following estimates shown in Table 3.6.

M

Reprojection Error Mean: 0.2305 pxs

Reprojection Error Std: 0.1435 pxs

Figure 3.11: Camera-Alone calibration: Aprilgrid is used to track tags (far left), corners (middle), reprojection error (far right).

Camera-Alone SCAMP-5 FPSP Calibration Intrinsics

Camera Model Pinhole

Intrinsics Vector [fu, fv, Py, Do

Focal Length (f,, f,) [257.2735, 258.0083]
Principal Point (p,,, p,) [127.4410, 128.1666]
Distortion Model Radial-Tangential (Radtan)

Distortion Coefficients (k;, ko, 1r1,12) [—0.0845,0.2569, —0.00049, 0.0016]

Table 3.6: Camera-Alone calibration: camera model and distortion model intrinsics. This is for SCAMP-5 FPSP.

Seeing as the optimizer estimated (f,, f,) = (257.27 pxs, 258.00 pxs) as known and expected
utilizing of 256 x 256 resolution of SCAMP-5 FPSP, estimates are within reason. Further, the
reprojection error of the polar angle and azimuthal angle are less than one-pixel with a major
count in traversing a large range of angle values over the trajectory path.

The camera-alone calibration is also verified in the robustness in tracking of the camera pose
reprojections of the Aprilgrid checkerboard labels. Notice how the spacing between grid element
labels is consistent both horizontally and vertically between neighbours, with no loss in tracking the
whole 6 x 6 over time, meaning that the estimates are optimized and set. Further,the reprojection

error is also within a less than one-pixel bound, emphasizing the accuracy of the derived estimates.
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Figure 3.12: SCAMP-5 FPSP polar error. See within less than one-pixel (left). Histogram of frequency of polar angle (right).
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Figure 3.13: SCAMP-5 FPSP azimuthal error. See within less than one-pixel (left). Histogram of frequency of azimuthal angle (right).
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Figure 3.14: SCAMP-5 FPSP reprojection tracking robust (left) and error is within less than 0.5-pixel (right).

With both IMU-alone calibration and SCAMP-5 FPSP camera-alone calibration intrinsic esti-

mates optimized and determined, the extrinsic calibration between the joint-two is now necessary.

3.10.3 Camera-IMU Sensor Calibration

Finally it is time to calibrate the extrinsic calibration between the SCAMP-5 FPSP and IMU. This
looks to find the spatial transformation between the camera and IMU frames whilst finding the
temporal time offset between both. The optimization then does this simultaneously.

Here, the calibration process uses Kalibr [99] again where the estimates are optimized by a full
batch optimization using spline interpolation to fit a curve which models the pose trajectory of the
system. More information on the optimization process is provided in [99], [95]. For this particular
problem, the optimization is addressed as having spline order 6 where the pose spline is initialized
with 4862 knots to 5062 knots with 10143 design variables and 168722 error terms. The camera- IMU
process optimizes on a Jacobian matrix of size 418526 x 45627 using back-to-back Block-Cholesky
as the linear system solver and Levenberg-Marquardt [104] as the trust region policy.

The camera- IMU calibration provides the following extrinsic estimates are shown in Table 3.7.

The last column top 3 x 1 of both T,;, T;. represents the position p.;, p;- respectively between

the frames. The spatial estimates are within reason as a simple measure with the ruler gives

55



bias (m/s?)

bias (m/s?)

approximately these values. As for the temporal calibration, as the SCAMP-5 FPSP was done

with recorded images outputting at 30 FPS the time offset is as expected, to be —0.0264 s which

translates to —37.87 Hz difference. Outputting at 300 FPS the time offset is then as expected

—0.0033 s which is a —303.03 Hz difference. With both the spatial and temporal calibration done,

the parameters must now be verified.

Camera-IMU SCAMP-5 FPSP Calibration Extrinsics (Transformations and Time Offsets)

T,; (IMU to SCAMP-5 FPSP)

T;. (SCAMP-5 FPSP to IMU)

—0.9991 0.0074 0.0410 0.0038

—0.0065 —0.9997 0.0236 0.0639

0.0412  0.0233 0.9989 —0.0234
0 0 0 1

—0.9991 —-0.0065 0.0412 0.0052

0.0074  —0.9997 0.0233 0.0644

0.0410  0.0236 0.9989 0.0217
0 0 0 1

Time Offset from SCAMP-5 FPSP to IMU (with Camera at 30 FPS): —0.0264 s
Time Offset from SCAMP-5 FPSP to IMU (with Camera at 300 FPS): —0.0033 s

Table 3.7: Camera- IMU calibration: transformation, time offset extrinsics between the SCAMP-5 FPSP and IMU. Last 3 x 1 are pc;, pic-
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Figure 3.15: Accelerometer (left) bias and gyroscropic (right) bias estimates optimized in camera- IMU calibration.

To verify the accuracy and robustness of the camera- IMU extrinsic calibration, in taking the

IMU intrinsic estimates from the IMU-alone calibration process, take them as the first estimate and

in allowing the camera- IMU calibration process to optimize further, see that the further estimated

and joint-optimized accelerometer and gyroscopic biases reside well within the o-error bound in

dashed red over the trajectory path. As the estimates oscillate, that they reside within the error
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margin means that the intrinsics were done correctly so that the camera- IMU calibration estimates
remain smoothly in the bound, not jerking outside along the trajectory. Further, see that the the
white noise error of the IMU accelerometer and gyroscope after the camera- IMU estimates are

within the 3¢-error bound.
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Figure 3.16: Camera- IMU calibration: accelerometer (left) and gyroscopic (right) bias intrinsics error are within the 3o-error bound.

The camera- IMU calibration now provides error margins on the estimates in the prior calibra-
tion steps, having jointly optimized both. The reprojection error maintains less than one-pixel error

shown in Table 3.8.

Normalized Residuals Residuals

Mean Median Std Mean Median Std

Reprojection error (SCAMP-5 FPSP) 0.2249  0.2045 0.1342 0.2249 0.2045 0.1342

px px px px px px
Gyroscope error (IMU) 0.1405 0.1275 0.0766 0.0022 0.0020 0.0012
rad/s rad/s rad/s rad/s rad/s rad/s
Accelerometer error (IMU) 0.3197 0.2716 0.2251 0.0563 0.0478 0.0397
m/s? m/s? m/s? m/s? m/s? m/s?

Table 3.8: Camera- IMU calibration: normalized and raw residuals for reprojection error and gyroscopic and accelerometer errors.

Having verified the accuracy of the estimates of the camera- IMU calibration, see further that
the intrinsics along with the extrinsics output poses that have high stability in both the SCAMP-5
FPSP camera and IMU frames. This is a trajectory path that excites all IMU axes whilst moving a

camera along tracking features from the calibration Aprilgrid target.
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Figure 3.17: Estimated poses by SCAMP-5 FPSP (left) and IMU (right) by camera- IMU calibration algorithm.

3.11 Experimental Results: BIT-VO at 300 FPS, IMU at 400 Hz

The proposed BIT-VIO algorithm is now tested on a moving robotic system where the VO is running
fast at the full capable 300 FPS with predictions from 400 Hz IMU measurements. With no
bottleneck on BIT-VO high framerate now in swapping out the low frequency outputting UM7 and
MPU-9250 IMUs, as well coupled now with proper camera- IMU calibration, what is needed now
in this section is to measure the expected improvement in the performance of the robotic system.
Evaluations are done again against ground-truth data from the Vicon motion capture system. As
stated prior in the initial attempts in working the framework, both BIT-VO and BIT-VIO assume a
fast frame rate, hence small inter-frame motion, the method cannot be evaluated using a standard
benchmark dataset for direct comparison with other methods. Like before, BIT-VIO is evaluated
on eight real-world trajectories against BIT-VO. These trajectories are, again, designed to mimic
practical applications and are a compilation of Circular, Straight, Curved, and Zigzag trajectories.
Again, like before, the recorded trajectories are aligned and scaled to the ground-truth trajectory
as the setup is monocular. BIT-VO and BIT-VIO use a host device to perform the visual odometry
backend, and for the host device, an external laptop with 13th Gen Intel Core i7-12700 CPU is
used, different from the prior approaches with the other IMU cases, with a more computationally

efficient processor needed for the processing power for high frame rate estimation.
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3.11.1 Accuracy and Robustness Results

Finally, the performance of BIT-VIO with an IMU at 400 Hz is evaluated. As the translational ATE
shows in Table 3.9, it is evident that the accuracy and robustness of the algorithm improved over

the prior lower rate IMU cases, in looking over just the translational context.

Translational ATE with IMU at 400 Hz, BIT-VO at 300 FPS

Traj. Type BIT-VO ATE (m) BIT-VIO ATE (m)
1 RMSE: 0.215732 0.167631
median: 0.170214 0.152106
2 RMSE: 0.134617 0.12071
median: 0.119079 0.111856
3 RMSE: 0.094479 0.086911
median: 0.07561 0.068756
4 RMSE: 0.175323 0.153335
median: 0.174444 0.140952
5 RMSE: 0.206866 0.195263
median: 0.15714 0.149103
6 RMSE: 0.134361 0.134328
median: 0.116587 0.124618
7 RMSE: 0.132624 0.10535
median: 0.125924 0.095664
8 RMSE: 0.10864 0.104366
median: 0.089689 0.08788

Table 3.9: Translational ATE comparison of BIT-VIO and BIT-VO. The lower ATE is emphasized in bold.

As shown in Table 3.9, when incorporating an IMU, the state generally enhances its estimation
with a more accurate trajectory, showcasing lower RMSE and median closer to the ground-truth
values. Traj. 1 and 2 are Circular and Curved, Traj. 3 is Straight, and the rest are combinations
of all with Zigzag. Focusing specifically on Traj. 1 and 2, the ATE difference between BIT-VO and
BIT-VIO is nearly 0.02 — 0.03 m, compared with the lower ranged difference of the prior lower rate
IMU cases that had a difference of only about 0.009 m. This error margin is greater, and is more
frequently and consistently closer to ground-truth over the prior cases.

Next, in evaluating the rotational ATE in Table 3.10, the trend is maintained the same as the

translational. As RTE is an allocation of the deviation of the estimate from ground-truth, see how
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in Traj. 1 how both BIT-VO and BIT-VIO have large accumulated rotational error over the fast,
hostile motions done along the trajectory path, yet there is nearly a 52° difference with BIT-VIO
rotational error consistently lower than prior BIT-VO. Traj. 5 and 7 are the same, where in the
rotational context, tracking is more accurate and robust in the BIT-VIO algorithm. In all Traj.
1-8, the difference is distinguishable even in Traj. 2 and 6 where BIT-VO tracks better with lower

rotational RTE than BIT-VIO, and this is the instances where these trajectories have a poorer ATE

for BIT-VIO.
Rotational ATE with IMU at 400 Hz, BIT-VO at 300 FPS
Traj. Type BIT-VO ATE (deg) BIT-VIO ATE (deg)
1 RMSE: 130.88853 80.37104
median: 134.07423 82.10670
2 RMSE.: 24.24767 21.49025
median: 23.16826 20.83190
3 RMSE: 8.96942 14.21910
median: 8.29516 13.43212
4 RMSE.: 69.37594 54.37606
median: 68.96894 54.31473
5 RMSE: 122.33199 81.82867
median: 125.33160 82.55529
6 RMSE: 16.21884 22.28823
median: 15.26092 21.42191
7 RMSE: 42.62543 12.80740
median: 41.03315 11.04883
8 RMSE: 20.58872 18.12338
median: 20.53628 18.17582

Table 3.10: Rotational ATE comparison of BIT-VIO and BIT-VO in degrees. The lower ATE is emphasized in bold.

For both the translational and rotational ATE for this higher frequency IMU case with FPSP-
vision BIT-VO at its full 300 FPS, more consistently shows the BIT-VIO algorithm as outperforming
with less absolute error over the prior method, closer to ground-truth in tracking. The other IMU
cases had bottlenecks in performance, as well as greatly limited the full advantages of the FPSP.
With proper calibration and better sensor modalities, BIT-VIO is operating as intended.

Now, looking at the local relative trajectory error, and in evaluating the translational RTE shown

in Table 3.11, it is clear that the accuracy and robustness of the BIT-VIO algorithm dominates over
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prior BIT-VO. Here, taking A = 0.0001 m, the relative trajectory error measures the local error
between nearly successive points along the trajectory path. As expected, for all Traj. 1-8, the local
drift error is larger for BIT-VO and smaller for the corrected framework by BIT-VIO. Specifically for
Traj. 7, the larger RTE of BIT-VO over the small BIT-VIO is shown visually in the error mapping

and noise variation subsections next.

Translational RTE with IMU at 400 Hz, BIT-VO at 300 FPS with A = 0.0001 m

Traj. Type BIT-VO RTE (m) BIT-VIO RTE (m)
1 RMSE: 0.015884 0.001138
median: 0.009612 0.000920
2 RMSE: 0.013175 0.001607
median: 0.007837 0.000523
3 RMSE: 0.007075 0.001443
median: 0.004895 0.000462
4 RMSE: 0.007320 0.001058
median: 0.005190 0.000337
5 RMSE: 0.014288 0.001264
median: 0.008916 0.000526
6 RMSE: 0.007876 0.001275
median: 0.005932 0.000408
7 RMSE: 0.007931 0.000800
median: 0.005917 0.000532
8 RMSE: 0.012996 0.000932
median: 0.007453 0.000472

Table 3.11: Translational RTE comparison of BIT-VIO and BIT-VO in degrees. The lower RTE is emphasized in bold.

Next, in evaluating the rotational RTE in Table 3.12, like in the rotational ATE, the trend is
maintained the same as the translational. The local rotational error for A = 0.0001 m between
nearly successive points along the trajectory path shows how vision BIT-VO estimate, as expected,
is greater than the corrected estimate, even more so in the rotational context as rotational tracking
is robust even soley using IMU measurements alone. The larger RTE of BIT-VO has to do with its
higher frequency noise, hence local drift. Traj. 8 noise variation is discussed.

Like with translational and rotational ATE, the RTE shows how BIT-VIO has lower local drift
than the FPSP-vision BIT-VO to ground-truth. This is expected, as sensor fusion with the high

frequency IMU measurements correct the spatial drift provided by the vision measurements.
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This method uses high frequency IMU along with the high frame rate capability of BIT-VO over

the other IMU cases. So, both ATE and RTE are shown to be less for the BIT-VIO algorithm.

Rotational RTE with IMU at 400 Hz, BIT-VO at 300 FPS with A = 0.0001 m

Traj. Type BIT-VO RTE (deg) BIT-VIO RTE (deg)
1 RMSE: 0.417609 0.065281
median: 0.267496 0.021067
2 RMSE: 0.464772 0.119347
median: 0.313887 0.024954
3 RMSE: 0.007075 0.001443
median: 0.004895 0.000462
4 RMSE: 0.221387 0.085660
median: 0.155030 0.015796
5 RMSE: 0.402258 0.069330
median: 0.265461 0.016976
6 RMSE: 0.251571 0.068593
median: 0.202932 0.014952
7 RMSE: 0.333434 0.060890
median: 0.263394 0.017005
8 RMSE: 0.297526 0.091247
median: 0.195866 0.014956

Table 3.12: Rotational RTE comparison of BIT-VIO and BIT-VO in degrees. The lower RTE is emphasized in bold.

3.11.2 Root-Mean-Square Error Results

VIO benchmarking to ground-truth is not only done by evaluation metrics on the ATE and RTE
but also by RMSE plots. See that in the case of Traj. 7 in Fig. 3.18, it is shown, as expected,
that IMU-alone accumulates error and drifts away from ground-truth data, as shown in the large
translational (left three) and rotational RMSE (right three). Comparing the translational with the
rotational RMSE, it is evident that the differences in the error between BIT-VO, IMU-alone and
BIT-VIO can be small at instances along the trajectory path, and so that is why this thesis emphasizes
more on showcasing the translational ATE to study further the performance of BIT-VIO over the
other instances. In the rotational RMSE plots, the differences in the error is not as great and it
clearly shows how BIT-VIO has lowest error, indicative of being closer to ground-truth than the

latter two. The rotational ATE trend is as expected, showcased in the rotational RMSE plots.
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Figure 3.18: Plots of the estimated translational RMSE (left) and rotational RMSE (right) for Traj. 7 from Table 3.11 and Table 3.12.
For both translation and rotation, BIT-VIO is much closer and smoother to ground-truth data than IMU-alone and BIT-VO. The drift of
the IMU-Alone is very evident, as well as the high-frequency noise of BIT-VO.

These translational and rotational RMSE plots can be further expressed as total RMSE plots,
which further showcase the absolute accuracy and robustness of BIT-VIO over BIT-VO and IMU-
alone. In doing so, it is clear that BIT-VIO has the largest RMSE compared to BIT-VO and BIT-VIO.
The BIT-VIO algorithm fixes this IMU error drift, using the BIT-VO update to align it closer to
ground-truth data, hence why its RMSE is the lowest of the three. This is true in both the total
translational and rotational context, where it can be seen that in the plots of Fig. 3.18, BIT-VIO
RMSE generally resides much more below both IMU and BIT-VO. The total RMSE plots imply that
BIT-VIO is generally more accurate and robust over FPSP visual odometry and IMU-alone.

To add, the BIT-VIO algorithm deals well with fast, hostile motions, covering the main limitation
of the prior work BIT-VO with the high-frequency noise on its predicted trajectories. BIT-VIO not
only maintains itself closer to ground-truth trajectory but also tracks smoothly with less noise,

especially in more violent, quick, hostile motions. This is true for all RMSE plots for all Traj. 1-8.
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Figure 3.19: Plots of the total estimated translational RMSE (left) and rotational RMSE (right) for Traj. 7. For both the total translation
and rotation too, BIT-VIO consistently maintains total less error than prior BIT-VO and IMU-alone, being always maintained less in
error along the trajecory path.

3.11.3 Error Mapping and Noise Variation Results

Lastly, a study on the error projected onto the estimate trajectories provided by BIT-VO and BIT-VIO
with respect to ground-truth, as well as their associated noise variation in-time is done. See that
doing error mapping qualitatively gives further insights into the magnitude of the high-frequency

error present in BIT-VO and how much is removed by the BIT-VIO algorithm.
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Figure 3.20: Projection of Traj. 8 from Table 3.11 onto zz-plane for BIT-VO (left) and BIT-VIO (right). Observe that BIT-VO suffers
from high-frequency noise when compared to BIT-VIO’s estimates, although the overall RMSE ATE are similar.

Take, for instance, Traj. 8, projecting the trajectory error first for BIT-VO on ground-truth as
shown in Fig. 3.20 (left). The high frequency noise is evident especially in the red tip regions near

the ends of the trajectory, peaking at an ATE of 0.3017 m, violently oscillating about ground-truth.
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In projecting for BIT-VIO on ground-truth shown in in Fig. 3.20 (right), the high-frequency error
is subsided and removed, estimating closer to ground-truth whilst maintaining tracking stability.
The ATE peaks only at 0.216 m which is comparably much lower in error than BIT-VO. In the same
tail-end region where BIT-VO had that high ATE, for the BIT-VIO algorithm, the ATE error is
within the median of a small bound around 0.118 m. Generally, it can be said that in the fast hostile
motion of on Traj. 8, see fewer regions of large ATE error, indicated in red, as is shown on prior

trajectory of BIT-VO.

0.225
—— ATE(m)
0-30 —  mean 0.200
—— median
0.25 — Imse 0.175
4
0.150
0.20
E E 0125
w 0.15 w
'_
= % 0.100
0.10 0.075
0.05 0.050
0.025
0.00
0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14
t(s) t(s)
max
mean
median

min

rmse

== BIT-VO
= B|T-VIO

std

0.00 0.05 0.10 0.15 0.20 0.25 0.30
ATE (m)

Figure 3.21: ATE allocation and noise variation over time for BIT-VO and BIT-VIO (top left, right). More detailed metrics (bottom).
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Showing now the mapped noise variation in time on Traj. 8, the ATE of BIT-VO in Fig. 3.21
(top left) is not stable, protruding with high frequency noise, varying greatly from a median of
0.08968 m. In doing so with the ATE in time of BIT-VIO in Fig. 3.21 (top right), the median error
is a lower 0.0878 m, with far greater stability. The noise variation of Traj. 8 between BIT-VO and
BIT-VIO shows how the BIT-VIO algorithm error upper-bound is smaller at 0.2157 m than BIT-VO
which is a larger value at 0.3170 m. Better shown in Fig. 3.21 (bottom), it is clear of the difference
between the two. In other aspects too, namely the mean, RMSE and Standard Deviation (STD),

BIT-VIO maintains smaller error over its trajectory when comparing to the BIT-VO estimate.
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Figure 3.22: Full 6- DoF Tracking Comparison: BIT-VIO and BIT-VO with more noise variation for BIT-VO. This is Traj. 8.

As a final note on the noise variation, what is shown now is Traj. 8 expressed in terms of its
full 6- DoF, shown in Fig. 3.22. The rotational noise variation high frequency trend propagated by
BIT-VO when compared to BIT-VIO is the same as the translational. Though, emphasizing that with
its translational parts, there is noticeably more noise and further shown from ground-truth than its
rotational counterpart, hence why the translational part was focused more throughout this thesis,

especially in the other IMU cases.
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Figure 3.23: BIT-VIO and BIT-VO trajectories in 3D space, where the robustness and accuracy of the estimates is very clear, with BIT-VO
having large noise variation compared with BIT-VIO to ground-truth. Traj. 8 (top left) other Traj.
In mapping the trajectories in their full 3D space, the noise variation coming from BIT-VO is
even more Vvisibly silenced by BIT-VIO shown in Fig. 3.23. The error mapping and noise variation
trend of BIT-VIO having less overall error over BIT-VO generally and in time, is the same for all

other trajectories Traj. 1-8. BIT-VIO stabilizes the high frequency noise of prior BIT-VO.
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3.12 Visual Front-End Processing Performance on FPSP

Having now presented the experimental results of the full 6- DoF BIT-VIO algorithm at the full
frame rate capability, an extensive study on the algorithmic execution timing/frame, accuracy,
memory usage and power consumption of the visual front-end processing performance on the FPSP
is done. Comparisons are done between the SCAMP-5 FPSP and the Intel D435i RealSense Camera.
Note, the IMU is not used here like before and what is focused strictly on is using only the visual
front-end processing parts associated with each camera.

Evaluated is executions in real-time of three associated algorithms to the BIT-VIO algorithm
— these include Sobel Edge Detection, Laplacian Edge Detection and FAST-16 Corner Feature
Extraction. As well, Motion Detection by background subtraction [89], [84], [105].

Note, the BIT-VIO algorithm used primarily the Sobel Edge Detection, but the Laplacian Edge
Detection can also be swapped out and utilized. Results below will show that using either or makes

little or no discernible difference, so Sobel is used for the sake of simplicity.

3.12.1 Parameterizing on Each Visual Front-End Algorithm

For Sobel and Laplacian edge detection, the kernel size k x k is used as the parameter metric
when measuring the performance of each edge detection algorithm on both the FPSP and Intel
RealSense. For FAST-16 Corner Feature Extraction, the gray-level pixel value threshold ¢ (which
is used to detect if a corner candidate p is a corner if there exists a set of n = 10 — 12 contiguous
pixels in the 16-pixel circle which are all brighter than the intensity of the candidate pixel I, plus
a threshold, so I, + t [89], [84], [105]) is used as the parameter metric when measuring the
performance of the FAST algorithm on both the FPSP and Intel RealSense. Further, a study
on 3 different profiles based on different readout modes of FAST will be done in measuring the
performance of the FPSP. For Motion Detection, gray-level pixel value threshold ¢ (by input of
a global value to an analog-register image (each PE has six analog registers capable of storing
a real-valued variable)) is used as the parameter metric when measuring the performance of the
Motion Detection algorithm on both the FPSP and Intel RealSense. On the Intel RealSense, what
was used was the Gaussian Mixture-based MOG2 Background Subtractor [106], [107], and the
K-Nearest Neighbors (KNN) Background Subtractor [108].
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3.12.2 Execution Timing/Frame, Accuracy, Memory Usage, Power Consumption

As a fair benchmark, these cameras are mounted on each other, seeing essentially the same scene.
Both cameras compile the algorithms in C+ + code for optimal program execution and runtime (in
comparison to other programming languages such as Python). All core code is in C++ with code
being transferred to the SCAMP-5 and performing separate to the Lenovo P43s host PC or external
computer.

Execution time/frame is measured using the FMT library and the Timer.h function. This is
really processing time per frame while running the system. On both the SCAMP-5 FPSP camera
and the Intel RealSense take the image frames in a loop, so each iteration the processing time is
measured.

Accuracy is measured by ground-truth comparison with AprilTags (of varying sizes but specifi-
cally 6 x 6 as the larger is better for use in detection and tracking in these algorithms). AprilTags
are not usually used here, but chose them as they have easily discernible edges (for Sobel and
Laplacian) and corner features (for FAST-16 [89], [84], [105]).

Memory usage is measured by the getrusage() function based on maximum resident set size.
”Maximum RSS” means the maximum of the RSS since the process’s birth, i.e., the largest it has ever
been. So, this number tells you the largest amount of physical memory the processing algorithm
has ever been using at any one instant.

Power consumption is measured by the KEWEISI USB detector in-out in which connect the
SCAMP-5 FPSP and Intel RealSense through before connection to the host PC or external computer
(that is Lenovo P43s host or external computer for the SCAMP-5 FPSP camera technology and Intel
NUC for the Intel RealSense). Also measured by the powertop and htop libraries (specifically for

the Intel RealSense).

3.12.3 Sobel and Laplacian Edge Detection FPSP Performance

Note, k = 3 is fixed on SCAMP-5 FPSP as the image-plane is 256 x 256, constraining the size output
of the kernel k x k. k = 3 best showcases the nearest-neighbour PE- SIMD architecture of the FPSP

and should be used as the basis when comparing with conventional cameras.
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For Sobel, the execution time/frame on the SCAMP-5 FPSP goes from 17628.61 us/frame
at 30 FPS to 416.77 us/frame at 300 FPS. For increasing Sobel kernel sizes k& x k on the Intel
RealSense, go from 5826.37 us/frame at k = 3 to 14379.6 us/frame at k = 7 at fixed 30 FPS. As for
Laplacian, the execution time/frame on the SCAMP-5 FPSP goes from around the same 17671.83
us/frame at 30 FPS to 440.125 us/frame at 300 FPS. For increasing Laplacian kernel sizes k& x k
on the Intel RealSense, start smaller going from 3434.63 us/frame at k& = 3 to a smaller value of
8138.19 us/frame at k = 7 at fixed 30 FPS. There is a drastic improvement on the SCAMP-5 FPSP
when increasing the FPS. On it, Sobel and Laplacian kernel computation is optimizing execution
time/frame using the SIMD architecture with only its few set instructions [1]- [18] (for instance,
a horizontal Sobel edge detection kernel requires 30 machine-level instructions [1]). It should be
noted that after a certain point on the SCAMP-5 FPSP (around the 90 FPS cutoff), the execution

time/frame does not improve any more so, though.

) Power Consumption
Ext. time/frame | Memory usage (bytes)
/CPU Usage
SCAMP-5 30 FPS 17628.61 us 51/1024 @ 0x100809ec 0.0256 W
60 FPS 1027.265 us 51/1024 @ 0x100809ec 0.0374 W
90 FPS 399.7965 us 51/1024 @ 0x100809ec 0.0292 W
180 FPS | 435.25 us 51/1024 @ 0x100809ec 0.0287 W
300 FPS | 416.7788 us 51/1024 @ 0x100809ec 0.0293 W
95964 (start with 210.32 top),
IRS D435i | k=3 5826.37 1is (start with) ms/s (powertop)
+ 87888 (increase) bytes | 236.18 % (htop)
k=5 11231.67 s 95964 (start with) 457.52 ms/s (powertop),
+ 88388 (increase) bytes | 246.62 % (htop)
k=7 14379.6 is 95964 (start with) 194.46 ms/s (powertop),
+ 88388 (increase) bytes | 254.94 % (htop)

Table 3.13: Sobel done on the SCAMP-5 FPSP by varying FPS - showcasing execution time, memory usage and power consumption.
Also shown is the Intel RealSense with parameterization by Sobel kernel sizes k x k (k = 3 is fixed on SCAMP-5 FPSP).

The accuracy of ground-truth comparison particularly of the Laplacian on the SCAMP-5 FPSP
is affected by the analog operations done on the registers of each PE. The analog registers bring the

problems of decaying over time and accumulate errors when copying and adding set instructions
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are done (which Laplacian needs). Despite this, the SCAMP-5 FPSP is able to obtain sufficien-
t/satisfactory results. It is much more cleaner and well-defined on the Intel RealSense. Note, the
comparison made was assuming the 30 FPS and Sobel and Laplacian kernel size k£ = 3 case.

For Sobel, the memory usage on the SCAMP-5 FPSP is 51 bytes on all FPS. For Laplacian,
on it is a lot lower in usage being 29 bytes on all FPS. It is using a ARM Cortex M4 + MO dual
core [18], 204 MHz chip set where Sobel and Laplacian are allocated on the M0O. The SCAMP-5
FPSP limits itself in memory allocation based on its design. For Sobel, as for the Intel RealSense,
it is with the Intel NUC and Sobel allocates 95964 bytes (at start) with 87888 bytes (for maximal
increase). For Laplacian, it allocates with 96128 bytes (at start) with 82212 bytes (for maximal
increase). Memory allocation is not a problem with this because it makes use of the entire host PC

or external computer.

] Power Consumption
Ext. time/frame | Memory usage (bytes)
/CPU Usage
SCAMP-5 | 30 FPS | 17671.83 us 29/1024 @ 0x100809ec | 0.0256 W
60 FPS | 945.4 us 29/1024 @ 0x100809ec | 0.0292 W
90 FPS | 434.8125 us 29/1024 @ 0x100809ec | 0.0287 W
180 FPS | 493.8125 us 29/1024 @ 0x100809ec | 0.0293 W
300 FPS | 440.125 us 29/1024 @ 0x100809ec | 0.0293 W
96128 (start with 383.76 top),
IRS D435i | k=3 3434.63 s (start with) ms/s (powertop)
+ 80336 (increase) bytes | 224.58 % (htop)
k=5 4663.37 yis 96128 (start with) 202.64 ms/s (powertop),
+ 81128 (increase) bytes | 228.16 % (htop)
Ke7 8138.19 is 96128 (start with) 306.40 ms/s (powertop),
+ 82212 (increase) bytes | 240.12 % (htop)

Table 3.14: Laplacian done on the SCAMP-5 FPSP by varying FPS - showcasing execution time, memory usage and power consumption.
Also shown is the Intel RealSense with parameterization by Laplacian kernel sizes k x k (k = 3 is fixed on SCAMP-5 FPSP).

For Sobel and Laplacian, the power consumption on the SCAMP-5 FPSP increases as FPS
increases (for Sobel, maximal at 0.0374 at 60 FPS). Despite this, comparably this is still low power
operation with the advantage of higher FPS. The Intel RealSense the CPU usage performs worse.

Note, it does not improve or worsen when varying the Sobel and Laplacian kernel sizes k x k even.
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Figure 3.24: Accuracy of ground-truth comparison of Laplacian on the SCAMP-5 FPSP (left) compared with Intel RealSense (right).

3.12.4 FAST-Corner Feature Extraction FPSP Performance

For FAST [89], the execution time/frame on the SCAMP-5 FPSP does not change as much as it is
16791.13 us/frame at 30 FPS to 16609.8 us/frame at 300 FPS at fixed 1000 keypoints. There seems
to be no effect of the FPS on the execution time. Despite this, on the Intel RealSense, average at a
much higher 33634.67 us/frame but this is at a much higher 17464.94 keypoints. Merely varying the
FPS on the SCAMP-5 FPSP is not enough to improve the execution time. It should be noted that
for FAST on the SCAMP-5 FPSP, its event-readout infrastructure is used to scan the coordinates
of 1s in the 256 x 256 image [89]. These are in the digital registers. The time cost is generally less
because only the coordinates are outputted not the entire image as the Intel RealSense does.

The accuracy of ground-truth comparison is that both the SCAMP-5 FPSP and Intel RealSense
are able to keep hold and track the 1000 and 17464.94 keypoints respectively on the AprilTags, but
the advantage of the SCAMP-5 FPSP is that in incredibly high FPS there is no motion blur and it
is able to still track with high degree.

For FAST [89], the memory usage on the SCAMP-5 FPSP is 282 bytes on all FPS which is
significantly larger because each pixel in the 256 x 256 image is checked to be seen as feature
corner and each requires thresholding, saving and counting of 10 pixels in a circle to the candidate
corner [89], [84], [105]. Despite this, FAST on the SCAMP-5 FPSP uses the parallel SIMD
architecture and each PE does it in parallel [1]- [18]. Different than the others, the feature map
of FAST is post-processed meaning that not all the processing is done on the SCAMP-5 FPSP, but

most of it just to alleviate on the system.
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Power Number
) Memory .
Ext. time/frame Consumption of Events
usage (bytes) .
/CPU Usage /Keypoints
282/1024 1000
SCAMP-5 | 30 FPS 16791.13 us 0.0212 W
@ 0x10080ba0 keypoints
282/1024 1000
60 FPS 16653.5 us / 0.0297 W
@ 0x10080ba0 keypoints
282/1024 1000
90 FPS 16656.63 s / 0.0286 W
@ 0x10080ba0 keypoints
282/1024 1000
180 FPS | 16668.19 us 0.0272 W
@ 0x10080ba0 keypoints
282/1024 1000
300 FPS | 16609.88 us 0.0287 W
@ 0x10080ba0 keypoints
. 355/1024 1000
Profile 1 | 2501.188 us 0.0340 W
@ 0x10080ba0 keypoints
355/1024 1000
Profile 2 | 804.4375 us / 0.0367 W
@ 0x10080ba0 keypoints
. 355/1024 1000
Profile 3 | 2392.875 s 0.0251 W )
@ 0x10080ba0 keypoints
96008
(start with) 509.3 ms/s
) 17464.94
IRS D435i 33634.67 us + 77160 (powertop), i
) keypoints
(increase) 291.62 % (htop)
bytes

Table 3.15: FAST done on the SCAMP-5 FPSP (fixed at 1000 keypoints) by varying FPS - showcasing execution time, memory usage
and power consumption. Also shown is the Intel RealSense conventional camera technology. Show SCAMP-5 FPSP profiles 1 — 3.
(profile 1 is 480 FPS with dithering grayscale image, profile 2 is 1000 FPS with no image transmission and profile 3 is 120 FPS with
1 500th exposure of a low-resolution image).
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Figure 3.25: Accuracy of ground-truth comparison of FAST on the SCAMP-5 FPSP (left) compared with Intel RealSense (right).

For FAST [89], [84], [105], the memory usage on the Intel RealSense, it is with the Intel NUC
and it allocates 96008 bytes (at start) with a smaller 77160 bytes (for maximal increase). This is
comparably not much, memory is allocated just enough for 17464.94 keypoints and because it does
not vary too much from this.

The power consumption on the SCAMP-5 FPSP maximizes at 0.0297 W at 60 FPS. See that it
does so and brings the minimum execution time/frame too compared to all FPS. There seems to be
a relation between power consumption and execution time. On the Intel RealSense the CPU usage
is a lot 509.3 ms/s (on powertop) and 291.62% percentage of CPU usage (on htop).

The SCAMP-5 FPSP advantages can be exploited better via the special profiles 1-3. See that in
profile 1 (very left) dealing with 480 FPS with dithering grayscale image transmission (meaning the
grayscale 256 x 256 image is processed and made binary). The execution time/frame on the SCAMP-
5 FPSP drastically improves going to 2501.188 us/frame and this is because dithering binarizes the

256 x 256 image so that thresholding, saving and counting of 10 pixels in a circle to the candidate
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corner [89], [84], [105] is done more easily for the system. For profile 2 (center) dealing with
1000 FPS without image transmission at all (meaning that only the coordinates of are outputted,
no image at all). The execution time/frame on the SCAMP-5 FPSP is most optimal at 804.4375
us/frame and this is because the event-readout infrastructure is fully exploited to only output the
coordinates of 1s in the 256 x 256 image. The time cost is optimized, no image transmission is done
and take only the information needed to track the corner features. For profile 3 (very right) dealing
with 120 FPS with 1/500th the exposure of a low-resolution image. The execution time/frame on
the SCAMP-5 FPSP is maintained and better but is slightly better than profile 1.

The accuracy ground-truth comparison of profiles 1-3 on the SCAMP-5 FPSP is maintained on

the AprilTags for all profiles, there is no difference.

Figure 3.26: Profile 1 is 480 FPS with dithering grayscale image, profile 2 is 1000 FPS with no image transmission and profile 3 is 120
FPS with 1 500th exposure of a low-resolution image. All from SCAMP-5 FPSP.

The memory usage on the SCAMP-5 FPSP is greatest at 355 bytes on all profiles which is
significantly largest. The power consumption on the SCAMP-5 FPSP maximizes at 0.0340 W for
profile 1 and 0.0367 W for profile 2. For both, this is because for profile 1, dithering the grayscale
image and for profile 3, scaling the exposure. For profile 2 not taking in the image transmission
requires flagging on the PE registers to not take in which takes memory and more power in order

to do.
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3.12.5 Motion Detection FPSP Performance

For Motion Detection, the execution time/frame on the SCAMP-5 FPSP goes from 33232.21
us/frame at 30 FPS to 3258.458 us/frame at 300 FPS. For KNN-Background Subtraction [108]
on the Intel RealSense, average at 12036.7 us/frame and for MGO2-Background Subtraction [106],
[107] get a higher 18725.5 us/frame at fixed 30 FPS. Again, improvement on the SCAMP-5 FPSP
when increasing the FPS. Making full use of the parallel SIMD architecture, simple subtraction
of two frames, where the last being stored in each PE is easily done. On the Intel RealSense,
chose to use the more sophisticated and efficient KNN [108] and MGO2-Background Subtraction
[106], [107] ( KNN-Background Subtraction [108] being optimal between the two). Despite this,
SCAMP-5 FPSP is still advantageous with its effect of increasing FPS.

The accuracy of ground-truth comparison is that the SCAMP-5 FPSP is able to track motion of
a hand and AprilTags with high degree. It does not obstruct or take in the background unlike the
on the Intel RealSense, as the AprilTags are moved in the foreground (most apparent in the error

of motion detected with MGO2-Background Subtraction [106], [107]).

Power
) Memory .
Ext. time/frame Consumption
usage (bytes)
/CPU Usage
SCAMP-5 30 FPS 33232.21 us 23/1024 @ 0x100809f4 0.0237 W
60 FPS | 16558.17 us 23/1024 @ 0x100809f4 0.0245 W
90 FPS | 11006.38 us 23/1024 @ 0x100809f4 0.0240 W
180 FPS | 5462.042 us 23/1024 @ 0x100809f4 0.0238 W
300 FPS | 3258.458 us 23/1024 @ 0x100809f4 0.0255 W
95376 (start with 148.86 top),
IRS D435i | KNN 12036.7 us (start with) ms/s (powertop)
+ 249156 (increase) bytes | 473.32 % (htop)
MOG2 18725.5 s 95876 (start with) 579.16 ms/s (powertop),
+ 274452 (increase) bytes | 680.24 % (htop)

Table 3.16: Motion Detection done on the SCAMP-5 FPSP by varying FPS - showcasing execution time, memory usage and power
consumption. Also shown is the Intel RealSense conventional camera technology with parameterization by Gaussian Mixture-based
MOG2 Background Subtractor [106], [107], and the KNN Background Subtractor [108]. KNN is an imperative and popular approach
in learning and segregating patterns present in sensor data [109].
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For Motion Detection, the memory usage on the SCAMP-5 FPSP is 23 bytes on all FPS. For
KNN-Background Subtraction [108] on the Intel RealSense, it is with the Intel NUC and it allocates
95376 bytes (at start) with a large 249156 bytes (for maximal increase). With MGO2-Background
Subtraction [106], [107], it allocates 95876 bytes (at start) with a much larger 274452 bytes (for
maximal increase). It should be noted that the host or external PC allocates more to the program
after run for KNN [108] and MGO2-Background Subtraction [106], [107], more than starting. It
is required, whereas the SCAMP-5 FPSP maintains 23 bytes despite its limited memory.

The power consumption on the SCAMP-5 FPSP does not change as FPS increases and is
maintained. On the Intel RealSense the CPU usage is much more on the host or external computer
with MGO2-Background Subtraction [106], [107] being worst at 579.16 ms/s (on powertop) and

680.24% percentage of CPU usage (on htop).

Figure 3.27: Accuracy of ground-truth comparison of Motion Detection on the SCAMP-5 FPSP (first 2 x 2) compared with Intel
RealSense D435i (column to the right of center-line is KNN-Background Subtraction [108] and to the far right is MGO2-Background
Subtraction [106], [107]).
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Chapter 4

Conclusions and Future Works

In this chapter, the work presented in this thesis is summarized, along with its contributions and
significance, as well as its potential avenues for future works. The thesis is summarized in Sec. 4.1,
providing an overview of the entire work. Then, significance of the work is restated in Sec. 4.2.
The thesis ends in Sec. 4.3 with a detailed discussion of extensions that can be made to this work

and its importance to the future.

4.1 Summary and Main Contributions

The high frame-rate nature and selective feature-outputting aspect of SCAMP-5 opens up the
possibility for many interesting applications. Most interestingly, is SCAMP-5’s use-case in fast,
hostile, more complex state estimation algorithms. The reduced power consumption and latency
associated with VO and VIO are becoming increasingly important as future mobile devices are
anticipated to require rich and accurate spatial understanding capabilities [110]. The problem
which SCAMP-5 FPSP addresses is how, currently, conventional camera technology typically
operates at 30-60 FPS and transfers a non-trivial amount of data from the sensor to the host
device. This thesis has done an extensive literature review on FPSP technology, specifically
SCAMP-5, and gone over its applications to broader robotics and mobile systems. It presented
a design and implementation of a 6- DoF VIO algorithm which utilizes the advantages of the
FPSP for vision- IMU estimation. As an initial attempt, the framework with different IMU cases
is explored, attempting with approximated calibration intrinsics and extrinsics and lower IMU
frequency rates. Then, a framework with proper visual-inertial calibration process is discussed

ending with experimental results, and then a study on the visual front-end processing performance.
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The main contributions of this thesis can be summarized as follows:

1. Efficient VIO operating and correcting by loosely-coupled sensor-fusion iEKF at 300
FPS using predictions from IMU measurements obtained at 400 Hz: In Sec. 3.3 to
Sec. 3.7 a detailed derivation and formulation of the FPSP visual-inertial algorithm is estab-

lished.

2. Uncertainty propagation for BIT-VO’s pose as it is based on binary-edge-based descrip-
tor extraction, 2D to 3D re-projection: Sec. 3.5 goes over the camera pose measurement
used in the update of the iEKF, while Sec. 3.6 goes over the uncertainty propagated on this

6- DoF pose.

3. Extensive real-world comparison against BIT-VO, with ground-truth obtained using a
motion capture system: Sec. 3.10 to Sec. 3.11 presented the experimental results, the visual-
inertial-sensor calibration done, the overall accuracy and robustness, as well as benchmark

comparisons.

4. Extensive study on the algorithmic execution timing/frame, accuracy, memory usage
and power consumption of the visual front-end processing performance on the FPSP:
Sec. 3.12 showcases the on-sensor processing performance of the FPSP, comparing with
the processing of algorithms using conventional cameras, ultimately showcasing how FPSPs

outperform them.

4.2 Significance

The work presented in this thesis is significant as it has presented a novel design and implementa-
tion of the first 6- DoF VIO algorithm which utilized the advantages of the FPSP for vision- IMU
estimation. This thesis compared the use-case advantages of FPSPs, bottlenecks of conventional
cameras, overall showcasing the superiority over the latter. This thesis also presented an evaluation

of the algorithm’s performance with state-of-the-art 6- DoF FPSP VO and ground-truth data.
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4.3 Future Work

There are many possible extensions for future works to build off the work presented in this thesis.

As a future work, it is recommended next to work towards a tightly-coupled VIO approach with
the FPSP. Loop-closure would be better achievable. A tightly-coupled VIO approach would be far
more robust in estimation tracking than the loosely-coupled approach. Recommended specifically
is the MSCKF, which leverages a EKF framework analogous to BIT-VIO. The use of the high frame
rate BIT-descriptor as well as the high frequency input capability of the MSCKF framework would
allow better feature integrated tracking.

The front-end tracking performance can be better improved by incorporating scale invariance,
along with the rotation invariance of the FPSP-based BIT-descriptor. This is leveraged in incorpo-
rating a scale factor between levels in the image scale pyramid, as is done so with ORB-features
in ORB-SLAM [20]. In making the BIT-descriptor also scale invariant, this loosely-coupled VIO
framework can also be improved by then traversing larger scenes and workspaces where depth
awareness would be better improved on the front-end. Note, the methods in this thesis worked
with trajectory lengths that were as small as 1 —2 m workspaces, with the full high frequency 6- DoF
framework operating in workspaces as large as 7 — 10 m. Floorplan or building-wide workspaces
would be more challenging, but with the correct setup, it is worth exploring for BIT-VIO.

Another avenue that can be explored on the front-end part of the FPSP- IMU problem, is
to displace more of the back-end processing onto the front-end as the feature-extraction was
done. The SCAMP-5 FPSP with more digital and analog registers would allow for more memory
allocation on parts of the algorithm such as frame-to-frame tracking directly on the sensor-chip,
hence alleviating more computational burden off of the external host PC.

With so many potential direction, the importance of this work is in how it has laid the founda-
tion as the first 6- DoF VIO algorithm which utilizes the advantages of the FPSP for vision- IMU

estimation.
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ORB Oriented Rotated BRIEF. 11, 13, 80, Glossary: ORB
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SLAM2
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SVO Fast Semi-Direct Monocular Visual Odometry. 22, 24, 26, 37, Glossary: SVO
SVO+GTSAM Fast Semi-Direct Monocular Visual Odometry + GTSAM. 26, Glossary: SVO+GTSAM

SVO+MSF Fast Semi-Direct Monocular Visual Odometry + Multi-Sensor Fusion Extended Kalman

Filter. 22, 26, 29, Glossary: SVO+MSF

UAV Unmanned Aerial Vehicle. 2, 3, 9, 12, Glossary: UAV

UKF Unscented Kalman Filter. 17, 20, Glossary: UKF
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VIO Visual Inertial Odometry. iii, 4-6, 11, 15, 17-27, 29, 30, 40, 44, 47, 62, 78-80, Glossary: VIO

VO Visual Odometry. 2-5, 10, 18, 27, 30, 31, 36, 44, 45, 47-49, 58, 78, 79, Glossary: VO
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Glossary

2D 2-Dimensional: Confined to two-dimensional plane-space. 5, 104

3D 3-Dimensional: Confined to full three-dimensional space. 5, 104
ATE Absolute Trajectory Error: A measure of trajectory error over the entire path. 40, 104

BIT-VIO Binary Feature Visual Inertial Odometry: proposed algorithm in this thesis operating at

300 FPS with IMU measurements at 400 Hz. iii, 104

BIT-VO Binary Feature Visual Odometry: First-ever 6-DoF visual odometry algorithm whose front-

end feature extractor is on the FPSP. 3, 104

BRIEF Binary Robust Independent Elementary Features: Feature descriptor framework that is used
for distinguishing uniquely different features across many frames. BRIEF is highly efficient

using simple intensity tests. 13, 104

CAIN Automatic Code Generation for Simultaneous Convolutional Kernels on Focal-plane Sensor-
processors: compiler for convolutional filters that can be compressed onto the FPSP. 10,

104

DoF Degrees of Freedom: In statics this refers to the three translational motions and three rota-

tional motions (i.e. angular velocities) of a robot system body. 3, 104

DRAM Dynamic Random-Access Memory by Digital Registers: Volatile memory that is stores digital

data (of 1 or 0) in transistors. 7, 104

DVO-SLAM Dense Visual Odometry and SLAM: SLAM framework that is based on minimizing both
the photometric and depth error in all pixels in the camera-plane. This framework presents

an entropy-based keyframe selection rule, and has loop-closure. 13, 104
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EKF Extended Kalman Filter: algorithm that loosely-couples a pose from prediction and a pose
from update by Kalman filtering means, able to work with nonlinear systems. Note: state is

computed as an approximate conditional mean. 16, 104

FAST Features from Accelerated Segment Test: Corner detection method that determines whether
a pixel on image-plane is corner if the pixels within a fixed ring of prospect corner are above

a threshold intensity value. 13, 104

FPS Frames-Per-Second: A measure of the frequency of frames an algorithm can process at. iii,

104

FPSP Focal-Plane Sensor-Processor: Next-generation vision-sensor with low latency and low power

usage capabilities. iii

GTSAM Georgia Tech Smoothing and Mapping: library or framework that uses factor-graph opti-

mization to address smoothing and mapping (SAM) problems. 19, 104

High Dynamic Range High Dynamic Range: Refers to the Computer Vision processing method of

creating a highly-contrasted image or frame. 2, 104

Hz Hertz: Oscillations-Per-Second. iii, 104

iEKF iterated Extended Kalman Filter: algorithm that loosely-couples a pose from prediction and
a pose from update by Kalman filtering means, able to work with nonlinear systems. Note:

state is computed by "Maximum a Posteriori” (MAP) estimate. iii, 1, 104

IMU Inertial Measurement Unit: body sensor that tracks the angular velocities and linear acceler-

ations of a system in motion. iii, 104

iSAM Incremental Smoothing and Mapping: Novel SLAM framework that is based on fast incre-
mental matrix factorization. iSAM is efficient and provides an exact solution to the informa-

tion matrix by QR factorization. 25, 104

iSAM2 Incremental Smoothing and Mapping 2: Extended novel SLAM framework that is based on

fast incremental matrix factorization using Bayes Tree which is a graphical model inference
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algorithm. iSAM2 is more efficient than prior iSAM and presents a relationship between

graphical model inference and matrix factorization. 19, 104

KF Kalman Filter: Linear discrete-time algorithm that consists of a prediction step and update step,

from extroceptive sensors for measurements. 15, 104

KNN K-Nearest Neighbors: non-parametric supervised learning classifer where a sample is distin-
guised by being associated by its neighbouring samples, based on density, as well as other

parameters. 68, 104

LS Least Squares Regression: Statistical method to find the best curve fit to a set of points. 22, 104

LSD-SLAM Large-Scale Direct Monocular SLAM: novel, direct monocular SLAM framework which

instead of using keypoints uses image intensities for tracking and mapping. 13, 104

MSCKF Multi-State Constraint Kalman Filter: Tightly-coupled filtering-based VIO approach where

landmark positions are marginalized out of the state-vector. 21, 105

MSF-EKF Multi-Sensor Fusion Extended Kalman Filter: Loosely-coupled filtering VIO framework
that is modular in allowing easy integration of many sensors. Advantage of using MSF-EKF is

use-case of high framerate camera with high frequency IMU. 21, 105

OKVIS Open Keyframe-based Visual-Inertial SLAM: Tightly-coupled fixed-lag-smoothing keyframe-
based VIO using nonlinear optimization, where IMU error is integrated with landmark repro-

jection error via a proposed probabilistic approach. 23, 105

ORB Oriented Rotated BRIEF: Feature descriptor framework that is used for distinguishing uniquely
different features across many frames, building off of BRIEF by being scale and rotational

invariant. BRIEF is highly efficient using simple intensity tests. 11, 105

ORB-SLAM ORB-SLAM: Versatile and monocular visual odometry algorithm that can track robustly

the 6 DoF camera pose, trajectory and local sparse map of the environment. 11, 105

ORB-SLAM2 ORB-SLAM2: Versatile monocular, stereo and RGB-D visual odometry algorithm that
can track robustly the 6 DoF camera pose, trajectory and local sparse map of the environment.

13, 105
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ORB-SLAM3 ORB-SLAM3: Versatile monocular, stereo and RGB-D visual odometry and visual-
inertial (i.e. with IMU) algorithm that can track robustly the 6 DoF robot pose, trajectory and

local sparse map of the environment. 14, 105

PBA Photo Metric Bundle Adjustment: novel framework for Vision-Based SLAM that is based on
maximizing the photometric consistency to optimize the structure and motion parameters,
unlike standard bundle adjustment that seeks to minimize the reprojection error of features.

13, 105
PC Personal Computer: External device in which the algorithm is being processed on. 1, 105

PE Processing Element: Programmable entity discretized in a grid on the FPSP vision chip, each

acting like a mini-computer for processing and computation. 7

PF Particle Filter: algorithm that uses set of particles to represent the state, each assumed to carry

a hypothesis of the robot’s state. This uses a "Posterior” distribution for the state. 15, 105

PTAM Parallel Tracking and Mapping: algorithm that works well in small AR workspaces, where
two base processes are split: tracking and mapping. Both are processed in parallel on the

processor for efficiency and faster frame rate. 13, 105

RANSAC 5-Point RANSAC Homography for Determining 6 DoF Camera Pose: Random Sample
Consensus (RANSAC) algorithm is used in optimizing a camera trajectory from a selection of

5 random points. 11, 104

RGB-D Camera that outputs red-green-blue colored image, as well as pixel-point correspondence

with depth from a reference camera center. 13, 105

RGB-D SLAM Red-Green-Blue-Depth SLAM: Versatile framework for 6 DoF camera tracking and
mapping with use of a monocular or stereo vision-setup with other extroceptive sensors such
as IMUs, as well as using depth sensors. Camera that outputs red-green-blue colored image,

as well as pixel-point correspondence with depth from a reference camera center. 12, 105

RMSE Root-Mean-Square Error: A measure of trajectory error over time. 30, 105
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RNN Recurrent Neural Network: Different to CNN which is based in solving problems involving

spatial data, RNN deal with sequential or temporal data such as text or videos. 2, 105

ROVIO Robust Visual Inertial Odometry: Monocular visual-inertial odometry that directly uses
image patch pixel intensity errors to achieve accurate and robust estimation and tracking.

21,105
RPY Roll, Pitch and Yaw: Rotational directions with respect to the x, y and z-axes. 40, 105

RTAB-Map Real-Time Appearance-Based Mapping: A RGB-D, Stereo and Lidar Graph-Based SLAM

framework that presents an incremental appearance-based loop-closure detector. 14, 105

RTE Relative Trajectory Error: A measure of local trajectory error. 40, 105

SCAMP-5 SIMD Current-Mode Analog Matrix Processor Version 5.0: Particular FPSP vision-sensor

model, being the 5th version in development. iii, 105

SCE-SLAM Spatial Coordinate Error SLAM: Real-time semantic learning RGB-D SLAM framework
based on tightly-coupling semantic and geometric information for camera tracking and map-

ping. 14, 105

SIMD Single Instruction Multiple Data: Computer paradigm that processes multiple data in paral-

lel at same time for processing. iii, 105

SLAM SLAM: Versatile framework for 6 DoF camera tracking and mapping with use of a monocular
or stereo vision-setup with other extroceptive sensors such as IMUs and depth sensors. 12,

105

STD Standard Deviation: Measure of the spread of data, which is taken to be the square of the

variance. 66, 105

SVO Fast Semi-Direct Monocular Visual Odometry: Semi-direct monocular visual odometry al-
gorithm that eliminates use of costly feature extraction and matching, using a probabilistic
mapping method to instead directly operate on pixel intensities, allowing fro high frame rate

tracking. 22, 104
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SVO+GTSAM SVO+GTSAM: Full-smoothing-based VIO approach that uses SVO as visual odome-

try measurement with factor-graph optimization framework GTSAM. 26, 104

SVO+MSF SVO+MSF: Loosely-coupled filtering VIO approach that uses SVO as visual odometry

measurement with high frequency IMU used in prediction step of MSF. 22, 104

UAV Unmanned Aerial Vehicle: Guided robotic aircraft, either autonomously or by remote control

by use of extroceptive sensors. 2, 105

UKF Unscented Kalman Filter: Discrete-time algorithm that consists of a prediction step and
update step, which is based on using several points known as sigma points (instead of using

mean and approximate) for estimation, generally enhancing accuracy. 17, 105

VINS-Mono Monocular Visual-Inertial State Estimator: Full-smoothing-based optimization-based
sliding-window VIO framework which leverages loop closure, and global pose optimization.

This VIO supports both monocular and stereo camera setups. 25, 105

VIO Visual Inertial Odometry: robot state estimation by sensor fusion of visual and inertial mea-

surements. iii, 105

VO Visual Odometry: robot state estimation by visual measurements alone. 2, 105
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2-Dimensional (2D), 5
3-Dimensional (3D), 5
5-Point RANSAC Homography for

Determining 6 DoF Camera Pose, 11
Absolute Trajectory Error (ATE), 40

Binary Feature Visual Inertial Odometry
(BIT-VIO), iii

Binary Feature Visual Odometry (BIT-VO), 3

Binary Robust Independent Elementary

Features (BRIEF), 13

CAIN, 10

Convolutional Neural Network (CNN), 1

Degrees of Freedom (DoF), 3

Dense Visual Odometry and SLAM
(DVO-SLAM), 13

Dynamic Random-Access Memory by Digital
Registers (DRAM), 7

Extended Kalman Filter (EKF), 16

Fast Semi-Direct Monocular Visual Odometry
(SvVO), 22
Fast Semi-Direct Monocular Visual Odometry

+ GTSAM (SVO+GTSAM), 26
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Fast Semi-Direct Monocular Visual Odometry
+ Multi-Sensor Fusion Extended
Kalman Filter (SVO+MSF), 22

Features from Accelerated Segment Test
(FAST), 13

Frames Per Second (FPS), iii

Georgia Tech Smoothing and Mapping
(GTSAM), 19

High Dynamic Range (HDR), 2
Hz (Hertz), iii

Incremental Smoothing and Mapping
(iSAM), 25

Incremental Smoothing and Mapping Version
2.0 (iSAM2), 19

Inertial Measurement Unit (IMU), iii

iterated Extended Kalman Filter (iEKF), iii

K-Nearest Neighbors (KNN), 68

Kalman Filter (KF), 15

Large-Scale Direct Monocular SLAM
(LSD-SLAM), 13

Least Squares Regression (LS), 22



Monocular Visual-Inertial State Estimator
(VINS-Mono), 25

Multi-Sensor Fusion Extended Kalman Filter
(MSF-EKF), 21

Multi-State Constraint Kalman Filter

(MSCKF), 21

Open Keyframe-based Visual-Inertial SLAM
(OKVIS), 23

ORB-SLAM2, 13

ORB-SLAM3, 14

ORB-SLAM, 11

Oriented Rotated BRIEF (ORB), 11

Parallel Tracking and Mapping (PTAM), 13
Particle Filter (PF), 15
Personal Computer (PC), 1

Photo Metric Bundle Adjustment (PBA), 13

Real-Time Appearance-Based Mapping
(RTAB-Map), 14

Recurrent Neural Network (RNN), 2
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Red-Green-Blue-Depth (RGB-D), 12

Red-Green-Blue-Depth SLAM (RGB-D
SLAM), 13

Relative Trajectory Error (RTE), 40

Robust Visual Inertial Odometry (ROVIO), 21

Roll, Pitch and Yaw (RPY), 40

Root-Mean-Square Error (RMSE), 30

SIMD Current-Mode Analog Matrix Processor
Version 5.0 (SCAMP-5), iii

Simultaneous Localization and Mapping
(SLAM), 12

Single Instruction Multiple Data (SIMD), iii

Spatial Coordinate Error SLAM (SCE-SLAM),
14

Standard Deviation (STD), 66

Unmanned Aerial Vehicle (UAV), 2

Unscented Kalman Filter (UKF), 17

Visual Inertial Odometry (VIO), iii
Visual Odometry (VO), 2



