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Abstract

In the recent years, a new generation of cameras sensitive to pixel intensity vari-
ation rather than the traditional pixel intensity value has been introduced. These
cameras called Dynamic Vision Sensors (DVSs) have recently attracted significant
research interest. A conventional camera captures the intensity of all pixels in the
sensor and generates an entire image to produce a frame. This is then repeated at
a fixed rate to produce a video stream. Being totally different with the old frame-
based videos, the captured videos of Dynamic Vision Sensors are polarized events,
i.e. points in 3-D spatiotemporal space, indicating the polarity, location and time
properties of the pixels with variable intensities. When there is a variation in a pixel
intensity, a polarized event is created in the form of a vector with three elements
(t,x,y). t shows the instance of the variation and (z,y) defines the position of the
pixel. Moreover, the polarization of the event shows the direction of the change in

the pixel intensity.

For event-based videos, some algorithms have been proposed for object tracking,
optical flow extraction, human action recognition, etc. Still, there are many potential
capabilities of these cameras that have not been used or explored. Extracting fea-
tures of these videos requires a comprehensive understanding and novel procedures

accordingly.

We began our research by focusing on the existing algorithms for DVS videos. We
found out that motion analysis and feature extraction are trending topics in DVS
videos and we began to work on these topics. This thesis introduces two different
approaches to objects’ motion in event-based videos. Hough transform and edge
detection are also performed in event-based videos as two important methods of

feature extraction.
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This research work presents a novel framework for investigating the object’s mo-
tion in event-based videos and extracting the edge information subsequently. In the
event-based videos, the events normally occur in the moving edge areas. We consider
the events as some points in the spatiotemporal space. Ignoring the noise, for each
small spatiotemporal window in a moving edge area, we expect all events to be on a
3-D plane. The orientation of this plane depends on both edge direction and velocity.
By approximating the object boundary as a series of linear elements, we derive a
procedure based on principal component analysis to estimate their orientation and
speed. According to the well-known aperture problem in machine vision, the velocity
estimated at this stage is the normal portion of the actual velocity since any dis-
placement along the edge orientation can not be recognized in a small spatiotemporal

window.

The normal velocities are utilized in a larger window which covers a whole object
to estimate its actual velocity. We define a cost function based on the difference
between actual normal velocities and calculated normal velocities at the previous
stage. Minimization of this cost function results in an estimation of the actual velocity
which is a useful parameter in some applications e.g. object tracking. Moreover, we
propose a procedure for localizing the edge based on regional exposure time and edge-
dependent Gaussian filtering of the events. The regional exposure time is adjusted
based on the normal velocities of edge pixels. This avoids any blurred edge which
is a direct consequence of higher normal velocities. The orientation of Gaussian
filter causes the maximum blurring effect along the edge direction and improve its

connectivity for a better edge extraction.

Any kind of discontinuity in the object texture is appeared by the local variation
of the pixel intensities. When the object is moving, these variations generate many
unwanted events that we should tackle them as noise. Noise is another challenge of
these videos that we can suppress by detecting the outliers in many stages of our

algorithm.

Another approach to motion analysis is based on well-known Hough transform for
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detecting straight lines. Hough transform has been widely used to detect lines in
images captured by conventional cameras. We develop an event-based Hough trans-
form and apply it to DVS output stream. The proposed algorithm is implemented in
a spiking neural network to detect lines on DVS output. Spikes (events) from DVS
are first mapped to Hough transform parameter space and then sent to correspond-
ing spiking neurons for accumulation. A spiking neuron will fire an output spike
once it accumulates enough input contributions and then reset itself. The output
spikes of the spiking neural network represent the parameters of detected lines. An
event-based clustering algorithm is applied on the parameter space spikes to segment
multiple lines and track them. In our spiking neural network, a lateral inhibition
strategy is applied to suppress noise lines from being detected. This is achieved by
resetting a neuron’s neighbors in addition to itself once the neuron fires an output
spike. As an improvement to the work done, we deal with detecting small lines at the
frame corners subsequently. In addition, the inhibitory window shape is optimized to
suppress the lines which are close together in Cartesian space and are not necessarily

close together in parameter space as assumed initially.

Finally, we perform many experiments for verification of our proposed algorithms.
Some of them are performed on computer-generated videos while others performed
on real DVS videos. The results show that our proposed methods have acceptable

performances in recognizing the edges and estimating their velocities.






Table of Contents

2

Abstract . . . . . ..
Table of Contents . . . . . . . . . . . ..
List of Figures. . . . . . . . . . . .
List of Tables . . . . . . . . . ..

List of Acronyms . . . . . . . . . ...

Introduction

1.1 Background and Motivations . . . . . . . . ... ... ... ... ...
1.2 Research Objectives. . . . . . . . .. .. . oo
1.3 Major Contributions . . . . . . . .. .. ... L
1.4 Thesis Organization . . . . . . . .. ... ... .. ... ..
1.5 Methods Evaluation . . . ... ... ... ... . 0L

Literature Review

2.1 Neuromorphic Engineering . . . . . . . . ... ... ... ..
2.1.1 Background . . . . ... ..o
2.1.2  Recent Developments . . . . . . ... ... ... ... .....
2.2 Artificial Neuron . . . . .. ... oo
2.3 Spiking Neural Network . . . . . . ... ... ... ... ... ....
2.4 Neuromorphic Vision . . . . . . . . ... ...
2.4.1 Dynamic Vision Sensors . . . . . . . .. .. ... ... ...
24.2 FocusingaDVS . . . ...
2.4.3 DVS Applications . . . . . .. ...

2.5 Conventional Optical Flow . . . . . .. ... .. ... ... ......

gt W W N = -

© o oo I



TABLE OF CONTENTS viii
2.6 Optical Flow for Event-Based Videos . . . . . .. .. ... .. .... 20
2.6.1 Direction Selective Filter . . . . . . . ... .. ... ... ... 20
2.6.2 Lukas-Kanade Variants . . . . . ... ... ... ... ..... 21
2.6.2.1 Backward finite difference . . . . . .. ... ... .. 22

2.6.2.2  Second order temporal derivative . . . . . .. .. .. 22

2.6.2.3 First order central finite difference . . . . . . . . .. 22

2.6.2.4  Second order central finite difference . . . . . .. .. 23

2.6.2.5 Savitzky-Golay filter . . . . . . ... .00 23

2.6.3 Local Plane Fits . . . . . . ... .. ... ... ........ 24
2.6.3.1 Orthogonality constraints . . . . ... ... .. ... 25

2.6.3.2 Singlefit . . .. ..o 26

2.6.3.3 Savitzky-Golay filter . . . . . .. ... 26

2.7 Hough Transform . . . . . . . .. ... ... .. ... ... ... 27
2.7.1 Standard Hough Transform disadvantages . . . ... ... .. 29
2.7.2  Generalized Hough Transform (GHT) . . . ... ... ... .. 30
2.7.3 Digital Hough Transform (DHT) . ... ... ... ... ... 32
2.7.4 Problem of dimensionality . . . . .. ... ... ... ..... 33

3 Normal Motion Analysis in Event-Based Videos 37
3.1 Introduction . . . . . . . ... .. 37
3.2 Events in spatiotemporal space . . . . . . ... ... 38
3.3 Events analysis in continuous space . . . . . . . ... ... .. 41
3.3.1 Events analysis in discrete space . . . . . . ... ... L. 44

3.4 Some points about PCA of theevents . . . . . . . .. ... ... ... 49
3.5 Adaptive estimation of the events plane . . . . . . . .. .. ... ... 52
3.6 Implementation . . . . . . .. ... .. ... 55
3.7 Experiment I . . . . . .. ... 56
3.8 Conclusion . . . . . . . ... o7
4 Global Velocity and Edge Estimation in Event-Based Videos 61
4.1 Introduction . . . . . . . .. ... 61
4.2 Global velocity . . . . . ... 63



TABLE OF CONTENTS ix

4.3 Edge detection . . . .. ..o 66
4.3.1 Removing shaded area . . . . . . .. .. ... ... ...... 66
4.3.2 Edge-dependent Gaussian filtering . . . . . .. ... ... ... 67

4.4 Implementation . . . . . . .. ..o 68

4.5 Experiment IT . . . . . . . .. ... 73

4.6 Experiment III . . . . ... ... ... ... .. ... ... ... . 79

4.7 Experiment IV . . . . ..o 81

4.8 Conclusion . . . . . . ..o 84

5 Event-Based Hough Transform for Lines Detection and Tracking 85

5.1 Introduction . . . . . . . ... 85
5.2 Hough transform for line detection . . . . . .. ... ... .. .... 88
5.3 Event-Based Hough Transform in a Spiking Neural Network . . . . . 89

5.3.1 Spiking Neuron Model . . . . . .. . ... ... ... ..... 89

5.3.2  The Proposed SNN for Event-Based Hough Transform . ... 93
5.4 More Efficient Parameter Space . . . . . ... ... ... 97
5.5 More Efficient Inhibitory Window . . . . . .. .. .. ... ... ... 98

5.5.1 Distance Metric in Cartesian Space . . . . . . . ... ... .. 100

5.5.2 Lateral Inhibitory Connections . . . . .. ... .. ... ... 101
5.6 Extended event-based Hough Transform . . . .. ... ... ... .. 102

5.6.1 Parameter space quantization . . . . ... ... ... ... .. 105

5.6.2 Spiking Neural Network . . . . ... ... ... ... .. ... 107
5.7 Inhibitory Connections . . . . . . . . . . .. .. ... ... .. ..., 107
5.8 Experiment V . . . . . ... 108
5.9 Experiment VI . . . . . ... 110
5.10 Experiment VII . . . . . . . .. .. 111
5.11 Experiment VIII . . . . . . ... ... 112
5.12 Experiment IX . . . . . . ... 113
5.13 Experiment X . . . . ... 114
5.14 Conclusion . . . . . . . ..o 115

6 Conclusion and Future Work 117



TABLE OF CONTENTS

6.1 Conclusion . . . .. .. ... ... ...

6.2 Recommendations for Future Research
List of Publications

References

117
119

123

125



List of Figures

2.1

2.2

2.3
2.4
2.5
2.6

3.1

3.2
3.3
3.4

3.5

3.6

3.7
3.8

4.1

Equations of Izhikevich model and their all possible responses to a step
function for different values of parameters a, b, ¢, d. This model can
exhibit almost all firing patterns in the output . . . . . . . ... ... 11

20 different neuro-computational properties of real neurons. These pat-
terns are used for evaluation of models with respect to their biologically

plausibility . . . . . . ..o 13
DVS used in this study and its working principle. . . . . . . . . . .. 15
The generated events by a moving simple square . . . . . . . .. ... 16

A pattern for adjusting the distance between image sensor and DVS lens 17

Active events surface t = ) (x,y) in spatio-temporal space. ) and

Zey are partial derivatives of this surface with respect to z and y. . . 24

DVS output for a rotating black disk with a white dot in spatiotemporal

SPACE .+« v v o e e e e e e e e e e 39
The normal distance of every point on the line from the origin is ¢ . . 40
A moving shape and a small part of its boundary in a window . . . . 40

The effect of location discretization. [a,b]” is a unit normal vector to

line L . . . . . . 45
Different shapes of the intersection between the events plane and a
cubic spatiotemporal window . . . . ... ... .0 o1

The intersection between events plane and a cylindrical spatiotemporal

window . ... L L e 52
Estimating normal vector based on the events . . . . . . ... .. .. 53
Problem of finding first eigenvector as an adaptive filtering problem . 54

The effect of velocity in different directions on a simple square . . . . 62



LIST OF FIGURES xii

4.2

4.3
4.4
4.5
4.6

4.7

4.8

4.9

4.10

4.11

4.12

4.13

4.14
4.15

4.16

5.1
5.2
5.3

A solid object is moving at velocity U which is estimated based on the

normal velocities of the edge. . . . . . . . .. ... 64
A simple ellipse is moving up at velocity v . . . . . . . .. ... ... 67
Different kernels of Gaussian filter . . . . . . . ... .. ... ... .. 69
Results of algorithms on a test video . . . . . ... ... ... .... 69

A horizontally left to right moving circle with radius 15 pixels in an
artificial 128x128 DVS video . . . . . . . . . . ... 74

The estimated velocity magnitude for different window sizes (blue point
represents the optimal window size) . . . . . . . ... ... 75

The estimated velocity direction for different window sizes (blue point
represents the optimal window size) . . . . . .. .. ... ... 75

The estimated circle radius for different window sizes (blue point rep-

resents the optimal window size) . . . . . .. ... 76
The estimated x-position of the circle center for different window sizes
(blue point represents the optimal window size) . . . . . ... . ... 76
The estimated y-position of the circle center for different window sizes
(blue point represents the optimal window size) . . . . . ... .. .. 7
The experiment setup and focussing/calibration videos . . . . . . . . 80
Estimated magnitudes and directions vs. different velocities. For mag-

nitudes, the extracted values have a linear relation to the actual values.
The values are normalized by a fixed coefficient to fit the ground truth. 81

Edge connectivity results for different velocities . . . . . . . ... .. 81
Results for the circle moving at velocity 20cm/s. The vectors are
extracted pixelwise. However for better presentation in the second
row, each vector corresponds to a 8 x 8 pixels block. . . . . . . . . .. 82
Algorithm results for character 7’ and digit '8’ from N-MNIST dataset.

Each vector corresponds to a 8 x 8 pixels block. The std/mean pa-
rameters for global velocity magnitude are 10.9% and 14.9% while the

estimated directions are (—20 £4)° and (=21 £ 11)°. . . . .. .. .. 83
Block diagram of the proposed algorithm . . . . . ... ... ... .. 87
Hough transform procedure for line detection. . . . . . . . .. .. .. 87

Input and output of a simple Integrate and Fire neuron. In this model,
all output spikes are positive . . . . . . . ... 90



LIST OF FIGURES

xiil

5.4

5.5

5.6

5.7

5.8

5.9

5.10

5.11

5.12

(A) A moving circle and expected events, (B) Distribution of all events
over different distances from the origin, (C) Distribution of positive
events over different angles, (D) Distribution of negative events over
different angles, (E) Distribution of all events over different angles not
considering their polarization, (F) Distribution of all events over dif-
ferent angles considering their polarization . . . . . .. .. ... ...

Input and output of the LIF neuron used in this paper. In this model,
output spikes can be positive or negative . . . . . . ... ... L.

A 128 x 128 frame and its corresponding parameter space on a 200 x
300 SNN. 6 is limited between —90° and 180° while r between 1 and
128v/2 ~ 180. Red color shows the firing neurons during line movement
from A to B. Yellow window indicates local lateral connection (for
inhibition). Each neuron is laterally connected to all neurons that are
within a window around that neuron . . . . . . ... ... ... ...

Local lateral inhibition to suppress noise lines. Without lateral inhibi-
tion, SNN detects three lines (red, blue and green). The best fitted one
is the red line detected by the red neuron. The red neuron is expected
to fire before blue or green ones. With local lateral inhibition, when
the red neuron (the correct one) fires, it inhibits all laterally connected
neurons and thus blue and green lines can be suppressed. . . . . . . .

Three moving lines in Cartesian space defined by three colors and their
transformations in the parameter space. Spikes are segmented in three
different series correspond to three lines. . . . . . .. ... ... ...

Different line positions in Cartesian space and their corresponding ar-
eas in the parameter space. Each color intensity in the parameter space
shows the line length inside the video frame. . . . . . . . . ... ...

Left figure shows two lines which are near in both Cartesian space
and parameter space. Right figure shows two lines which are near in
parameter space, not in Cartesian space. . . . . . . .. .. ... ...

The parameter space is implemented in a spiking neural network. In-
side the yellow window, the inhibitory inputs of some green neurons
are laterally connected to the output of central neuron (red neuron) .

Four possible points of the frame edges that an arbitrary line (6,r)
can pass through. Any line passes through only two points among four
possible points. . . . .. ...

98

101



LIST OF FIGURES

Xiv

5.13

5.14

5.15

5.16

5.17

5.18

5.19

5.20

5.21

(A) Multiple small lines on a direction. The standard event-based
Hough transform can not detect the position of lines on the detected
direction; (B) 7 events from a small line on a direction; (C) 7 events on
the same direction caused by noise. The standard event-based Hough
transform can not distinguish between these two cases. . . . . . . ..

(A) A line (marked by red) in Cartesian space, (B) corresponding three-
dimensional Hough area consists of different bins. Red bins represent
bright points those receive more votes from Cartesian space. These
bins are substituted with spiking neurons . . . . . . . . .. ... ...

The effect of uniform quantization of parameter space. Two line ele-
ments with the same distance of Af in Hough area, although (A) the

elements can be near or (B) the elements can be far in Cartesian space 106

(A) Each line element is uniquely defined by three parameters 6, r,
d. (B) For fixed values of r and d, a small change in 6 cause a radial
displacement of dAf# and a tangential displacement of rA# in the ele-
ment position. (C) Redundant lines are located at the same place with
a small difference in their orientations. These lines are suppressed by
lateral inhibitory connections within the network. . . . . . . . . . ..

Line detection results on artificially generated line events. 1st row:
Traces of 4 different lines and results (in colors) overlaid on input
events (grey pixels) at certain time instances (1.5s and 3.5s). 2nd row:
Results (in colors) superimposed on ground truth (dashed lines) during
the whole time course. . . . . . . ... ..o

Line detection results on various scenarios; 1st row: images captured
by a conventional camera, depicting various scenes that the DVS sen-
sor was recording; 2nd row: The proposed event-based algorithm’s line
detection results (yellow) superimposed onto DVS events (grey); 3rd
row: Conventional frame-based hough transform’s results using MAT-
LAB standard functions for line detection with the same number of
the lines. . . . . . . . .

A pattern of five equidistant parallel edges, five detected lines in a
frame and their 6 and r diagrams . . . . . .. ... ...

The perpendicular distance and the angle of detected lines during the
whole video time span. The results (in colors) are well matched with
the ground truth (dashed lines). . . . .. ... ... ... ... ...

A point and two lines with the angle of five degrees were printed on
a white paper. The point was pinned on a wall and DVS captured
the clockwise rotation of the paper around the point. The algorithm
results are shown for two instances of the video. . . . . . . . .. ...

106

109

110

111

112



LIST OF FIGURES

XV

5.22

5.23

6.1

6.2

Extended event-based Hough transform results on two noisy scenes.
The algorithm output contains less noise compared to the algorithm
input. . . ..

A video of a moving circle with the radius of bem. The extended
event-based Hough transform is applied to detect the circle as a series
of small lines. 40 spikes correspond to 40 small lines are received from
the spiking neural network. The result shows more narrow distribution
of events around the circle boundary . . . . . ... ...

A walking man in a DVS video. There is no clear edge in a small
window on the head while there is a curve edge in a small window on

the hand . . . . . . . .

Two small windows of head and hand areas of the body . . . . . . ..



LIST OF FIGURES Xvi




List of Tables

1.1

3.1

3.2

4.1

4.2

5.1

5.2

5.3

The association between thesis chapters and author publications!

Relative Average Endpoint Error in percent and its standard deviation
for 9 existing methods and our proposed method (PCA) . . ... ..

Average Angular Error and its standard deviation for 9 existing meth-
ods and our proposed method (PCA) . . ... ... ... ... ....

The results of experiment II in (mean + standard deviation) format.
All rows including ”velocity magnitude”, ”velocity direction”, ”circle
radius”, "center x”, "center y” are normalized by their ground truth
71 frame width per second”, 77 radian”, 715 pixels”, 764.5 pixels”,
764.5 pixels” respectively. The standard deviation is not presented
in last two rows since it might be misleading for these rows which
represent the mean value of (x,y) coordinates of circle boundary pixels.
The experiment shows that the optimal window size is 8 x 8 which is

approximately half of the examined circle radius. . . . . . .. .. ..

The results of experiment III. All values are normalized by their ground
truth. . . 0o

Quantitative analysis of line detection results on artificially generated
lineevents . . . . . . ...

Mean, standard deviation, minimum and maximum values of 6 and r
differences . . . . . . ..

Quantitative analysis of line detection results on the synthetic video of
four moving lines . . . . . . .. ..

o8

99

78

78

108

112



LIST OF TABLES xviii




List of Acronyms and Notations

A. List of Acronyms

AAE
AEE
ANN
BCA
BD
CD
DAVIS
DS
DVS
FPGA
GT
HT
IF
IMU
LIF
LK
LMS
LP
PC
PCA
RP
SD

Average Angular Error

Average Endpoint Error
Artificial Neural Network
Brightness Consistency Assumption
Backward finite Difference
Central finite Difference
Dynamic and Active-pixel Vision Sensor
Direction Selective

Dynamic Vision Sensor

Field Programmable Gate Array
Ground Truth

Hough Transform

Integrate and Fire

Inertial Measurement Unit
Leaky Integrate and Fire
Lucas-Kanade

Least Mean Square

Local Plane

Personal Computer

Principal Component Analysis
Refractory Period

Standard Deviation



List of Acronyms and Notations

XX

SF
SG
SN
SNN
SVM
VLSI

Single Fit
Savitzky-Golay

Spiking Neuron

Spiking Neural Network
Support Vector Machine

Very Large Scale Implementation



Chapter 1

Introduction

This chapter presents a background of Dynamic Vision Sensors, applications and
capabilities of these imaging devices in machine vision. Then the objectives and main
contributions of this research are highlighted. Thesis organization is the last section

of this chapter.

1.1 Background and Motivations

Dynamic Vision Sensor (DVS) is a relatively new event-based video camera. Com-
paring to a conventional frame-based camera, DVS offers great advantages in terms of
data rate, speed, and dynamic range [1]. Simulating biological retinas, DVS sensors
are sensitive to the intensity change rather than the absolute intensity value. Conven-
tional cameras synchronously capture frames (e.g. 30 frames per second) with each
frame containing the intensity values of all the pixels. Pixels with little change are
repeatedly reported in different frames, generating a lot of redundant information and
seriously limiting the frame rate and temporal accuracy of the camera. In contrast,
DV sensors only report pixels with intensity changes and output them autonomously
as an asynchronous stream of binary events. All the pixel circuits of the DVS work

in parallel, and whenever there is an enough change in a pixel’s intensity, the pixel
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autonomously reports its position and the polarity of the intensity change as an event.
Since redundant background information is discarded at the focal plane, we will have
much less data volume as well as a very high temporal resolution. Moreover, due to
logarithmic intensity change detection, DVS sensors offer a very high dynamic range,
meaning it has no problem in capturing the scenes containing both very dark and
very bright areas. These sensors have been used in many applications such as motion

estimation [2], tracking [3-5], object recognition [6-8], and corner points detection [9].

1.2 Research Objectives

In this study, we primarily focus on the low-level image processing operations on
event-based videos, especially for motion analysis and edge extraction of objects on
DVS output streams. Note that low-level operations in this section refers to purely
algorithmic operations (e.g. edge and line detection in image domain) and we do not
concern any specific hardware design or running on a particular hardware implementa-
tion. The results of this study can be used in a vast variety of applications including,
but not limited to, object recognition, object tracking, human action recognition,
posture recognition, humanoid robots, surveillance systems, traffic control, etc. We
begin this research by extracting motion flow (optical flow) vectors of objects in DVS
videos. Using these vectors, we calculate the global velocity of objects and extract the
edge information. Obviously, the algorithms proposed for these purposes need some
mathematical processing to be done. Another strategy is to use a minimal processing
power and exploit hardware capabilities instead to do a certain task. DVS output is
well prepared to be injected into a Spiking Neural Network which can be implemented
on the hardware without any further processing. In the rest of this study, we extract
edge and motion information using a spiking neural network which is a different pro-
cedure compared to our initial work. An event-based version of well-known linear
Hough Transform is introduced with a minimal processing demand. Based on the

framework of this study, we briefly review optical flow, Hough transform and spiking
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neural network in the literature.

1.3 Major Contributions

In this study, the object’s motion is explored in a novel framework and the edge
information is extracted in the event-based videos. Considering a moving line, its
characteristics are extracted by principal component analysis of the generated events
in 3-D spatiotemporal space. This method is applied in small windows on the object
boundary to obtain the normal components of the motion vectors. Based on this
information, the object global velocity is estimated and then a novel algorithm is
proposed for extracting the clear boundary of the object. The key contributions of
this part are twofold. Firstly, we provide a fundamental analysis of the motion and
edge information that can be estimated from an event-based camera such as DVS.
Secondly, we propose algorithms that can provide accurate motion analysis and edge

localization for an event-based camera.

Subsequently we perform line detection based on an event-based Hough transform
algorithm where the major contribution includes: 1) proposing a fully event-driven
SNN-based algorithm for fast line detection, 2) incorporating local lateral inhibition
in the SNN for noise line suppression, and 3) applying event-based clustering on
SNN output spikes to achieve efficient multiple line tracking. Then we investigate
the effect of the inhibitory window shape on the result and introduce an optimal
window according to the area between two lines. Moreover, the threshold values
of the membrane potential (MP) are regulated for detecting the lines in the frame

corners where they have smaller lengths.

1.4 Thesis Organization

This thesis includes six chapters organized as follows:
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e Chapter 1 presents a summarized background of Dynamic Vision Sensor and
its applications. The output format of DVS and main characteristics are dis-
cussed. Then the research objectives and major contributions of this study are

highlighted. The chapter concludes with the whole organization of this thesis.

e Chapter 2 presents an overview of Neuromorphic engineering and systems
including Neuromorphic vision systems e.g. Dynamic Vision Sensor and its
applications. Then the optical flow problem is investigated in both conventional
form and recent event-based form. Two more topics which are the primary
scopes of this study are highlighted including Hough transform and spiking

neural network.

e Chapter 3 introduces a novel framework to analyze the motion of objects in
event-based videos. The effect of spatial or temporal quantization is discussed
in details and normal motion flow vectors and edge orientations are calculated
based on the Principal Component Analysis (PCA) of the generated events in
DVS output.

e Chapter 4 describes the global velocity of an object and the relation with the
normal flow vectors estimated in the previous chapter. These vectors are utilized
subsequently to extract edge information in two steps for assuring maximum

connectivity and minimum thickness.

e Chapter 5 summarizes conventional Hough transform for line detection. Then
a novel event-based version of this transform is proposed in a spiking neural
network. The inhibitory lateral connections are used for suppressing redun-
dant lines. These connections, as well as spiking neurons characteristics, are

optimized for better results.

e Chapter 6 concludes the thesis with a summary of research work performed in
this thesis as well as some recommendations for future work. Followed by this
chapter are the List of authors publications and Bibliography related to this

research work.
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1.5 Methods Evaluation

This study includes nine experiments for evaluating the efficacy of algorithms
proposed in this thesis. Some of them are performed on artificially generated videos
while others performed on real DVS videos. The objective of these experiments are

as follows:

e Experiment I: Showing the accuracy of normal flow vectors and comparison

with other existing methods

e Experiment II: Finding an optimal size of the spatio-temporal window used

in PCA based on the curvature of objects in the video

e Experiment III: Showing the accuracy of calculated global velocity and de-

tected edges

e Experiment I'V: Showing the accuracy of calculated global velocity and nor-

mal motion flow vectors

e Experiment V: Showing the efficacy of event-based Hough transform on arti-

ficially generated videos

e Experiment VI: Showing the efficacy of event-based Hough transform on real

DVS videos

e Experiment VII: Showing the efficacy of event-based Hough transform on

real DVS videos for detecting parallel lines

e Experiment VIII: Showing the efficacy of revised event-based Hough trans-

form on artificially generated videos for detecting small lines

e Experiment IX: Showing the efficacy of revised event-based Hough transform

on real DVS videos for detecting the lines in close proximity



Chapter 1: Introduction 6

The association between the chapters of the thesis and the author publications is

as follows'.

Table 1.1: The association between thesis chapters and author publications!

Chapter number Author publication number
3 3]
4 [2],(3]
5 1], [21, [4]

'Refer to page 123 for Author List of Publications.



Chapter 2

Literature Review

This chapter presents an overview of Neuromorphic engineering and systems like
Dynamic Vision Sensors and some existing methods on event-based video processing.
Optical flow is explored in both conventional form and new event-based form. Two
more topics including spiking neural network and Hough transform are highlighted as

main scopes of this research work.

2.1 Neuromorphic Engineering

Living organisms have been an essential source of inspiration for human-made
technology and development. They have had direct/indirect influences on researchers
when they were solving problems or designing artificial systems. Simply we can ex-
press that Neuromorphic engineering is a field for implementing neural systems of
living creatures especially human or animals on the electronic circuits. This imple-
mentation can be done in different levels e.g. about human vision system, a simple
neuron, many neurons as a vision sensor, the whole visual system, the brain area for
vision or even the whole brain. The term 'Neuromorphic’ was used by Carver Mead

for the first time in the late 1980s, although the idea goes back before the term.
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2.1.1 Background

According to the complexity Neuromorphic systems usually have, they are im-
plemented in analog or digital Very Large Scale Implementation (VLSI). The initial
implementation of a neuron with a capacitor and resistor was reported in 1907 [10].
Since then, more complex models of a neuron or sensory surfaces have been introduced
by advances in electronic circuits. These advances were utilized more in communi-
cations and digital calculations and less in other fields. Hodgkin and Huxleys work
in 1952 on dynamics of cells might be the first basis for mathematical models of a
cell function and its equivalent electrical circuit [11]. Fitz Hug utilized this model
and implemented on a computer to see the behavior of a neuron [11]. Then some
simple equivalent circuits were introduced for neuron model [12], [13], [14], [15]. On
the other hand, first large scale Neuromorphic circuit was an electrical simulation of
pigeon retina in 1968 [16]. [17] discussed a fairly large electrical model for the cochlea
with a transmission line connecting 178 different sections and every section included
four capacitors and two inductors. Although such large models are useful for simulat-
ing and testing real neural systems, they are not appropriate to be used in equipment.
The method of using many discrete parts and constructing a more complex system
has two issues, complexity and cost. Building such systems for research purposes
in the laboratory is reasonable, although they are not economically appropriate for

general applications that need a large number of such systems.

2.1.2 Recent Developments

In 1989, an analog field-effect transistor was considered as a mimic of an actual
neuron membrane since its current is exponentially related to its voltage [18], [19].
This finding opened the door to those wanted to artificially implement biological neu-
rons in VLSI hardware and resulted in the low-cost design of Neuromorphic chips in
large numbers. It still was a long wait from the time one designed a Neuromorphic

circuit until the implemented device was delivered from a foundry. Many novel Neu-
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romorphic circuits implemented in analog VLSI are proposed in [20]. Some of them
are simulating the sensory systems while others mimic just a single neuron or small
parts of cortex [21]. We will review the existing models of a single neuron in Section

2.2.

Recent advances in VLSI technology have made such implementations very easy
and cheap. As a result many Neuromorphic chips have been proposed for visual
([1], [22], [23], [24], [25], [26], [27]), olfactory ( [28], [29], [30]), auditory ( [31], [32], [33],
[34], [35], [36], [37], [38], [39], [40], [41], [42]) and tactile systems ( [43], [44], [45], [46]).
We should highlight that the term 'Neuromorphic’ is usually used just for systems
work in real time and the elements operate in parallel. We will discuss more on
Neuromorphic vision systems in Section 2.4 since they are the primary interest of this

study.

2.2 Artificial Neuron

The simplest model proposed as an artificial neuron is integrate-and-fire neuron
which is widely used in many applications. A comprehensive review of the integrate-
and-fire neuron is performed in [47]. IF neuron is the least complex model of a real
neuron lacking many actual characteristics. The synapses are considered as electrical
currents into the neuron. These currents increase the membrane potential contin-
uously like charging a capacitor with an electrical current. When the membrane
potential exceeds some threshold, the output fires and generates a spike. The inputs
of a neuron are modelled as a Poisson process in time. Then the spikes temporal
distribution in output is calculated mathematically. Rapid spike generation in the
neuron output and fairly slow integration of synaptic inputs are two essential fea-
tures of actual neural processing. The model is simple enough to provide analytical
answers to some questions. On the other hand, it suffers from many shortcomings
caused by excessive simplifications of the model. The firing mechanism and spatial

structure are two aspects which have been neglected in IF model. Therefore using
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the results of this modeling as a guide to real neural behavior is usually questionable.
Some improvements for IF model are discussed that enhance the model applicability
and similarity to actual neurons and at the same time increase the complexity of
mathematical equations. Despite shortcomings IF neuron has, it is widely used in
many applications and arguments such as explaining the control mechanism of the

brain [48] and network stability [49].

Among recent works, [50] presents the simplest possible model that combines the
exact behavior of most real neurons likes spiking, bursting, etc and the low processing
demand of IF neuron. The model contains just two equations with only one nonlin-
ear term as seen in Figure 2.1. If second equation is removed, the model misses its
bursting capability and if the nonlinear term is neglected, the model is equivalent to
the resonate-and fire model. Figure 2.1 shows the equations of this model and its
responses to a step function for different values of parameters. Moreover, the paper
shows how to create a spiking neural network that simulates mammalian cortex. Ac-
cording to the simplicity of this model, a thalamocortical network can be implemented

by tens of thousands of neurons with 1ms resolution in a normal 1GHz PC.

[51] introduces many models of spiking neurons and compares them with respect to
biologically plausibility and cost of implementation. 20 different neuro-computational
properties are considered for a model to be biologically plausible as shown in Figure
2.2. This paper discusses which model is the best and concludes that it depends on
the application in which a model is used. If the purpose is studying a real neuron
behavior under specific conditions, we should use HodgkinHuxley model which is
the most biologically plausible. Although a small number of neurons can be run
online due to the computational complexity of this model. On the other hand, if
the goal is simulating a large number of neurons in real time, the most appropriate
model is the integrate-and-fire model which is the most computationally optimal, even
though it does not show very basic characteristics of real neurons. The advantages
of IF model is that it is linear and as a result, mathematical analysis of complex

structures of these neurons is easily possible. The quadratic IF model has a low
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complexity near to IF neuron as well as more biologically plausibility, although it
can not show spike frequency adaptation. Another finding is that when neurons
are polychroniously grouped, the number of patterns that network could memorize
exceeds the number of neurons or even the number of synapses significantly which

can result in an unprecedented memory capacity.

2.3 Spiking Neural Network

Spiking Neural Network (SNN) is the third generation of Artificial Neural Net-
work (ANN) models. Compared to conventional ANN, SNN is more biologically
plausible since it incorporates spike times into computational models which mimic
the information processing in the biological neural system. Recent advances in VLSI
technology have solved the spiking neurons’ implementation issues [52], [53] that we
faced previously because of their higher computational complexity compared to con-
ventional artificial neurons, and thus have largely boosted the SNN research and
development. SNN have been used for many tasks such as learning [54], [55], [56]
and classification [57], [58], [8]. Among the various spiking neuron models proposed
in the literature [50], [59], the most popular one is Leaky Integrate-and-Fire (LIF)
neuron model [47] due to its simplicity. Since the output of DVS can be considered
as some spikes in time, it is highly consistent with any spiking neural network input

and combination of them has been a trending research interest.

2.4 Neuromorphic Vision

The first Neuromorphic visual system implemented in VLSI was introduced in [27].
The paper represents a silicon retina consists of two layers. The lower layer is an array
of 48 x 48 photo receptors (which have near-logarithmic responses to light) while the
upper layer is a horizontal resistive layer which simulates the plexiform layer of a real

retina. The system outputs the difference between a pixel intensity and the weighted
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average intensity of all neighboring pixels. As a result, the system response for a plain
mono-color surface is zero while the response for a static edge is spatial derivative
similar to a real retina. This idea has been developed further and subsequently,
better transducers were introduced in [26] and [25]. A Neuromorphic retina can be
developed for a special application by adding an additional component or performing
further processing in the device. Depth detector [22], moving object detector and
localizer [4], time to collision detector [24] and motion detector system of flies [23]
are some examples of such Neuromorphic retinas. One of the Neuromorphic vision
devices which has recently attracted many researchers interests is Dynamic Vision
Sensor (DVS) [60]. This study is performed on captured videos by Dynamic Vision
Sensors. The following presents an overview of these imaging devices as well as their

applications.

2.4.1 Dynamic Vision Sensors

Dynamic Vision Sensor (DVS) is the latest Neuromorphic implementation of a
real visual system. Currently they are available in two different resolutions 128 x 128
( [61], [62], [63], [1]) or 240 x 180 ( [64], [65]). Conventional cameras capture a
series of frames which have information about all the pixels. Therefore there is a
lot of information in each frame most of which is redundant. The high volume of
information in each frame prevents the camera to have a better time resolution [66].
On the other hand, DVS captures only the changes in pixels intensity and as a result,
it generates less redundant data. This data is transmitted serially using Address
Event Representation (AER) protocol. Moreover, due to logarithmic intensity change
detection, DVS sensors offer a very high dynamic range, meaning it has no problem

in capturing the scenes containing both very dark and very bright areas [63].

The main characteristic of DVSs is high temporal resolution (usually 1 microsec-
ond). These cameras are event based; meaning that when there is a variation in a
pixel intensity, a polarized event is created in the form of a vector. The vector of each

event has three elements (z,y,t); The coordinate (z,y) defining position of the pixel
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Figure 2.3: DVS used in this study and its working principle

while the term ¢ showing instance of the variation. In addition, the event polarization

represents the change direction of the pixel intensity.

Dynamic Vision Sensors are sensitive to intensity change, more specifically, to in-
tensity logarithmic change. Let us consider the logarithm of a pixel intensity as shown
in Figure 2.3(b). Once the logarithmic intensity change is larger than a predefined
threshold, a positive or negative event will be generated depending on the direction
of the change (dark-to-bright or bright-to-dark). Figure 2.3(a) shows the DVS used
in this study which has a 128 x 128 spatial resolution and 1us temporal accuracy. Ac-
cording to the characteristic of a logarithmic function which is more sensitive to small
values, DVS is also more sensitive to darker areas. A small change in low intensity
(dark pixel) can cause a significant change in the intensity logarithm and generate an
event subsequently. As a result, there will be more noise events in darker areas and

it is verified by actual experiments as well.

The DVS we use (Figure 2.3(a)) has the latency of 154 in hardware level. However
events are received with much delay because of USB interface mechanism which sends
data in blocks. The USB delay does not affect the content of DVS output data.
Nevertheless it is reflected on the receiving delay. As a result user is assured about

the accuracy of received data from DVS [1].

Referring to Figure 2.4 one black square is moving on a white background. When
the motion is horizontal, two parallel vertical lines of events occur. In contrast for the

vertical movement, lines of the events are horizontal. It is Noted that the black pixels
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Figure 2.4: The generated events by a moving simple square

show the negative events while white pixels show the positive events. For diagonal
motion, a complete square of events occur. The hatched pixel represents a positive

event following a negative one [67].

2.4.2 Focusing a DVS

In conventional cameras, before capturing any video the distance between image
sensor and camera lens should be adjusted. Without correct setting of the focal
length, blurred videos will be captured by camera. The same issue exists in DVS, but
the meaning of a blurred video is different in DVS comparing to that of conventional

cameras. Figure 2.5 describes the difference between in focus and out of focus DVS.

A DVS generates events only if there is variation in the pixels intensity. It can
happen by a moving object or changing the pixels intensities themselves. To properly
focus a camera, moving object is not a good choice. As a result continuous change
in pixels intensities are needed. For this purpose, a simple tool may be conventional
monitors which have brightness oscillation at a high frequency about hundreds of
hertz. A normal eye is unable to recognize this oscillation while a DVS can easily

detect it [67].

As depicted in Figure 2.5(a), a focusing pattern is displayed in a conventional
monitor. The distances between squares are logarithmic. The inner squares are
nearer than the outers. DVS captures a video from the monitor as shown in Figure

2.5(b). The black areas don’t generate any event since their intensity is always zero.
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(a) Focusing pattern (b) Out of focus DVS (¢) In focus DVS

Figure 2.5: A pattern for adjusting the distance between image sensor and DVS lens

However the white areas generate many events by monitor brightness change at high
frequency. Using a simple trick, a continuous stream of events is obtained without
moving DVS or any other object. At this stage, the focal length can be adjusted for
having a good capturing result. When the DVS is in focus, the captured pattern will
be as shown in Figure 2.5(c) having the maximum number of visible squares in the

frame.

2.4.3 DVS Applications

Although DVS devices are relatively new, they have many applications in machine
vision, robotics, high speed tracking and surveillance. In the following we mention

some algorithms proposed for different objectives.

In a study, a DVS has been exploited as a traffic camera over the highways where
tracking a vehicle and estimating its velocity are two important issues. Knowing the
accurate position of DVS over the highway and the captured velocity in the video, its

geometric problem is solved and the vehicle actual velocity is correctly estimated [68].

Having high temporal resolution, a DVS can be used as a goalkeeper as well.
Tracking fast moving objects e.g. a ball is hardly possible by conventional cameras.
A ball has significant displacement within time period between two consequent frames
in conventional cameras. An event-based algorithm has been introduced for tracking
circles with varying diameters [3], [69]. Similarly another method has been proposed

for tracking micro-particles [70].
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In addition, a tracking algorithm [4] has been suggested based on a Gaussian
modeling of objects [71]. Subsequently this algorithm has been generalized for part-
based shapes based on minimizing an energy function defined by parts locations and

distances [5].

Object recognition [6], [7], [8] and gesture recognition [72] are other applications
of DVS devices. The frames are divided into sub-frames and the numbers of events
in these sub-frames are given as inputs to an ordinary neural network which is able

to distinguish between simple actions.

Robot self-localization is the next area where DVS devices can be used successfully.
A DVS is mounted on a robot and the coordinate of the robot is estimated accurately
based on the processing of captured events [73], [74], [75]. Moreover DVSs have been

used for terrain map reconstruction [76].

The corner points of an object are the intersecting points of two edges in differ-
ent directions. For a corner point, the velocity components along the perpendicular
directions to two intersecting edges are extracted. These components can be used to

recognize the corner points and their actual velocity [9)].

In [77], [78] and [75] some methods have been introduced for event-based visual
flow extraction. They are accurate in detecting the normal velocity of the objects in
DVS videos. The following section discusses more in this area which is one of primary

purposes of this study.

2.5 Conventional Optical Flow

Optical flow is an important problem in machine vision which is widely used in
many applications e.g. object tracking. In the conventional form of this problem, it
is assumed that for a special point of the scene, the intensity value will be unchanged
regardless of objects or camera motion which is called Brightness Consistency As-

sumption or BCA. This problem is equivalent of finding pixels with the same inten-
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sities in successive frames of the video. In a video, intensity is a function of three
parameters x, y, t. The coordinate (x,y) is the pixel location while the term ¢ is the

time or frame number. BCA enforces the intensity variation to be zero. As a result:

dl(z,y,t) 0I0x O0Idy Ol (., 5\ [V ol
a0z ot oyot ot (% %) o) O
I
(VDHTV + % =0 (2.1)

Equation (2.1) is the fundamental equation of the optical flow problems. Having
an equation with two unknown variables v, and v,, it can not be solved uniquely
and therefore another equation is needed. There are many methods for considering
other reasonable equations or assumptions. One is Lucas-Kanade method [79] which
assumes a fixed displacement for all n pixels within a window. As a result, equation
(2.1) is valid for all n pixels with the same velocity V. This leads to n equations and

two variables which will be solved by the least squares criterion.

Some groups of methods for optical flow calculation was proposed including differ-
ential techniques ( [80], [81], [82], [83]), region-based matching ( [84], [85], [86], [87]),
energy-based methods ( [88], [89], [90], [91], [92]), phase-based techniques ( [93], [94]).
However, there was not a comprehensive comparison between these methods until
1994 when Barron et al. provided some artificial and real data with known ground
truth and reported the accuracy of existing methods on them [95]. This was a begin-
ning for quantitative analysis of methods and improving their accuracy. This data
set was standard until the more challenging Middlebury benchmark was introduced
in 2011 [83]. Both data sets have helped to explore difficult areas of optical flow
calculation and improve the accuracy significantly so far. A more recent work by Sun
et al. [96] has performed an extensive review of existing methods. They believe that
most of the methods try to solve the main optical flow Equation 2.1. However many
of them can not be run online on a video stream according to high processing demand

they have.
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2.6 Optical Flow for Event-Based Videos

The problem in DVS is the lack of intensity absolute values. As a result, none of
the intensity partial derivatives e.g. VI nor % can be calculated which is necessary
for estimating the conventional optical flow vectors. In DVS, only the sign of % is
known whether it is positive or negative and obviously it is not enough for estimating
the optical flow by this method. There are some groups of methods in the literature
that we review in following sections. Four methods are based on the conventional
form of the optical flow (Lukas-Kanade variants) and four other methods are based
on local plane fitting on the latest events. Another method is Direction Selective filter
which is limited to four major orientations and as a result, it has a limited accuracy

for flow directions [97].

2.6.1 Direction Selective Filter

This method was proposed by T. Delbruck in 2007 for the first time as an inspi-
ration of biological V1 direction selective cells [98], [99]. The idea behind is that the
events occurring along an edge are almost synchronous; i.e. the temporal distance of

events along an edge is very small.

In Direction Selective (DS) algorithm, a 2-D array is used for storing the time
stamps of latest events at different pixels. Two separate arrays are considered for
positive and negative events. By receiving any event, the time difference between
the incoming event and latest events of all neighboring pixels along a direction is
calculated. This procedure is carried out on neighboring windows of five pixels for
four major directions (0°,45° 90°,135°). As the pixels along a moving edge generate
almost synchronous events, one of four possible directions (which is the nearest to
correct edge orientation) will have the minimum average of time differences. In this
procedure, the events older than some threshold e.g. 100ms are not counted in
calculating the average time differences. There are eight more 2-D arrays correspond

to four possible directions and two types of edge (positive/negative). By finding the
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best matching direction, the orientation time stamp (which is the same as incoming

event time stamp) is stored in the corresponding 2-D array.

The next step is to find the velocity of the detected edge. For every orientation
event (which is represented by a number in one of eight 2-D arrays), all neighboring
numbers along the perpendicular direction to the actual edge are examined. The
neighboring window is considered 5 x 5 pixels and the numbers older than a threshold
e.g. 100ms are neglected. The numbers located at one side of the edge (toward which
the edge is moving) are usually too old and as a result, they are ignored. Alternatively,
two numbers at the other side are used for calculating the speed of detected edge.
Simply the reciprocal of the average temporal difference of these numbers will be
the edge velocity in pixels per second. The velocity magnitude is reported as well
as a number between 0 — 7 showing the velocity orientation among eight possible

directions.

2.6.2 Lukas-Kanade Variants

In section 2.5, we mentioned that to solve the optical flow problem in the conven-
tional form, we need to solve both BCA and Lukas-Kanade equations simultaneously
using LMS method. In conventional image processing, to achieve this simultaneous
solution, we use the spatial and temporal derivatives of image intensity. However,
these values are not defined in an event-based output stream. In the literature, there
are four variations of techniques to estimate these derivatives and then solve the opti-
cal flow problem using conventional techniques. In this group of solutions for optical
flow problem in event-based videos, the first step was taken by Benosman et al. [77].
The histogram of events in a small window during a short period of time is used to
estimate the spatial and temporal derivatives, which are then used to solve the optical
flow problem. The methods to estimate these derivatives from histogram of events,

can be categorized in four groups, briefly discussed in the following.
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2.6.2.1 Backward finite difference

The first method is to estimate the intensity partial derivatives by the differences
of pixels activities [77]. A pixel activity is defined as the summation of all events at

that pixel within a time period e.g. At = 50us.
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81; t— At t—At
ol(z,y,t) < d
8—73/’ ~ Z e(may7t) - Z 6(%’,@] - 17t)
Y t— At t—At

ol(x,y,t 1
% ~ A Ze(%@/’t)

2.6.2.2 Second order temporal derivative

The second method is to use the second order difference of pixels activities for

temporal derivative [100].
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2.6.2.3 First order central finite difference

Previous two methods are biased toward z — 1 and y — 1 which is verified by

experiments as well. Using central finite differences as spatial derivatives remove this

bias.
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2.6.2.4 Second order central finite difference

The fourth method is the second order of accuracy for calculating central finite

differences as spatial derivatives.
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2.6.2.5 Savitzky-Golay filter

Lukas-Kanade methods are based on derivatives of pixels activity as discussed in
previous sections. The pixels activity is taken in small temporal windows and since
the events are sparse, they are highly sensitive to noise. Smoothing the pixels activity
function by fitting a low-order polynomial to neighboring pixels makes the function
more robust to noise. One method for smoothing is using Savitzky-Golay (SG) [101]

filter which estimates a two-dimensional function as follows:

n n—p

f(x,y) = Z Z apgr’y*

p=0 ¢=0

This fitting is usually performed to a 3 x 3 window using least squares method and
polynomials are confined to the same order in both x and y directions for simplicity.
The coefficients of first order polynomials immediately show the gradients of the
surface. As a specific example, if we solve the problem for the first order of fitting in

3 x 3 windows, the gradients in x and y directions will be as follows:
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We need to calculate these coefficients just once for a specific order of polynomials
and window size. The results of this method will be presented in Tables 3.2 and 3.1
as LK SG-

2.6.3 Local Plane Fits

The next group of solutions for this problem was introduced in 2014 [78]. As
stated before, every event has the location and time information. The time parameter
can be considered as a function of the events’ location. This function is defined as
t =) .(P) where P is the location vector of the events. If events are represented in

3-D spatiotemporal space, they form a surface as seen in Figure 2.6.

Considering an event on the surface ), a small area around this event on the
surface can be realized as a small plane. As a result, the events within a small

spatiotemporal window are supposed to be on a plane. Keeping only the first term
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of the Taylor series, there is a linear equation between t and P.

D> 9.
At =~ AP = =< A —A
t V(Z) e AT + 5 y

e

The above equation describes a plane in 3-D spatiotemporal space. In other words,
the problem is equivalent to finding a plane azx + by + ¢t + d = 0 tangent to events
surface at a point. The inverse slope of this plane along x or y axes are the velocity
components along those. This is accomplished by an iterative procedure on all events
inside a small spatiotemporal window. The objective is fitting a plane using the least
squares regression. In every iteration, those events further away from the plane than
10ms are neglected and the algorithm continues with the remaining events. Every
iteration makes the parameters (a,b,c,d) more accurate and the algorithm stops
running when the Euclidean distance of these parameters (a, b, ¢, d) in two successive
iterations becomes less than 0.01. Finally, the edge velocity in  and y direction will

be as follows:

Jdr —c dy —c
Uy = = — v = —

T 0t a YTt b
Above formulations are correct unless the edge is along either x or y axes. For a
vertical /horizontal edge, one of the parameters (a,b) is zero and above formulations
result in infinite speed along the edge which is obviously not true. One can set a
threshold for parameters (a,b); i.e. if either a or b is less than a threshold, the

corresponding velocity is neglected and considered as zero.

2.6.3.1 Orthogonality constraints

We face the issue of infinity speed along the edge because events surface is not a

one-to-one function and as a result, not invertible [100]. The edge velocity magnitude
1

is reciprocal of the surface gradient magnitude (—) while the edge velocity direction is

the same with gradient orientation. Therefore edge velocity vector can be calculated
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based on the gradient magnitude and direction as follows:

>, 2l —1|a Va2 + b2
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We should mention that by this method, only the normal components of the visual

motion flow to the object boundary are extracted [75].

2.6.3.2 Single fit

The problem of finding surface parameters (a, b, ¢, d) using an iterative algorithm
and improving the results step-by-step is a bit challenging. If the initial values consid-
ered for (a, b, ¢,d) are not true enough, then the correct events will be ignored wrongly
as too far points from the plane and the parameters will not be revised correctly in

the iterations.

An alternative method which solves the above-mentioned issue is to utilize all
events simultaneously and fit the plane based on the Least Mean Squares method.
As a result, the best-fitted plane is obtained instantaneously by considering all events
inside a spatiotemporal window and this method does not remove the events which

are too far from the fitted plane.

2.6.3.3 Savitzky-Golay filter

For smoothing the noisy surface of latest events in a spatiotemporal window, a
two-dimensional Savitzky-Golay filter is applied again. For the first order of this
filter, the following plane is obtained.

t(x,y) = ago + a0 + any
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Using Equation 2.2, the flow vector is directly calculated by substituting (a;q, agr, —1)
for (a, b, c).

Sometimes the spatiotemporal window contains some old events belonging to an
object previously passed from the same location. This method, as well as the previous
method (single fit), do not offer any way for ignoring such events. One solution is
estimating the average derivatives in x and y directions. This method is repeated over
x values or y values of events and calculate the derivatives for valid pairs of events.
The final gradient will be the average of these individual derivatives. It can be shown
that this method is equivalent to the first order Savitzky-Golay filter with the benefit

of ignoring invalid events, at the cost of more computations.

2.7 Hough Transform

Hough Transform (HT) is a well-known method in computer vision to efficiently
identifies lines in images. The first appearance of HT was in a patent application by
Paul V C Hough in 1962, for machine analysis of bubble chamber photographs [102]
with the name ”Method and Means for Recognizing Complex Patterns”. Then Hough
Transform was proposed in 1972 as a feature extraction (especially line detection)
method in computer vision [103]. Through years of application to a wide range of
pattern recognition applications in more than 2500 research articles, resulted in the
method to be popularly called Hough Transform (HT), and it is frequently used
today. The main idea of this method is first transforming every point from the
conventional Cartesian coordinates to the parameter space, in which every point
defines a specific shape, and then finding local maximums in the parameter space
to obtain the shape parameters through a voting procedure. The dimension of the
parameter space depends on the shape that we want to extract and its complexity.
A line can be uniquely defined by two parameters and therefore the parameter space
for detecting lines is two dimensional. Three parameters (x and y positions of center

and radius) can define a circle on a plane, and thus the parameter space for detecting
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circles is three dimensional. Hough transform can also be used for detecting arbitrary
shapes [104]. Hough transform can be accelerated by managing the needed memory
size or limiting the search area in the parameter space. The problem of dimensionality
can be reduced by some tricks [105]. Using line detection as an example, since the
line direction is perpendicular to the image gradient vector, the line slope can be
obtained immediately according to the gradient vector and a two-dimensional Hough
transform is then converted to a simpler one-dimensional problem. Another idea for
accelerating the algorithm is using coarse-to-fine searching in the parameter space
and is named hierarchical Hough transform [106]. In this section, we briefly discussed

on the literature of Hough Transform.

It is probable that the popularity of HT usage in pattern recognition and image
processing is rooted in that a significant portion of man-made and natural objects has
a circular profile like disc, coin, button, celestial body, biscuit, and biological part.
Moreover, the oblique projection of these objects into 2D space can be used for ori-
entation estimation, as the projections of circles result in an elliptical pattern. These
properties render HT a beneficial image preprocessing for a variety of applications in

pattern recognition and object detection fields [107].

The parameterization of circle used in [102,108] is:
fulesp) = (o =@+ (g = B =12 =0

where (a,b) denote the center and r is the radius of the circle. Thus, each pixel in
the image plane is transformed to a cone in a 3-D parameter space, also known as
the Circle HT (CHT) [109]. It can be shown that by coding orientation and distance

information as a complex phase, one can improve position accuracy [109].

The general equation of an ellipse is:
22+ by 2d ey + 2/ +2¢'y + ¢ =0

where V', ¢, d', €/, ¢’ are constant coefficients normalized with respect to the coefficient
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of x2.

Based on the ellipse equation, to detect an elliptical object using HT, a 5-D
accumulator array is needed, parameterizing location (co-ordinates of center), shape

and orientation of an ellipse.

With the great potential to define shapes, HT has been shown to perform as
a matching filter for several applications [110,111]. A template matching filter is
applied to image domain, based on corresponding image points. In many cases the
complete set of corresponding points does not exist in the image, adding unnecessary
calculations on these template points, with no effect on the retrieving the matching
degree between the model and the image. Using HT, a shape can be represented by
a list of boundary points, a.k.a. templates, and similar shapes have similar templates
with addition of translation, rotation and scaling [104]. HT then always assumes
a match between given basic template point and a selected image point and then

calculates the transformation parameters which connect them.

For the image matching application, scalable translation invariant rotation-to-
shifting (STIS) signature was proposed by Pao et al. [112] where rotation in im-
age space corresponds to circular shifting of the signature space. Using the signature
space, a matching merely needs computing a 1-D correlation of the reference template

with the test template.

2.7.1 Standard Hough Transform disadvantages

Standard Hough Transform (SHT) is a powerful method that is robust against

missing data and discontinuity on the curve [102,108], but SHT has several drawbacks:

e Time and memory relation with curve parameters: The computation time and
memory requirements grow exponentially with the number of curve parameters
because n parameters, each resolved into m quantized intervals (bins), require

an n-D accumulator of mn elements.

e Time and memory relation with quantization: For high accuracy of localization,

finer parameter quantization is required, that entails higher processing time
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and memory requirements. There is no clear-cut way to optimize the trade-off

between accuracy and computation cost for an image.

e Uniform parameter quantization: A uniform quantization of the parameter

space means a non-uniform precision in detecting the curve in the image space.

e Peak Spreading: Due to various sources of error, votes near the true parameter
vector will increase, leading to peak spreading, which hampers precise detection

of maxima in the accumulator.

e One transformation process per feature: For the detection of each new feature,

a separate transformation process must be initiated.

e Blind voting: Irrespective of noise, voting contribution of each pixel in the
parameter bins is the same (blind voting), resulting in reduction of detection

accuracy.

e End points: SHT cannot automatically detect the end points of line segments.

To overcome these limitations, modifications have been made in one or more stages.
Some of these algorithms have introduced features that are significantly distinct from
the SHT, including Generalized Hough Transform (GHT) [104], Probability based
HT [113], Randomized HT [114], and Monte Carlo HT [115]. In this text we briefly

overview GHT due to its relation to our proposed methods.

2.7.2 Generalized Hough Transform (GHT)

An initial approach towards a generalized version was made by Merlin and Farber
[116] by assuming the target object to be the result of translation of the model
object. This idea was extended by Ballard [104] into the Generalized HT (GHT), a
generalization of SHT, that includes translation, rotation, and scaling of the model.
GHT is a two-phase learning-detection process to detect non-parametric curves. In

the first phase, learning, R-table is constructed from a model object. Then by fixing a
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reference point and using it as the origin, a polar co-ordinate system is established in
the model object, and the R-table stores the polar coordinates of all template points.
Finally, each row at the R-table is indexed by the gradient directions of the edge points
on the template. In the second phase, detection, an accumulator is constructed via
a 2D array, a.k.a. the Hough Counting Space (HCS) or parameter space. Matching
gradients directions at each edge points and the corresponding R-table entries will
add a vote to the hypothetical reference point in the HCS. The highest number of
votes casted to a cell in the accumulator array (and its corresponding reference point),

determines the image pattern matched to the model.

Compared to [116], local information of object edge points is incorporated in GHT,
and allow faster and more accurate execution. The local information properties were
extended in [117], allowing application of stronger constraints for matches. These ex-
tensions include contrast, position and curvature of contour points. Further optimiza-
tion of the computation is also proposed by Leavers in Dynamic GHT (DGHT) [118],

using available information on the distribution of feature points.
While GHT retains the robustness of SHT, it does not solve all SHT drawbacks:
e GHT cannot detect end points of line segments.
e Parallel processing of GHT requires a large number of elements.

e Brute force search is usually applied when orientation and scale of a new shape

is unknown

e Due to brute force search, arbitrary shape extraction under similarity or affine
transformations leads to 4D and 6D accumulator spaces, with O(n*) and O(n°)

complexities, respectively.

e Unlike rigid objects, GHT cannot adequately handle flexible shapes that are

usually found in nature such as leaves or animals.

e The conventional GHT cannot detect perspective transformation of planar shapes.

Most images of real world objects are undergone perspective transformation.
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To tackle the dimensionality problem of GHT, Tsai proposed two-stage voting
[119]. The first stage of the voting process finds the matching points with the same
concavity and radii, to estimate the rotation angle of the object w.r.t the model. The
second stage then matches points having the same radii, concavity and rotational
angles to find the centroid of the object. Another method proposing multi-staged
GHT is affine GHT in [120]. At the first stage, candidate points are selected by
applying 2D HT. At the subsequent second stage, a 4-D HT is applied to determine
the remaining four parameters. Moreover, Adaptive HT [121] is proposed for efficient
estimation of the 4-D HT at the second stage. The same concept of two-stage GHT
[119], but on scale and orientation is proposed in Scale and Orientation Invariant
GHT (SOIGHT) in [122], where the accumulator array stores scale and orientation

pairs for the points.

GHT can be extended to recognize articulated objects. One approach is using
reference frames at joints [123]. Another approach is a modified GHT, HT for Natural
Shapes (HNS), that updates votes of all points on a line segment [124]. This approach
can be used for natural shape recognition. An extension to HNS is proposed in [125]

that allows template matching from a single sample of the object.

To achieve invariance to perspective transformation, the method proposed in [126]
uses a Perspective-Reference table, to store exhaustive list of perspective transforma-

tion information of the model.

2.7.3 Digital Hough Transform (DHT)

The original SHT variants work in analog mode and do not consider the loca-
tion quantization due to image digitalization [127]. Digital Hough Transform (DHT)

techniques consider different aspects of using SHT in the digital domain.

When an analog straight line is digitized, it forms a digital straight line (DSL).
The Analytic Hough Transform (AHT) [128] works on a set of pixels and determines

if an analog straight line can be obtained in digital format, using that set of pixels.



Chapter 2: Literature Review 33

Chord property, the basis of these techniques, determines if and only if a digital
arc S is a DSL [129]:

Let p, ¢ be two points of a digital image subset S. pqg~ is the continuous line
joining p and ¢. pq~ lies near S if for every real point (x,y) on pg~, a point (i, )
exists on S such that maz(|i — z|,|j — y|) < 1. S has the chord property if for every
p, ¢ on S, the chord pq~ lies near S.

In AHT [128], authors proposed a non-uniform space quantization, partitioning the
space into four sub-spaces, called Analytic Hough Region (AHR). The core concept
used in AHT is described originally in [130], that shows HT of a set of points will
overlap on a small polygon in one of the four AHRs, if the points are collinear with a
set of lines. AHT used slope-intercept parameterization is used to determine a set of
points satisfy this property. The Inverse AHT (IAHT) can be then used to convert
the overlapping polygons into a pair of convex hulls in image space. If a line passes
through all the pixels connected with the parameter space, this line will pass through
the two convex hulls. Based on this, TAHT can be used to generate a pair of geometric

boundaries in the image space, from the overlapping polygons in the HT space.

The effects of line quantization and the sensitivity of the resulting DHT has been
discussed in detail and formulated in [131]. In another evaluation, Analog HTs and
different varieties of DHT has been compared by Kiryati et al. [127]. Kiryati et
al. has compared the number of accumulators in DHT, determined by digital image
resolution, and Analog HT, determined by parameter specifications that ultimately

fixes the resolution.

2.7.4 Problem of dimensionality

HT performs mapping of each pixel in HT space, and is therefore a time-consuming
process. Moreover, the computation required to calculate HT, increases exponentially
with number of curve parameters. The main proposed solution to address high di-

mensional computation is under divide and conquer category, and either through
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calculating HT in sub-images, or parameter space decomposition.

Several authors have used dividing the original image into sub-images [132-138]
and applied the divide and conquer technique. The proposed methods range from
single level application of HT to the sub-images under the constraint of the curve
passing through a set of pixels [137], or multi-level application of HT, first on sub-
images, and then evaluating the contribution of each sub-image to the HT space of
the original image [135], or parallel running of matching sub-images of template and
the image, using master-slave technique [138]. A performance boosting technique that
can be applied to all the above sub-image-based techniques is to avoid processing of
relatively empty block. One proposed technique is thresholding blocks based on the
block gradient magnitudes, and applying HT only to those that pass the threshold
[133]. Another technique for example, estimates the contribution of each sub-image
to the HT of a specific target region, and avoids calculating HT for the ones with
low contribution. Fast HT [139,140] is another example that thresholds blocks based
on the votes associated with each block in contributing to the HT space, with each
block divided to sub-blocks to create low to high resolution application of HT, based

on the required calculation for a certain special resolution in the final HT.

Parameter space decomposition is the other group of divide-and-conquer methods
to overcome the problem of dimensionality. For example, for detecting a curve, instead
of using full HT parameter space, Pao et al [112] proposed decomposition of the
parament space into translation, rotation and intrinsic spaces, and then start with
searching for the matching orientation of the curve in the rotation space, followed by
determining intrinsic curve parameters and translation of the curve in the transformed

space.

Parameter space decomposition is a popular method for reducing the dimension-
ality of calculating HT, in detecting circles and ellipses. Particularly, because of the
geometric properties in circle and ellipse, geometric constraints can be used to avoid
exhaustive search and reduce computational complexity. The parameter space decom-

position in these cases usually start with finding the center of circle or ellipse, and
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then a guided search for candidate points that satisfy the related geometric equation.
For example, in [141,142], the search for center point of the target ellipse is performed
using a 2D array, searching for lines joining two set of points with parallel tangent,
followed by a 1D array to search for candidate points of the ellipse. This method
is further developed in [143] for partially occluded ellipses, where the dimensionality
reduction is obtained at the expense of high storage space. In [143], after finding
the candidate points in the second stage, the remaining 3 parameters of the ellipse
(major and minor axis length and the orientation) are estimated using the following
equation:
dy

d
x+byd—i+d(x%+y):0

Another example of using geometric constraint is presented in [144,145], where the
center of ellipse is found by intersecting two lines, one line, L1, crossing two points on
the ellipse (with non-parallel tangents), and the second line, L2, connecting midpoint
of L1 and the intersection tangents of the two points on the ellipse. It can be shown

that the center of the ellipse lies on L2.

To provide a robust detection in the presence of noise and occlusion, the symmetry
in the ellipse is usually used as another geometric constraint. Methods such as in
[146], tackle the problem of dimensionality by first applying geometric symmetry
constraint to group all feature points into different possible ellipses, and then following
by searching these groups for sets to satisfy geometric properties of the ellipse to find

the remaining 3 parameters.

Detecting circles are usually on the basis of circles being special cases of ellipses.
For example the two-staged parameter space decomposition of finding the center first
and then other parameters is shown in [147], using two sets of 2D accumulators. The
geometric symmetry is also used in [148], applied on gradient pair vectors, and in [149]

using the geometric constraint that any chord passes through the circle center.

Other examples of parameter space decomposition are use of mean squares error
(MSE) to estimate one parameter at a time [150], dividing the image into sub-images

based on convexity of the ellipse shape [151], finding The Fuzzy Cell HT [152] and
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Randomized Fuzzy Cell HT [146].



Chapter 3

Normal Motion Analysis in

Event-Based Videos

Motional analysis of objects in a video is an important subject in machine vision
since it s a useful tool to understand the video and extract the information we are
interested in. Therefore there are a large number of studies on different aspects of op-
tical flow in the literature. On the other hand, optical flow extraction is relatively new
in event-based videos. In this chapter, we propose a novel framework to understand
objects” motion in DVS videos. An algorithm is proposed for calculating flow vectors
as well as edge orientations based on principal component analysis of generated events
i small spatiotemporal windows. Effects of spatial and temporal quantization are in-
vestigated by proposing a model for events generation. Results of this chapter will be

a basis for further processing in next chapter.

3.1 Introduction

Optical flow extraction in event-based videos is a relatively new field of researchers’
interest. There are two different approaches in the literature. First group of algo-

rithms called Lucas-Kanade (LK) variants try to solve the conventional equation of
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the optical flow (Equation 2.1) by estimating derivatives of intensity using generated
events. On the other hand, second group of algorithms are based on Local Plane (LP)
fits in spatio-temporal space. Our proposed method in this chapter can be considered
in the second group. Our goal in proposing the current framework, is to establish
an analytical framework to assess the results of optical flow for DVS output streams.
Considering the two main categories of estimating the optical flow in DVS systems,
the Local Plane Fit (LPF) category has a distinct advantage over the Lukas-Kanade
(LK) category. In the LPF category, PCA/SVD can be readily applied. As PCA is
a well-established analytical approach, using the LPF category and applying PCA
allow us to provide a much deeper analytical framework. In comparison, LK category
does not allow direct application of PCA. On the other hand, LPF methods in the
literature use Least Mean Square (LMS) which approximates PCA answer with lower
computational complexity, although it does not allow deeper analytical assessment of

results.

When an object is moving in a video, there are many pixels with varying intensities
and they can generate many events accordingly. For a static background and a fixed
DVS, these events are mostly limited to object areas and if objects have monotonous
textures, they are limited to edge areas. Any event occurring in the background due
to the change of the lighting or shading or any event inside the object caused by
a discontinuity of object texture is considered as a noise unless a clear edge can be
detected in the form of a line or curve. The objective is to find all lines and their

properties within small windows to reconstruct the whole boundary of objects.

3.2 Events in spatiotemporal space

Each event has four parameters including the time, x-position, y-position and
polarization. The last parameter showing the direction of the intensity change is not
important in the edge recognition. Negative events can represent an edge in the same

manner as positive events can. As a result, the polarization of events is ignored in this
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Figure 3.1: DVS output for a rotating black disk with a white dot in spatiotemporal
space

study and the other three parameters can be depicted in 3-D spatiotemporal space.
Figure 3.1 shows the generated events by a DVS capturing a black rotating disk with
a white dot on the disk. As seen in the figure, the time duration of a turn is 2.5 ms
because the disk is rotating at the frequency of 400 Hz. The blue points represent
the positive events while the red points represent the negative ones [7]. Again it is
emphasized that the polarization of events is not important in the edge detection

problem.

Small parts of an object boundary can be assumed as linear elements; Meaning
that we can consider the object boundary as short moving lines in small spatial
windows. The events are generated randomly on these short lines. Knowing that
a moving line with a fixed velocity spans a plane in the spatiotemporal space, the
events are supposed to be on this plane in any small window on the boundary. The
characteristics of this plane represent the edge direction and velocity at the center

point of the window.

Figure 3.2 shows a simple straight line while vector i = [a,b]” is the unit normal

2
vector to this line ( HﬁH =a%?+1?>=1). For any point [x,y]? on this line:

T

a x
axr + by = . =
b

cos(p) = ¢
Y
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Figure 3.3: A moving shape and a small part of its boundary in a window

Where c is the normal distance of the line from the origin. Assume that the line
is moving with a velocity v. Therefore ¢ = vt + ¢y, giving a general equation of a

moving line as ax + by = vt + ¢y.

As shown in figure 3.3(a), a small M x M window of the object boundary is chosen
where the velocity v is perpendicular to the edge direction (v = vn). Figure 3.3(b)
shows this window where a small part of the boundary is a straight line moving at
velocity v with vector i = [a, b]” the normal to the edge direction. The events occur
randomly on this line at random instances. Removing the bias values of both x and

y, results in figure 3.3(c) giving the moving line equation as:

axr + by = vt (3.1)
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3.3 Events analysis in continuous space

In this stage, it is considered that all three parameters, t, x and y are continuous.
Let Q = [T, X,Y] be a random vector with three random variables T, X and Y.
Referring to equation (3.1), the relationship among these random variables is given

by:
X +bY
o A Tor (3.2)

v
X and Y are chosen randomly within a window. For square windows, they can be
M
)

interval [=2%, ] with a further constraint that X2 + Y2 < (&)2.

any value in the interval [% |. For circular windows, they can be any value in the

Computing the covariance matrix of the random vector Q (note that Q is a zero-

mean random vector) gives:

T T TX TY
C = cov(Q) = E{QTQ} = E{| X [T X y]}:E{ XT X* XY|}
Y YT YX Y?

Both square and circular windows are symmetric with respect to x and y axes.

Therefore X and Y are uncorrelated and independent with the same variances.

E{XY}=E{YX}=0

E{X?} = B{Y?} = ¢*

B{XT} = B{TX} = E{XanbY} _ aE{XQ}J;bE{XY} _ azz
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YQ 2
E{YT} = B{TY} E{YaX—i-bY} _ aB{YX} +bE{Y"}  bo”
v v v
aX +bY AE{X2Y + VPE{Y?} + 2abE{XY
E{TQ}:E{( )2}: { } {2 } { }
v v
a’o? + b?o? o2 o2
E{T*} = 2 (a® + bZ); =
o2 ac? bo? 1 a b
2 v v w2 v
C= |2 42 0|=0"|2 1 0 (3.3)
b o’ o1

Performing PCA on this covariance matrix gives the eigenvalues \; and eigenvec-
tors w;. For a positive definite matrix like a covariance matrix, eigenvectors build
an orthogonal basis for data (events here). Eigenvalues represent the distribution

(variance) of events along the corresponding eigenvector direction.

Cw; = Awi , |lwi|]| =1 —=[C=M|=0—| ¢« 52_Xx 0 |[=0
be” 0 o2—2)
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Equations (3.4) indicate that if both time and location parameters are continuous,

the covariance matrix will have one zero and two non-zero eigenvalues. The eigenvec-

tor corresponding to the middle eigenvalue denotes the edge direction while the edge

velocity can be estimated using the eigenvectors corresponding to zero or the largest

eigenvalue.

The covariance matrix and its eigenvalues and eigenvectors can be calculated based

on the generated events inside a window. As a result it is assumed that three eigen-

vectors (Wy, W, W3) correspond to three eigenvalues (Ay = 0 < Ay < A3) are known

and we want to estimate the edge velocity and direction based on these values (w;;

denotes the jth element of w;).

( W23 —a
tan(f*) = — = —
W22
. —wqg Wi 1 |wse
Vi= S = — =v
Wiy + Wiz |wg W31 | 033
. -1 W12 1 W32
o= 2 2 - 2 2
\ \V Wip + Wiz | w3 V W3g + W33 | w33

Equations (3.5) state that how the edge direction and velocity can be estimated
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based on the covariance matrix of the events in a window. v* and #* are the estimated
velocity and angle between the edge direction and x axis. Moreover n* denotes the
estimated unit normal vector to the edge. The eigenvectors should be normalized
such that their first elements become positive (wy; > 0 and ws; > 0) and wo becomes

equal to w3 X wy.

3.3.1 Events analysis in discrete space

In real cameras, both time and location are discrete, i.e. there is a finite resolution
on location and time. For the DVS used in this study, frame resolution is 128 x 128
pixels (relatively low resolution) and time accuracy is 1us (very high accuracy). Nor-
mally some quantization error is added when the location or time are quantized. Here
a sensible modeling of this quantization error is proposed. Although its verification is
beyond of this study and it demands a comprehensive investigation of DVS behavior
in different conditions. The purpose of this modeling is just to show we will have
a zero-mean noise on the time parameters of the events when the time and location

become discrete.

Referring to figure 3.4, line L is moving at velocity v. Let us consider a 1 x 1
window W centered at pixel O(x,y). This window covers interval [z — 0.5, 2 + 0.5] x

[y — 0.5,y + 0.5] of the space and [a, b]T is the unit normal vector to line L.

e At instance t — 7, line L approaches F, the first point of window W.
e At instance t, line L arrives at O, the center point of window W.

e At instance t + 7, line L passes R, the last point of window W.

Assuming the time parameter is continuous, let us consider an event e occurs at
instance ¢t 4+ ¢ on line L and inside window W, where the nearest pixel to this event
is O(x,y). As a result, this event is reported as [t + §,z,y]T while the relationship
between x, y and t is t = axvﬂ based on equation (3.1). The term ¢ can be any value

in interval [—Z, Z]7.
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Figure 3.4: The effect of location discretization. [a, b]” is a unit normal vector to line
L

Since [a, b]” is a unit normal vector to line L (a*+? = 1) and window W is 1 x 1,
the displacement of line L from instance ¢ — 7 to instance ¢ +  is |a| + [b]. The time

duration of this displacement is 7 and the line velocity is v. Therefore:

(3.6)

e

Based on this modeling, let Q = [T, X, Y] be a random vector with three random
variables T, X and Y. If X and Y are discrete, then:

aX +bY
-+
v

T = )

d is another zero-mean random variable such that:

T T

If the time parameter becomes discrete as well, with similar reasoning, the interval

for 6 will become wider as much as 7" which is the time accuracy of DVS.
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* *

T+T
2

T+T

E{6} =0 - <<

If é < 1, we can ignore the time accuracy 7* which is 1us for the used DVS in

this study. Based on equation (3.6):

T* TV

1
— = <7tk louvg —=10° > 0v < 10°
T la| + |0] T*

If velocity v < 10°, the temporal accuracy 7* can be ignored in the calculations;
i.e. to ignore the DVS temporal accuracy, a one-pixel displacement of the edge should
take a time more than 10us which is usually true. The high temporal accuracy of the
DVS is such that the time element can be considered as a continuous parameter in

most cases.

X and Y have integer values chosen randomly within a window and the values
depend on the window shape. The covariance matrix is calculated for Q which is a

zero-mean random vector.

T TX TY
C=cov(Q) =E{Q"Q}=E{|XT Xx? XY|}
YT YX Y?

Both square and circular windows are symmetric with respect to x and y axes.
Therefore X and Y are uncorrelated and independent random variables with the

same variance value 2.

E{XY}=E{YX}=0

E{X?} = B{Y?} = ¢*

aX +bY ac?
—

BE{XT} = E{TX} = E{X( 5) =22
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X +bY bo
E{YT} = B{TY} = E{v(*2 00 s =2
v v
X +bY
B{T?} = B{(Z20 1 gy =
a’c? + b%0? , 02 )
:T+0d:F+Od
<+ 3 ac®  bo? Ly e b
C=1] « 4 o|=c"|2 10 (3.7)
b‘f o? b0
_ (Y9d\2
v= (22

Comparing matrices in equations (3.3) and (3.7), it is observed that they are the
same except in the discrete space there is a small disturbance on the time variance.
Referring to the proposed modeling, o, is proportional to the inverse velocity and
as a result v is mainly affected by o. If v = (*2¢)® <« 1, it can be ignored more
reliably in the calculations and it is possible by increasing ¢ which is proportional
to the window size. On the other hand, assumption of the edge as a series of linear
elements is not valid for large windows and there is an optimum window size based

on the edge curvature.

The eigenvalues and eigenvectors of matrix (3.7) are calculated as follows.

Cw; = \w; , HWzH =1

1+v vot
V2 )+7

M —Cl=N=cH)(N =M1 + )=0

The parameters A and v* are defined for simplifying the results.

4pv? v

A:l—— *:
(1+ 024 v)? v 1402
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4p* v?

1+ )21 + 02

Here are the eigenvalues and eigenvectors, both accurate values and first order

approximations:

A=+ ) (1 - VA) = 0%

2

Ay =0 (3.8)
1+ v*
A3 = %2(1 + )1+ VA) = o1+ = )
( v(l—21)
—a .
U(l B 1+112)
- L e )
= ~ —a
YT e S e =
—b(1 + 1)
0
W2 =1 (3.9)
—a
v (3% —1)
av .
Ws = v\/v2(2—§—1)2+1 ~ 1+ V2 (lU(l - W)
L (1l — 53)

Comparing with results (3.4), results (3.8) and (3.9) indicate that if both time
and location parameters are discrete, the covariance matrix will have three non-zero
eigenvalues. The middle eigenvalue and eigenvector are the same as those in the
continuous space. The middle eigenvector is used to estimate the edge direction.
Moreover the first and last eigenvalues and eigenvectors in discrete space have extra

disturbance terms compared to continuous space.

The covariance matrix and its eigenvalues and eigenvectors can be calculated based

on the generated events inside a window. As a result it is assumed that three eigen-
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vectors (Wy, W, W3) correspond to three eigenvalues (A; < Ay < A3) are known and
similar to continuous space, we want to estimate the edge velocity and direction based

on these values (w;; denotes the jth element of w;).

( W23 —a
tan(f*) = — = —
an(0*) 0 ;
—W11 W12 /\1 a
Vi = —F—5 =v(l - — ~o(l—v")
' w%Q + w%S W13 ( 02) b b (310)
1 |w 1 a a
vi=— %2 = — ~ov(l—v")
W31 |wag | (23 —1) [b b

0* is the estimated angle between the edge direction and x axis while vi and v} are
the estimations of the velocity vectors based on the first and third eigenvectors and
they are equal in the first order approximations (v ~ vj = v*). Both estimations
are accurate in the direction, although they are biased in the magnitude. Keeping the
first order approximation of disturbance v, it is concluded that vectors magnitudes

are v* percent less than the actual value.

=V = (3.11)

Equation (3.11) states that decreasing v (by increasing e.g. window size) results
in a better estimation of edge velocity. However window size can be increased only

where the edge curvature is low.

3.4 Some points about PCA of the events

In this section, some important details are mentioned about last two sections.

1. The term o? is used as the variance of random variables X and Y within a

window.
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e For continuous random variables distributed uniformly inside a M x M

square window:

e For continuous random variables distributed uniformly inside a M x M

circular window:

% 2
o’ = / / (x — X)*fx(x)rdfdr =
o Jo

% 271 ) 1 M2
:/0 /0 (rcosf) 7r(%)27"(1&[7":E

e For discrete random variables distributed uniformly inside a M x M square

window:
M
o= (k—k)’p(k) =
k=1
Mk M+1,1 M*—1
_kzl(_ 2 )M_ 12

A reasonable conclusion is that ¢ is proportional to the window size.

2. As stated before, the events in a small spatio-temporal window are supposed to
be on a plane. The objective of the PCA is finding the properties of this events

plane.

e The first eigenvector is normal to the plane and the corresponding eigen-
value shows the deviation of events from the plane. Therefore this eigen-

value illustrates the noise power of the events.

e The second eigenvector, i.e. the minor axis of the events plane shows the
edge direction. This vector is horizontal in the spatiotemporal window,

meaning that the time element of this vector is zero. Only this eigenvector
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Figure 3.5: Different shapes of the intersection between the events plane and a cubic
spatiotemporal window

is not affected by the quantization error.

e The third eigenvector, i.e. the major axis of the events plane represents

the movement direction of the edge in spatiotemporal window.

3. For the square windowing of the events, they will be inside a cube in the spa-
tiotemporal space. The intersection of the events plane and a cubic window
can be different shapes as shown in figure 3.5. Therefore the minor and major
axes of these complex shapes of the intersection may be lost. In this case, the
second and third eigenvectors will not be valid in the way we explained before.

A circular window can somewhat solve this problem.

4. For the circular windowing of the events, they will be inside a cylinder in the
spatiotemporal space as seen in figure 3.6. The intersection between the events
plane and a cylindrical window is an ellipse as depicted in figure 3.6(a).

If the edge velocity is low, the slope of the events plane will be high and the
intersection may be a cropped ellipse (Figure 3.6(b)). Even in this case the
minor and major axes of the events plane are usually valid.

If the edge velocity is very high, the slope of the events plane will be low and
the shape of the intersection changes to a circle. Referring to figure 3.6(c),
only in this case the minor and major axes of the events plane may be lost
and therefore the second and third eigenvectors will not be valid in the way we

explained before.

5. As mentioned before, sometimes the minor and major axes of the events plane
are lost specially for square windowing of the events and two last eigenvectors

are not valid accordingly. In this case, the first eigenvector is still valid since it



Chapter 3: Normal Motion Analysis in Event-Based Videos 52

Q0
OO

(a) For normal velocity (b) For low velocity (c) For high velocity

Figure 3.6: The intersection between events plane and a cylindrical spatiotemporal
window

shows the normal direction to the events plane. In addition the time element of
the second eigenvector is zero, i.e. it is horizontal in the spatiotemporal space.
Knowing the first eigenvector, the second can be estimated more robustly since
there is only one horizontal direction which is perpendicular to the first eigen-
vector as well.

The eigenvectors of a positive-definite matrix e.g. a covariance matrix are or-
thonormal and therefore the cross product of the first two eigenvectors is an
estimation of the third.

Due to above explanations, the normal vector of the events plane is the most
important parameter of that and any other parameter can be calculated based

on this normal vector.

3.5 Adaptive estimation of the events plane

The normal vector to the events plane defines all properties of the plane. Let
us consider some events in a spatiotemporal window as seen in figure 3.7. All the
events are supposed to be on a 3-D plane. Because of the noise, some small deviations
from the plane may exist on the events coordinate. We are interested in finding the
vector w; which is normal to the events plane. This vector corresponds to the first

eigenvector in the PCA of the events. Assuming the mean point O of the events
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Figure 3.7: Estimating normal vector based on the events

as the origin of the coordinates, this set of events has zero mean value. The events
can be considered as some vectors since they have three parameters t, x and y. The
mapping of any event e; within a window on the vector w; should be zero or a small

value since e; L wy.

This problem can be considered as an adaptive filtering problem. Referring to
figure 3.8, event e; is the input of an adaptive filter with characteristic vector w. The
objective of adaptive filtering problem is finally finding w = wy. The output of this
filter, df = w.e; = w'e;, is supposed to be zero or a small value when w approaches
w; and d; = 0 is the desired output. The output d} is compared with desired value

d; and then error value er; = d; — d; is calculated.

The variance of er is minimized as its power value to tune the filter w and approach

Wi,

Eler} = E{(d —d*)} = E{—w'e} = —w'E{e} =0
var(er) = E{(er — B{er})?} = E{(—d")*} = B{d*d"T} = B{w ee"w}
var(er) = w' E{ee’ }w = w' R.w
wi = argmin{var(er)} = arg min{w" Rew) w2 =1

(R, is the covariance matrix of the events)
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D

Figure 3.8: Problem of finding first eigenvector as an adaptive filtering problem

The exact solution of this minimization problem leads to the PCA of the events
as discussed before. We use the steepest descent algorithm to minimize the above
expression iteratively. w should move against the gradient vector of the expression

to approach the minimum point w; gradually.
Whew = Woid — UV (W ReW) = Woig — 2UR.W = Wog — 2pE{ee’ }w

The LMS algorithm suggests that we can substitute F{ee’} with e;e] [153].

Wnew = Wold — QMez‘eiTW = Wold — QMdf €; (3-12)

The update equation 3.12 for w is the final LMS algorithm. gy is the step size
and defines the convergence rate. It is proven that the convergence is guaranteed by
nw< ﬁ Moreover the maximum convergence speed is achieved when u = m
[153]. Ammin and Ap,q, are the smallest and largest eigenvalues of the events covariance
matrix R.. In every step, w should be normalized after updating its value. The

norm of w should remain one in all stages since without this constraint, the obvious

solution for the minimization problem is w = 0.

A similar algorithm has been introduced with a different explanation in [78]. It is
equivalent to LMS algorithm except that in [78] the events within a spatiotemporal

window are iteratively used many times during many epochs in the steepest descent
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algorithm. Moreover, there is a noise suppression mechanism that whenever an event

is far from the events plane, it is considered as noise and ignored.

The LMS algorithm is online and computationally efficient. PCA algorithm should
wait for some events while w is updated based on LMS algorithm whenever an event
occurs in the spatiotemporal window. PCA is more computationally complex than
LMS since calculating eigenvalues and eigenvectors demands a high processing power.
An important issue in LMS is defining the step size u. Large p has less inertia to
the last events and subsequently converges fast. However, it may have more error on
the final convergence point compared to small p. There are some optimized methods
that initialize p with a large value and then reduce it gradually by approaching the
minimum point [153]. As a result, a fast and accurate convergence is achieved by

using large and small step sizes during the process.

3.6 Implementation

Algorithm 1 Normal motion analysis of an event-based video

1. initialization:

frame < All events within interval [T" — %, T+ %]
M < Window size

P « Maximum size of noise blocks

2. Cleaning:

Remove any isolated — part from frame if area < P

3. for each non-zero pizel(i,j) of frame do
Get M x M window of events centered at pizel(i, j)
Perform PCA of the events and obtain eigenvectors wi, wy, ws
Calculate velocity v(i, j) of pizel(i, j) based on the eigenvectors

end for

Let us analyze an event-based video at the time instance T (Algorithm 1). All
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events are captured within the time interval [T — %, T+ %] AT can be thought of
as the time of a frame in the conventional videos. There are some small isolated parts
which are most likely noise. All of these parts smaller than a predefined number of
pixels e.g. P=4 are removed. PCA of the events is performed to obtain the event

plane and subsequently edge directions and velocities.

3.7 Experiment I

Bodo Rueckauer and Tobi Delbruck have recently analyzed the existing methods of
event-based normal flow extraction on 5 different videos including 2 synthetic videos
and 3 real streams [97]. They have used the relative AEE (Average Endpoint Error)
and AAE (Average Angular Error) for comparing the results with the ground truth.
We have also applied our algorithm on these videos which are available online. We just
consider the edge pixels with a displacement at least 1/4 of the window size during the
accumulation period. The accumulation time is assumed 100ms for "rotDisk” (fast),
1000ms for "RotatingBar” (slow) and 400ms for other objects while the window size
is considered 16 for real videos (with larger objects) and 8 for synthetic videos (with
smaller objects). The AEE,, and AAE results are shown in tables 3.1 and 3.2.
Comparing our method with 9 different methods in the literature, our method has
good result especially on detecting the flow direction. We use PCA for finding the edge
information and then estimate the flow direction which is presumably perpendicular
to the edge. Moreover we calculate the exact direction rather than mapping the edge
on some discrete directions. LK variants display higher error on synthetic videos
while LP variants including PCA result in poor accuracy on ”translSin” which has
no clear edge. Moreover LP variants show higher error on rotational objects (where
the edge plane is not flat) except PCA which uses circular windowing. When the far
events from the edge plane are not removed, a corner point can be also a challenging

problem as observed in "translSqure” video even though it is noise-free.

The exact complexity of the method can be hardly obtained since it is highly
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dependent on many parameters e.g. window size, accumulation time and especially
the captured video. If there is enough memory, the algorithm can be implemented
such that the window shape does not influence the processing power demand. The
video "translBoxes” is used for investigating the algorithm complexity. If there are
N points inside a spatiotemporal window, 6(2N — 1) floating point operations (flops)
are needed for calculating the covariance matrix. The experiment shows that we need
at least 1.8K flops per event for calculating the covariance matrices in ”translBoxes”.
This is almost fixed even if the accumulation time changes. By decreasing the ac-
cumulation time, the number of covariance matrices increases which affects the total
complexity of the algorithm. In this experiment, we need to calculate eigenvectors
about 60K times. Each time needs O(n?) around 40 flops. Therefore, we need 2.4M
flops in total. Since the total number of events is 220K, 10 flops per event are needed
by this algorithm. This number can be increased significantly if the accumulation
time is decreased. In summary, the processing demand of this algorithm is around
2K flops per event. As a result, the algorithm can be run in real time only for videos

of very simple shapes like a line.

3.8 Conclusion

In this chapter, we exploited the principal components analysis of the events to
extract the events plane properties in 3-D spatiotemporal space. We investigated
the time and location discretization effects on the final results and showed that the
spatial quantization error is more important than the temporal quantization error.
The problem was also defined as an adaptive filtering problem and its solution was
discussed. We will use the results of this chapter to find objects global velocity and

extract edge information in next chapter.
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AFEFE, %] | translSqu | rotBar | translSin | rotDisk | translBoxes

LEpp 123.43+ | 414.954+ | 57.85+ | 76.65+ 116.95+
11.04 767.50 16.37 31.87 15.57

LKep, 12.94+ 19747+ | 57.16E& | 54.46+ 58.13+
36.16 386.69 25.95 34.89 28.86

LEcps 32.87+ 183.69+ | 37.54+ | 64.53% 72.54+
24.43 276.91 21.52 24.52 27.70

LK s 65.08+ 326.77+ | 32.50+ | 49.83+ 35.62+
21.08 253.31 26.98 27.64 24.68

P 0.00+ 175.084+ | 62.82+ | 60.71+ 37.93+
ord 0.00 460.93 48.67 61.76 35.15

LPoy., 0.00+ 91.61+ 59.45+ | 50.57+ 36.13+
0.00 278.97 37.49 37.08 27.80

LPsr 6.41+ 39.08+ 69.62+ | 58.99+ 33.49+
15.13 63.84 33.17 37.87 18.01

LPsc 0.00+ 114.56+ | 54.41+ 78.02+ 66.74+
0.00 341.18 51.27 281.03 44.78

DS 1.06+ 40.37+ 62.92+ 44.184+ 30.73+
8.99 54.65 60.50 34.91 34.06

PCA 7.57+ 3.89+ 33.61+ | 18.03+ 18.68+
17.22 1.91 20.21 9.27 11.97

Table 3.1: Relative Average Endpoint Error in percent and its standard deviation for
9 existing methods and our proposed method (PCA)
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Table 3.2: Average Angular Error and its standard deviation for 9 existing methods
and our proposed method (PCA)

AAE]o] | translSqu | rotBar | translSin | rotDisk | translBoxes
LKgp 13577+ | 73.244& | 20.35£ | 51.71% 108.07x
31.45 96.52 16.46 45.47 28.67
LK, 7.05+ | 29.684& | 21.72+ | 19.93+ 28.98+
20.05 20.54 35.31 21.35 31.27
LEKeps 9.38+ | 32.85+ | 13.33+ | 18.72+ 36.07+
19.31 21.17 15.18 19.00 36.69
11484+ | 16.75%£ | 9.56=+ 6.37% 12,13+
LKsq
8.80 8.26 15.90 6.53 19.84
P 0.00+ | 17.544+ | 38.93+ | 28.06+ 9.78+
o 0.00 21.56 61.85 33.39 32.96
LP., 0.00+ 9.56£ | 37.72+ | 22.30+ 9.46+
rovus 0.00 29.97 55.76 32.70 22.67
LPsr 2.39+ 6.81£ | 43.99+ | 23.39+ 9.27£
8.98 24.34 48.52 32.12 13.11
L P 0.00+ 8.72+ | 28.39+ | 18.77% 13.96+
0.00 17.92 42.78 31.74 23.62
DS 0.63+ 6.88t | 32.82+ | 16.62% 12.01=x
5.28 7.18 56.67 20.36 31.91
PCA 3.71+ 1.24+ | 8.20+ 6.54+ 6.39+
8.56 0.81 21.77 4.55 7.50
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Chapter 4

Global Velocity and Edge

Estimation in Event-Based Videos

In this chapter, the global velocity of objects and its relation with normal motion
flow are investigated. Then we use the normal flow vectors calculated previously to ob-
tain the objects’ global velocity and extract the edge information which is an important

feature in conventional machine vision.

4.1 Introduction

Normally in a video, there are many points moving at different velocities. In a
DVS video, these velocities can be estimated only by analyzing the generated events
around the points. If an object with a uniform texture is moving in a DVS video,
for a point inside this object, there is no generated event and as a result no velocity
is calculated although it is moving at the same velocity with the object. If a point
is located on the edge, most likely we will have some events and the velocity can
be estimated based on these events. Even for a point on the edge, the events rate
depends on many factors; One of them is the edge velocity. If an edge is moving

fast, a burst of events occurs in that area. For a slow moving edge, less events are
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(a) For horizontal velocity (b) For a velocity at 6 < 45° (¢) For a velocity at § = 45°

Figure 4.1: The effect of velocity in different directions on a simple square

generated and for a static edge, there is no event except some noises.

Figure 4.1 shows a simple square moving at velocity V in different directions and

all the events are captured within a time duration of T.

In figure 4.1(a), the object is moving horizontally. Although the edges B/D are
moving at the same velocity as that of the edges A/C, they are not visible in the
captured video by DVS. The width of shaded area around edges A/C is about X =
VT. The difference between A/C and B/D is that A/C are normal to velocity V in
contrast to B/D which are parallel.

In figure 4.1(b), the object is moving along the direction § < 45° and all the edges
are visible. However the width of the shaded areas on A/C and B/D are different
(X =VTcosf >Y = VTsinf). As a result, the estimation is that edges A/D are
moving at velocity V cosf and edges B/C are moving at velocity V sinf although

their actual velocities are V.

In figure 4.1(c), the object is moving along the direction § = 45°. All the edges are
visible and the width of shaded areas on A/C and B/D are the same (X = VT cos(45°)
and Y = VT'sin(45°)). Therefore the estimation is that all the edges are moving at

velocity V? although their actual velocities are V.
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The problem highlighted above for DVS videos is equivalent to the well-known
aperture problem in the conventional image processing. Here, this problem is more
important since the DVS is sensitive only to the intensity variation and it does not
capture any other detail. Let us assume an infinite line in a space with a pure tangen-
tial movement. A normal camera can capture this line, although it cannot capture
the movement of this line according to the aperture problem. On the other hand, a
DVS cannot capture neither this line nor its movement since the events are generated
just in case that a normal displacement exists. In other words, this line is completely
invisible in a DVS video. The proposed algorithms extract the velocity based on the
normal displacement of an edge. As a result, the estimated velocity by e.g. PCA is
only the normal component of the velocity, not the actual value. If there is a move-
ment along an edge, it cannot be recognized based on only the events in that area,
instead the whole object should be considered. Based on this idea, we propose an-
other algorithm for calculating the global velocity using normal velocity components
obtained by PCA algorithm. Compared to the conventional optical flow problem,
PCA equation is equivalent to the brightness constancy assumption (BCA). The next

section proposes second necessary equation for calculating the global velocity.

4.2 Global velocity

The normal flow vectors were calculated in previous chapter and we discussed the
global velocity effect on the normal flow vectors. Here we calculate a solid object’s
global velocity based on the normal motion flow. Referring to figure 4.2, let us consider
a solid object L moving at velocity U which is perpendicular to the optical axis of
the DVS. In addition, object L. does not have any rotational displacement at all. Let
P; be one point of the edge and x be the vertical axis. Under these assumptions, P,

will also have the same velocity U.

e E; is the edge direction at P; which is along the second eigenvector (wy;) in

PCA.
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N nV;

Figure 4.2: A solid object is moving at velocity U which is estimated based on the
normal velocities of the edge.

e N, is the normal direction to the edge at P;. Its direction corresponds to the

edge normal vector (n;) at P;.

e (; is the angle between edge direction E; and x axis which is obtained by the

PCA of the events.

@ is the angle between global velocity U and x axis.

v; is the estimated velocity by PCA at P; which is normal to edge (v; = v;n;).

@ — 0; is the angle between global velocity U and edge direction E;.
Global velocity U is mapped on two directions E; and N;.

e ucos(yp — 6;) is the mapping of the global velocity on the edge direction.

e U'h; = usin(p — 6;) is the mapping of the global velocity on the normal

direction to the edge.

In this problem all the parameters are known except global velocity U including
magnitude u and direction ¢. v; is obtained from PCA of the events as an estimation
of the normal velocity to the edge. In fact v; can be considered as an estimation

of UTh; = usin(¢ — 6;). As a result, the difference |v; — UTh;| should be a small
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value and the summation of squared differences over all the points on the object edge

should be minimized as well. Let define f(U) as a cost function for this problem.

fU) = Z(Uz' —-U'ny)* = Z(Ui —U'ny)(v; — A U) =

=> (v} — 200U+ U'R;a[ U)

At the minimum point, the gradient vector of f(U) should be zero.

By defining the autocorrelation matrix Ry of the edges normal vectors and the
mean estimated velocity vector V for N points which are moving simultaneously at

the same global velocity U, the equation will be:

1 SV sin?(6)) — "V sin(6;) cos(6;)
SN |- SV sin(6;) cos(6;) N cos?(6;)
L
V= N ; v;

If several moving objects exist with different global velocities, this algorithm can
be applied on any object or any connected part of the edge separately. Even for
an articulated object, this algorithm is locally applicable since the actual velocity is

usually smooth.
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4.3 Edge detection

Captured videos by DVS have some intrinsic differences with the conventional
videos. In a normal camera, the shutter speed is used to control the duration of
the exposure and is determined by the speed of the object to be imaged. For faster
moving objects, the shutter speed should be higher. Otherwise, the object will appear
blurred. However, this issue is worse for a DVS since a DVS captures only the intensity
variation. If one part of an object does not have enough movement, it will disappear
from the captured video. If we wait for that part to have enough movement, the
other faster parts will be blurred. In summary, capturing the events for a short time
leads to narrow edges in some parts and disconnected edges in other parts. On the
other hand, long capturing time results in connected edges in some parts and blurred
edges in other parts. The objective of edge detection in DVS is to capture narrow
connected edges everywhere rather than blurred or detached edges to reflect more
accurately the edge of the object. In other words, edge is the mean of edge pixels

collected during a time window.

Figure 4.3 shows a simple ellipse moving up at velocity v. The events are captured
for a specific time duration. As shown in figure 4.3(a), for this time duration, there
are some blurred areas (B/D) and some disconnected areas (A/C) which are not
desirable. Figure 4.3(b) shows the ideal case without any blurred or disconnected

region which is the aim of this section.

4.3.1 Removing shaded area

A key advantage of a DVS compared to a conventional camera is that the ”exposure
time” of a DVS can be locally adjusted for different regions after data acquisition and
not predetermined during image acquisition. After the pixel-wise normal velocity
is obtained, the image is divided into sub-images and the mean value of pixel-wise
velocity in each sub-image is assigned as the shutter speed for that region. The

exposure time is calculated such that there is at least one-pixel movement based on
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Figure 4.3: A simple ellipse is moving up at velocity v

the assigned shutter speed.

This procedure removes the blurred areas efficiently. However in practice we have
to define an upper bound for the exposure time. The edges without enough displace-
ment within the maximum exposure time will disappear in the captured frame. This

can be solved by applying a filter to the captured frame from the DVS.

4.3.2 Edge-dependent Gaussian filtering

In order to reduce the disconnected edge area, a desired property of the filter is
to extend or connect the gap along the orientation of the edge. An edge-dependent
Gaussian filter meets such a requirement. The parameters of this Gaussian filter
should be determined locally based on the edge properties in every pixel to extract
distinct edges in the frame. The overall result of these procedures could be as shown in
figure 4.3(c) where the blurred areas B/D are totally removed while the disconnected

areas A/C are reduced.

The following equation describes a 2-D Gaussian filter in the general form.

22 4 42y
202

)
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¥ =xzcos(d) +ysin(d) , ¢ = —wsin(d) + ycos(h)

Figure 4.4 represents different Gaussian filters. Figure 4.4(a) is a radial Gaussian
filter with standard deviation o. It is scaled by factor v > 0 along y axis and then
rotated by angle #. We need a narrow filter along the edge which is achieved by
setting the scaling factor v — oo (figure 4.4(b)). If v — oo, ¢ should be close to
zero. Otherwise v2y'? becomes infinity and the filter output will be zero. Moreover 6
is the filter direction defined by the edge direction. For simplicity, this filter is applied
at four major directions 6 = 0°,45°,90°, 135° on the frame. The final result is chosen

pixel-wise from the outputs of these four filters based on the edge directions.

Equation (4.1) describes the edge-dependent Gaussian filter (figure 4.4(c)) used in

this section.

(L‘IQ

202

g(z,y) = exp(—==) , 2/ =z cos(f) + ysin() (4.1)

Yy =0— —zsin(f) + ycos(d) =0 — y = x tan(h)

Referring to the above equations, filter g(x,y) has non-zero values only on a line
making angle 6 with x axis. It is similar to a 1-D Gaussian filter rotated by angle 6
and placed in 2-D space. o controls the blurring intensity along the edges. Larger o
extends the edges and fills the gaps more effectively. However it is limited by the edge
curvature such that for edges with larger curvature, a Gaussian filter with smaller o
is needed. g(z,y) is a special case of Gabor filters with no modulation. Gabor filters

can be used for directional features extraction from the DVS output [58].

4.4 Implementation

In this section, the full procedure is described in details. Figure 4.5(a) shows a
test pattern in black printed on a white paper. A DVS captures the movement of this

paper and the output events are used to represent the result of every stage.

1. Let us consider that we want to analyze this video at instance T. All events
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(a) Radial Gaussian (b) Narrow Gaussian (c¢) Edge-dependent Gaussian

Figure 4.4: Different kernels of Gaussian filter

(a) Simple test pattern moving (b) All events within 30ms time (c) Small isolated parts are re-
in front of a DVS period moved as noise

(d) Frame with adjusted re- (e) Small parts are removed as (f) Edge-dependent Gaussian
gional exposure time noise filtering of the clean frame

Figure 4.5: Results of algorithms on a test video
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are captured within time interval [T — %, T+ %] AT equals roughly to the
time of a frame in conventional videos (algorithm 2). Figure 4.5(b) represents
all events in 30ms time period. There are some small isolated parts which are
most likely noise. All of these parts smaller than a predefined number of pixels
P are removed. Figure 4.5(c) represents the frame after removing the small
isolated parts. The procedure of this stage is proposed in algorithm 3 which is

run with P =4 and S = 1.

Algorithm 2 Constructing a frame (preparation)

(a) initialization:
T <+ Instance of the video at which it is analyzed
S < Number of sub-images in the height or width of the image
AT < S x S matrix for time durations of all sub-images
(b) for each sub — image(i, j) do
Save all events within interval [T" — %, T + %]
end for

(c) Construct frame by merging all sub-images

Algorithm 3 Removing small isolated parts (noise suppression)

(a) initialization:
P + Maximum size of noise blocks

frame < Result of algorithm 2

(b) for each isolated — part of frame do
if area < P then
Remove isolated — part from frame
end if
end for

(c¢) Return frame

2. PCA of the events is performed as described in algorithm 4 and the events plane
is recognized. For noisy videos, we can ignore the events far from the plane and

apply PCA again to obtain more accurate eigenvectors and edges velocities and
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directions subsequently.

Algorithm 4 Performing PCA of the events (motion analysis-noise suppression)

(a) initialization:
M <+ Window size
frame < Result of algorithm 3

(b) for each non-zero pizel(i, j) of frame do

Get M x M window of events centered at pizel(i, j)
Perform PCA of the events and obtain eigenvectors wi, wo, W3
for each event in window do

if event.w; > threshold then

Remove event from frame and window

end if
end for
Perform PCA of the left events again and obtain eigenvectors wi, wa, W3
Calculate velocity v(i,j) of pizel(i, j) based on the eigenvectors

end for

(¢) Return frame,v,wy, wy, w3

3. In this stage, regional exposure time is calculated (algorithm 5) based on edge
velocities obtained in the last stage. Then algorithm 2 is applied again to remove
shaded areas. As shown in figure 4.5(d), e.g. the thickness of ellipse is the same
everywhere compared to figure 4.5(b). Again algorithm 3 is used to remove

small parts which are most likely noise (figure 4.5(e)).

4. Using the normal velocities of the boundary, algorithm 6 is applied to calculate
the global velocity. Finally the edge-dependent Gaussian filter is exploited to
extend disconnected edges and reduce the gaps as much as possible (algorithm
7). Moreover this filter has a noise suppression effect since any pixel not along
the edges is faded by this filter while the edge points are magnified (figure
4.5(f)). In addition, the non-maximal suppression algorithm can be applied on

the final result to guarantee one-pixel thickness of the edges [154].
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Algorithm 5 Adjusting regional exposure times (edge detection)

(a) initialization:
S < Number of sub-images in the height or width of the image
v < Result of algorithms 4
(b) for each sub — image(i, j) do
Calculate shutter speed V' (i, 7) which is the mean of non-zero velocities |v|
within sub — image(i, 5)
Calculate exposure time AT(i,j) = ﬁ which is needed for one-pixel dis-
placement

end for
(¢) Return AT

Algorithm 6 Estimating the global velocity (motion analysis)

(a) initialization:
v, w3 < Results of algorithm 4
frame < Result of algorithm 3
(b) for each sub — edge(k) from frame do
Calculate R = SN whwg and V = ~ SNV
Calculate global velocity U = R~V

end for

(c) Return frame, U

Algorithm 7 Edge-dependent Gaussian filtering of frames (edge detection)

(a) initialization:
o < Variance of the Gaussian filter
wy <— Result of algorithms 4
frame < Result of algorithm 6
(b) for each non-zero pizel(i,j) in frame do
Calculate the filter mask based on o and ws(%, j)
Center the mask at pizel(i, j) and calculate its new value

end for

(c) Return frame
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4.5 Experiment II

In this experiment, an artificial DVS video of a moving circle is created by a
computer as shown in figure 4.6. Using artificial video has several advantages for our

purpose of testing the proposed algorithm. The main advantages are:

1. In this simulation of DVS output, we can obtain the exact ground truth, to

compare with algorithm outputs.

2. The simulated output can be used to control the noise of the input stream, from
a noise free baseline, to different levels of noise. This can be used to obtain a

baseline for proposed algorithms.

3. By changing parameters of the simulated output, one can easily simulate dif-

ferent hardware in terms of spatial and temporal resolutions.

Let us consider a simple circle with radius 15 pixels moving horizontally in the video.
The spatial and temporal resolution of this virtual DVS is 128 x 128 pixels and 1us.
At instance t = 0, the circle center is located at (x,y) = (64.5,0.5). It travels
the frame width in 1s. Therefore at instance ¢t = 1, the circle center approaches
(z,y) = (64.5,128.5). In this duration, 20000 events are generated randomly on the
circle boundary. The occurrence rate of the events is proportional to the edge normal
velocity. As a result, there is no event at the highest or lowest points of the circle
similar to a real DVS video. The circle position and motion are analyzed at t = 0.5s
when the exact ground truths (GTs) of the estimated values are known. The proposed
algorithm is applied with different circular window sizes M = 4,5,6,...,15 and some

pixels are recognized as the edge pixels. For these edge pixels:

Figure 4.7 shows the estimated velocity magnitudes for the edge pixels. We ex-
plained before that the effect of quantization error is a biased estimation of the ve-
locity. Also we showed that the estimated velocity is always less than the actual
value. Knowing the quantization error, we are able to compensate its effect. This is

a subject for our future work.
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(a) All the events in time (b) All the events in ad- (¢) The result of the edge-
duration 50ms centered at justed exposure time dura- dependent Gaussian filter-
t =0.5s tions ing

Figure 4.6: A horizontally left to right moving circle with radius 15 pixels in an
artificial 128 x128 DVS video

Figure 4.8 shows the estimated velocity direction for the edge pixels. We have only

about 0.02 radian or 1° error in this part.

Figure 4.9 shows the estimated radius for the edge pixels. This results is also

accurate since we have only about 0.5 pixel error in our estimation.

Figures 4.10 and 4.11 show the estimated x-position and y-position of the circle

center i.e. the mean value of the detected edge pixels.

e The mean value of the x-coordinates is calculated as the center x-position

(GT=64.5).

e The mean value of the y-coordinates is calculated as the center y-position

(GT=64.5).

e The mean and standard deviation of the speed values is calculated as the velocity

magnitude (GT=1 frame width per second).

e The mean and standard deviation of the velocity angles is calculated as the

velocity direction (GT=F ~ 1.57 radian).

e The mean and standard deviation of the distances from the center point is

calculated as the circle radius (GT=15 pixels).
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Figure 4.7: The estimated velocity magnitude for different window sizes (blue point
represents the optimal window size)
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Figure 4.8: The estimated velocity direction for different window sizes (blue point
represents the optimal window size)
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Figure 4.9: The estimated circle radius for different window sizes (blue point repre-
sents the optimal window size)
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Figure 4.10: The estimated x-position of the circle center for different window sizes

(blue point represents the optimal window size)
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Figure 4.11: The estimated y-position of the circle center for different window sizes
(blue point represents the optimal window size)



Table 4.1: The results of experiment IT in (mean + standard deviation) format. All rows including " velocity magnitude”,
"velocity direction”, ”circle radius”, "center x”, "center y” are normalized by their ground truth 71 frame width per
second”, 77 radian”, 715 pixels”, 764.5 pixels”, 764.5 pixels” respectively. The standard deviation is not presented
in last two rows since it might be misleading for these rows which represent the mean value of (x,y) coordinates of
circle boundary pixels. The experiment shows that the optimal window size is 8 x 8 which is approximately half of the

examined circle radius.

Window Size | 4 5 6 7 8 9 10 11 12 13 14 15

Velocity 0.918%+ | 0.967+ | 0.974+ | 0.975%& | 0.971+ | 0.962£ | 0.955+ | 0.943% | 0.939£ | 0.928%& | 0.908+ | 0.881+%
Magnitude 4.391% | 1.279% | 0.731% | 0.858% | 0.853% | 0.921% | 0.959% | 0.977% | 0.820% | 0.735% | 0.855% | 1.030%
Velocity 0.941+ | 0.971+ | 0.977£ | 0.983+ | 0.987=£ | 0.985+ | 0.985% | 0.982+ | 0.985% | 0.989+ | 0.988%+ | 0.985+
Direction 9.082% | 3.226% | 2.614% | 1.583% | 1.028% | 1.460% | 1.592% | 2.233% | 1.666% | 1.056% | 1.009% | 1.925%

Circle Radius 0.966+ | 0.975+ | 0.973+ | 0.975£ | 0.973+ | 0.959+ | 0.948+ | 0.933+ | 0.936+ | 0.946£ | 0.950%+ | 0.918+
7.786% | 7.295% | 7.116% | 6.518% | 6.790% | 8.945% | 9.870% | 11.65% | 11.60% | 10.39% | 10.55% | 17.62%

Center x 0.997 0.990 0.992 0.995 0.997 1.002 1.000 0.995 0.991 0.995 1.006 1.013

Center y 0.998 0.996 0.994 0.995 0.996 0.997 0.998 0.997 0.997 0.997 0.993 0.997

Table 4.2: The results of experiment III. All values are normalized by their ground truth.

Actual Velocity (cm/s) | 2 4 6 8 10 12 14 16 18 20

0.9674+ | 0.973+ | 0.993+ | 0.997+ | 0.982+ | 1.0194 | 0.997+ | 0.979+ | 0.961+ | 0.974+
3.58% | 337% | 2.85% | 2.49% | 2.64% | 7.39% | 4.55% | 1.72% | 4.53% | 1.87%
1.006+ | 0.985+ | 1.000% | 0.9934 | 1.0144+ | 1.038+£ | 1.000+ | 0.997+ | 0.9794 | 0.984+
3.46% | 2.38% | 3.43% | 2.08% | 2.21% | 4.94% | 2.84% 1.62% | 2.32% | 2.05%
1.0214+ | 1.0234 | 1.0284 | 1.028+ | 1.030+ | 1.0284¢ | 1.0354 | 1.032+ | 1.033+ | 1.035+
1.56% | 3.62% | 4.28% | 7.80% | 2.06% | 7.54% | 2.37% | 3.19% | 2.67% | 2.50%

Velocity Magnitude

Velocity Direction

Circle Radius
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Table 4.1 shows the results of this experiment. All values are normalized by their
corresponding ground truth. It is observed that the best result is obtained by the
window sizes 7 or 8 which is about half of the examined circle radius. As explained
before, PCA has better results on the larger windows which can regulate the quanti-
zation disturbance to some extent. In contrast, the curve edges can not be assumed
as lines which is the main assumption of this study. This issue may be solved by

considering the edge as a curve within a large window.

4.6 Experiment III

In this experiment, ten frame-based videos are generated showing horizontally mov-
ing circles at different velocities. These videos are displayed on a 13.3-inch MacBook
Air with the resolution 1440x900 and aspect ratio 16:10 (figure 4.12(a)). Therefore
the display area is 28.65x17.90 cm? and there are about 50 pixels in a centimeter.

Here are the properties of these videos.

All videos (with zero-one pixels) are showing a white circle moving horizontally

left to right on a black background.

All frame rates are 100 frames per second.

e The radius of circles is exactly 5cm.
e The velocities of circles in ten videos are 2, 4, 6, ..., 20 cm/s.
e The circles are moving on a horizontal line passing the center point of the

display.

In addition, two more videos are generated for focusing (figure 4.12(b)) and cali-
bration (figure 4.12(c)) purposes of the DVS [67]. The focusing pattern contains some
squares placed in logarithmic distances while the calibration pattern includes 9x13

circles with radius lem. Their centers are located in equal distances (2cm) and the
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(a) Experiment setup (b) Focussing video (c) Calibration video

Figure 4.12: The experiment setup and focussing/calibration videos

middle one is exactly on the center point of the display. In these videos, bright areas

are zero-one pixels which are randomly assigned.

1. The focusing pattern is displayed and the focal length of the DVS is adjusted
till the maximum number of squares are visible in the output. It is observed
that an in focus DVS captures a sharp video and it has the maximum events

rate for a special pattern.

2. After focusing the DVS, the calibration video is used in order to obtain matri-
ces A and B by assuming the transformation equation as r = AX + B from
monitor coordinate X to video coordinate x. In the experiment, we achieved a

transformation accuracy of 0.2 pixels for circles centers.

3. Ten test videos are displayed and the DVS captures their videos which will be
analyzed at the instance the circles approach the center point of the display.
Similarly to experiment I, the velocities magnitudes and directions of the edge
pixels and their distances from the origin are measured as seen in table 4.2. The
magnitude and direction of the velocity are shown in figure 4.13. All values are
normalized by their ground truths which are 90° for velocity direction and 5em

for circle radius.

For the test video with velocity 20cm/s, the edge direction and velocity are calcu-
lated as shown in figure 4.15. Figure 4.14 also shows the edge connectivity results for

different velocities. We lose significant parts of the boundary for velocities 16 and 20
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Figure 4.13: Estimated magnitudes and directions vs. different velocities. For mag-
nitudes, the extracted values have a linear relation to the actual values. The values
are normalized by a fixed coefficient to fit the ground truth.

(a) 6 cm/s (b) 12 cm/s (c) 16 cm/s (d) 18 cm/s (e) 20 cm/s

Figure 4.14: Edge connectivity results for different velocities

and insignificant parts for velocities 12 and 18. In all other cases, edge connectivity
is preserved. It is noted that in the final stage of this experiment, Non-Maximal

Suppression (NMS) algorithm is also applied [154].

4.7 Experiment IV

We applied our algorithm on two samples of the N-MNIST dataset [155]. Figure
4.16 shows the algorithm results for 7" and '8 digits. The videos are analyzed at
instance 0.5s. To assess the accuracy of the velocity magnitude, we define a parameter

as the ratio of the standard deviation to the mean value of all boundary pixels.

The experiment results illustrate that the proposed approach is able to estimate
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(a) All events within 10ms after (b) Extracted pixelwise edge di-
cleaning small isolated parts  rections
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(c) Edge direction (d) Normal velocity (e) Global velocity

Figure 4.15: Results for the circle moving at velocity 20cm/s. The vectors are ex-
tracted pixelwise. However for better presentation in the second row, each vector
corresponds to a 8 x 8 pixels block.
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Figure 4.16: Algorithm results for character '7” and digit '8’ from N-MNIST dataset.
Each vector corresponds to a 8 x 8 pixels block. The std/mean parameters for global
velocity magnitude are 10.9% and 14.9% while the estimated directions are (—20+£4)°
and (—21 £ 11)°.
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well not only the the normal motion vectors, but also the actual motion vectors of

the objects from a DVS video.

4.8 Conclusion

We proposed a method to compute the motion and detect the edge of an object
from the DVS video. We distinguished the normal velocity to the edge from the ve-
locity along the edge and estimated them separately to achieve more accurate results.
We used the orientation of the event plane to estimate the normal velocity locally
and consider the whole object movement to extract the actual velocity globally. We
also introduced an algorithm based on the regional exposure time followed by an
edge-dependent Gaussian filtering for detecting the edges. In the next chapter, we
propose a method for multiple lines detection and tracking in DVS videos which is
suitable for direct implementation on Neuromorphic hardware e.g. TrueNorth as well

as FPGA with minimum preprocessing.



Chapter 5

Event-Based Hough Transform for

Lines Detection and Tracking

In this chapter, we develop an event-based Hough transform and implement in
a spiking neural network to detect lines on DVS output. An event-based clustering
algorithm s applied on the parameter space spikes to segment multiple lines and track
them. We use a lateral inhibition strategy in our spiking neural network to suppress
noise lines from being detected. Finally, the inhibitory window shape is optimized to
suppress the lines which are close together in Cartesian space and are not necessarily

close together in parameter space.

5.1 Introduction

Hough transform is a well-known method in conventional machine vision for ex-
tracting specific shapes e.g. lines as a useful feature for recognition tasks. Most of
methods using Hough transform (HT), such as works in [156], [157], [158], are designed
for frame-based systems, and re-defining them for event-based systems would require
substantial and fundamental changes to their algorithms, with subsequent testing to

show the correctness of the new definitions in the event-based systems. We here take
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another approach, by proposing a framework to apply HT on event-based systems,
by building Hough space (parameter space) using a Spiking Neural Network (SNN).
While keeping the desired properties of HT, this technique allows relatively easy im-
plementation and application of HT on event-based output streams, by traversing
the output through the SNN structure. The other important benefit of coupling HT
and SNN is that the new framework can be easily implemented in Neuromorphic and
FPGA-based hardware. This second benefit of the proposed framework has signifi-
cant impact in hardware implementation and industrialization of the framework. In
contrast to frame-based approached discussed before, the proposed framework can be
implemented as add-on hardware and work in real-time, with no CPU requirement.
The main idea is using LIF spiking neurons to construct a two-dimensional Spiking
Neural Network (SNN) which represents the parameter space of Hough transform for
line detection. The main advantages of using a spiking neural network for building

the parameter space are as follow:

e Each spiking neuron by itself can operate as a bin in parameter space and
carry out the whole task of voting and thresholding which are needed in Hough

transform.

e SNN can be directly implemented on a hardware without any processing power

demand.

e The inhibitory connection within the network is a strong capability that im-
proves the performance of conventional Hough transform by suppressing redun-

dant lines.

As shown in Figure 5.1, the proposed SNN processes the events from a DVS sensor in
an event-driven manner, and generates output spikes which represent the parameters
of detected lines. Local lateral inhibition is adopted in our SNN to prevent neurons
from firing in the wrong locations and thus suppress noise lines. At the last stage, an
event-based clustering procedure is applied on the parameter space spikes to segment

lines and track them.
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Figure 5.1: Block diagram of the proposed algorithm
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Figure 5.2: Hough transform procedure for line detection
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5.2 Hough transform for line detection

Let us consider the problem of Hough transform for line detection. Every line
L can be uniquely defined by two parameters including the normal distance r from
the origin and angle 6 between the normal vector r and x-axis (see figure 5.2(a)).

Assuming = (cos#,sinf) as the unit vector perpendicular to the line L, for every

point p = (z,y) on the line:
rp=r—xcosf +ysinf =r (5.1)

Moreover the distance d from point p = (x,y) to the normal vector r on the line L

can be calculated as follows.
d= |t xp|=ycosf — xsinb (5.2)

Essentially the parameters chosen for determining lines are r and ¢. Equation (5.1)
transforms every point from Cartesian coordinate to parameter space (r,6). In other
words, every point in Cartesian space is transformed to a sinusoidal curve in parameter

space defined by equation (5.1).

Referring to Figure 5.2(b), let us consider a line with parameters r = 90 and
6 = 30° in a frame with 128 x 128 resolution. There are six points highlighted with
six different colors on the line. According to equation (5.1), every point is transformed
to the parameter space as shown in Figure 5.2(c). Obviously, all six sinusoidal curves,
are coincident at (r,0) = (90, 30°) since their corresponding points in Cartesian space
are all on a straight line. If we perform this procedure for more points on the line
(e.g. 15) and represent the parameter space as an image, there will be a bright
point at (r,0) = (90,30°) as shown in Figure 5.2(d). Therefore, lines in a frame
can be extracted by finding local maximums in this parameter space. Sometimes the
objective is to find small parts of whole lines in a frame (e.g. the edges of a triangle).

In this case, the points distribution on the line is important and it can be considered
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by calculating and comparing the distance defined by equation 5.6 for every point.

5.3 Event-Based Hough Transform in a Spiking
Neural Network

This section illustrates the proposed event-based Hough transform algorithm im-

plemented in an SNN for line detection.

5.3.1 Spiking Neuron Model

We use LIF spiking neurons to build an SNN that represents the parameter space
of Hough transform for line detection. Referring to Figure 5.3, every Spiking Neuron
(SN) has some inputs (one input is used here for simplicity) and an output. The
input is a spike train that influences the neuron’s Membrane Potential (MP). Every
input spike causes an increase of the MP which is always decaying by a fixed rate.
Whenever the MP exceeds a certain threshold, a spike is generated in the output, the
MP is then reset and the neuron enters a refractory period, during which the neuron’s

MP remains zero and input spikes are ignored.

By ignoring the polarity of DVS output events, we can use the model of figure 5.3
to build an SNN for line detection. However, experiments show that considering the
polarity of events can produce more robust results especially when the one side of

a line is very dark and as a result many noisy events are generated in that area by
DVS.

Let us investigate the pattern of generated events for a moving circle at the velocity
of 10cm/s. A video of a white circle with the radius of 5em is generated on a black
background which is moving from the left to the right side on the horizontal mid line
of the screen. This video is played in 100F' PSS which is the maximum rate possible in
a mac book air. This moving circle is captured by a DVS while the transformation

matrix is known from real coordinates to camera coordinates based on the camera
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Figure 5.3: Input and output of a simple Integrate and Fire neuron. In this model,
all output spikes are positive

calibration procedure. If the origin is fixed on the circle center which is moving
horizontally from left to right, we expect positive/negative events at the right/left
half of the circle ([0°,180°]/[—180°,0°)) as seen in figure 5.4(A). By receiving each
event, its distance from the circle center, as well as its angle with respect to vertical

axis of real coordinates, are calculated and stored in the event vector.

Figure 5.4(B) shows the distribution of events distances from the circle center
for all events. Since the circle radius is 5em, the events are mostly located at the
distance of 5em from the circle center. They have exponential-like distribution (Ae™")
around the boundary both inside and outside of the circle. It is observed that the
exponential distribution inside the circle (brighter side) has a larger parameter A than

the exponential distribution outside the circle (darker side).

Figure 5.4(D) shows the distribution of events angles with respect to vertical axis
only for negative events. Negative events are mostly located at the left half of the

circle as we expected.

Figure 5.4(C) shows the distribution of events angles with respect to vertical axis

only for positive events. Positive events are located at both sides of the circle although
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over different distances from the origin, (C) Distribution of positive events over differ-
ent angles, (D) Distribution of negative events over different angles, (E) Distribution

of all events over different angles not considering their polarization, (F) Distribution
of all events over different angles considering their polarization

(F)



Chapter 5: Event-Based Hough Transform for Lines Detection and Tracking 92

their number at the right side is larger than the left side. This is the behavior we
might not be able to predict at the beginning.

Figure 5.4(E) shows the distribution of events angles with respect to the vertical
axis for all events including negative and positive events. Ignoring the polarization
of events, the left edge of the circle generates more events than the right edge. Other
experiments also verify that high to low transition of intensity generates more events
than low to high transition. It is observed that low to high transition generates
only positive events while the high to low transition generates both negative and
positive events although the negative events are dominant. If the polarization of
events is considered such that each positive event cancels a negative event at the left
side of the circle, the remaining negative events at the left side will be as many as
positive events at the right side of the circle as seen in figure 5.4(F). This figure also
verifies that the events have a cosine-like distribution over the circle boundary which

is proportional to the normal velocity of the circle.

According to the observations above, if we ignore the events polarization and use
the spiking neuron in figure 5.3, the neurons correspond to the circle left side receive
more excitation than the neurons correspond to the right side; i.e. the excitation for
different neurons is imbalanced in different sides and it should be compensated by
setting different thresholds for membrane potentials. A more simple solution which
is used in this study is that we utilize events polarization in neurons excitation as
proposed in figure 5.5. Although it is different from the normal model of a spiking
neuron, it is more robust for neurons in different situations. Two models do not have
substantial differences in behavior, however the second model is customized for this

particular application and it is still possible to be implemented on the hardware.

As shown in Figure 5.5, the Spiking Neuron (SN) we use in this study, has some
inputs (one input is used here for simplicity) and an output. The input is a spike train
that influences the neuron’s Membrane Potential (MP). Each input spike causes an
increase (for positive event) or decrease (for negative event) of the MP. Note that MP

is always decaying by a fixed rate. Whenever the MP exceeds the + or - threshold,
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Figure 5.5: Input and output of the LIF neuron used in this paper. In this model,
output spikes can be positive or negative

a spike with corresponding polarity is generated in the output. Then MP is reset to
zero and the neuron enters a refractory period, during which MP remains zero and
input spikes are ignored. In this work, we apply a zero refractory period for simplicity;
this can also lead to more output spikes. Note that the firing of other SNs can also
force an SN to reset through lateral inhibition in a network (which will be explained

in details in Section 5.3.2).

We update the MPs and neuron states only when an input spike arrives. Let us
define s; as the 7" input spike with a time stamp ¢; and polarity (s; = 41). Algorithm
8 is performed for each input spike s;. In this algorithm, v; is the neuron membrane

potential, A the rate of linear decay and vy, the threshold for membrane potential.

5.3.2 The Proposed SNN for Event-Based Hough Transform

Let us consider a line moving from normal distance A to B with a fixed slope as
shown in figure 5.6. The parameter space is built up by a two dimensional SNN with
one dimension for angle 6 and the other for normal distance r. To cover all possible

lines in a 128 x 128 frame, # and 7 are limited to (—90°,180°) and (1,128v/2 ~
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Algorithm 8 Updating procedure of a spiking neuron when receiving an input spike
(A = 3muv/ms, vy, = 15mw)

for every input spike s; at ¢;

o v; « sign(vi—1)min(|vi—1| — A(t; — ti—1),0)
® U; < V; +8;
o if |v;| > vy, then
Generate output spike f = sign(v;) at ¢;
Reset all laterally connected neurons
v; 0
end if

end for
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Figure 5.6: A 128 x 128 frame and its corresponding parameter space on a 200 x 300
SNN. 6 is limited between —90° and 180° while r between 1 and 128v/2 &~ 180. Red
color shows the firing neurons during line movement from A to B. Yellow window
indicates local lateral connection (for inhibition). Each neuron is laterally connected
to all neurons that are within a window around that neuron
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(a) Cartesian space (b) Parameter space

Figure 5.7: Local lateral inhibition to suppress noise lines. Without lateral inhibition,
SNN detects three lines (red, blue and green). The best fitted one is the red line de-
tected by the red neuron. The red neuron is expected to fire before blue or green ones.
With local lateral inhibition, when the red neuron (the correct one) fires, it inhibits
all laterally connected neurons and thus blue and green lines can be suppressed.

180). A local lateral inhibition strategy is adopted in our SNN. The output of every
neuron is laterally connected to all the neighboring neurons that are located within
a window centred at that neuron. Whenever a neuron fires, it forces itself as well as
all neighboring neurons within a window to be reset. This window is represented by
the yellow rectangles in figure 5.6. During line movement from point A to B, we will

have many spikes in the parameter space highlighted by red color.

Local lateral inhibition allows the SNN to suppress noise lines (or redundant lines)
from being detected. This is illustrated in Figure 5.7 which shows the events generated
by moving an edge in front of the DVS sensor. The detected lines using the SNN
without local lateral inhibition are superimposed onto the DVS events. The best
fitted line is the red line which is detected by the red neuron in Figure 5.7. However,
the blue and green lines also cover many events in the frame and they are detected
by the firing of the blue and green neurons in the parameter space, respectively.
These two lines can be suppressed by the local lateral inhibition. Each neuron is
laterally connected to all its neighboring neurons that are within a window around
that neuron. These connections cause a local competition between the neurons inside
the yellow window. Whenever the first neuron (red one in this case) fires, it resets all

neighboring neurons, prevents them from firing, and thus suppresses the noise lines.

The parameter space is built up by N x M SNs; i.e. N rows for 6 quantization and
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Algorithm 9 Event-based Hough transform and neuron excitation in the parameter
space SNN

for every received event e; = (t;, zi, Y, i)

e Calculate To; = argmin|ry — x; cosf; —y;sinf;| for 1 <j< Nand 1<k <M

Tk
e Excite all neurons (6;,79;) at ¢; for 1 < j < N with s; (algorithm 8)

e Reset all neurons in first column (k = 1)

end for

M columns for r quantization. Therefore every neuron located at (7, k) is identified
by (0;,7k) values. Algorithm 9 shows the proposed event-based Hough transform
and neuron excitation in the parameter space SNN. Assume that an event e; =
(ti, T4, i, Si) 18 received from DVS, meaning that there is an intensity change of pixel
(x;,y;) at time t;. The term s; is either 1 for dark-to-bright change or -1 for bright-
to-dark change. For every 0;(1 < j < N), the corresponding r, is calculated using
equation (5.1) and rounded to the nearest possible ri(1 < k < M). Then all neurons
(0j,79;)(1 < j < N) inside the parameter space are excited by s; based on algorithm
8. We need to ignore all neurons in the first column (k = 1) because they can be
wrongly excited by the cases that Hough transform of an event is partly outside of

the boundary of the parameter space.

Algorithm 10 Event-based clustering for segmentation and tracking of multiple

detected lines
for every received spike f; = (t;,r;,6;) from parameter space

e Find all active clusters C; = (11, Ry, ©;) that t; — T} < Tinreshold

e Find the minimum Euclidean distance D; between (r;,0;) and all active clusters (R;, ©;). Suppose
Ci=m is the winner; i.e. D; = ||(73,60:) — (Rm, Om)||

o if D; < Dihreshota then
fi belongs to cluster Ci—,
(Rm,0m) = (1 — @)(Rm,Om) + a(ri, 0;) (e =0.1)
else
Generate a new cluster Cry1 = (t4,73,60:)
end if

end for

In cases that there are more than one moving line in the frame, we need a segmen-

tation procedure to distinguish between them as shown in Figure 5.8. Many spikes
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Figure 5.8: Three moving lines in Cartesian space defined by three colors and their
transformations in the parameter space. Spikes are segmented in three different series
correspond to three lines.

are generated from the parameter space SNN in different locations. Since every line is
moving smoothly in Cartesian space, the corresponding spikes in parameter space are
"moving” smoothly as well and they produce a segment (cluster). The (" segment
is defined by a cluster C; = (1}, R;, ©;) which shows the time and location of the
segment. We use an event-based clustering method [3,4] to do the segmentation and
tracking of different lines. For every spike f; = (t;,r;,6;) from the parameter space
SNN, we calculate the Euclidean distances from this spike location to all active clus-
ters, and find the smallest distance and corresponding cluster. If this distance is less
than a threshold, the spike f; is considered as belonging to that corresponding cluster,
and the corresponding cluster is then updated; otherwise, a new cluster is generated
by this spike. The cluster activity (active or inactive) is defined by comparing current
time stamp (of the SNN spike) with the last update time of this cluster. If the cluster
is old enough (i.e. no update for a long time), it is considered inactive and can not

win any spike in the future.

5.4 More Efficient Parameter Space

To cover all possible lines within a frame, 6 is limited between —90° and 180° while
r between 0 and 180+/2 in the parameter space. However, the possible area is not a

simple rectangle according to the transformation Equation 5.1. Depending on r and
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Figure 5.9: Different line positions in Cartesian space and their corresponding areas
in the parameter space. Each color intensity in the parameter space shows the line
length inside the video frame.

0 values, the corresponding lines in the Cartesian space have variable length and the
different situation inside the video frame. Figure 5.9 shows different line positions
in the video frame and their corresponding areas in the parameter space. This area
covers about 60% of the whole rectangle based on the simulation. As a result, the

number of spiking neurons can be reduced by 40% in hardware implementation.

Each color intensity in the parameter space represents the corresponding line length
within the video frame as seen in figure 5.9. Smaller lines generate fewer events in
DVS and the corresponding spiking neuron in parameter space receives less excitation
subsequently and therefore is not likely to fire. To solve this issue, the internal
threshold for neurons membrane potential should be proportional to the line length
or the colors intensity in the parameter space. However, these values should be larger

than a minimum threshold not to detect extremely short lines at the frame corners.

5.5 More Efficient Inhibitory Window

The issue with the small lines was discussed in the previous section. Another
issue stems from the fact that proximity in the parameter space does not necessarily
indicate proximity in Cartesian space. Therefore, it is possible that some lines which
are placed too close together in the parameter space be regarded as one line, while

they are placed far apart in the Cartesian space.



Chapter 5: Event-Based Hough Transform for Lines Detection and Tracking 99

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

a8
LnE

dz
d

Figure 5.10: Left figure shows two lines which are near in both Cartesian space and
parameter space. Right figure shows two lines which are near in parameter space, not
in Cartesian space.

To make it clear, Figure 5.10 is considered. This figure shows two sets of couple
lines. First couple lines are (61,7) and (61 + A6, r) and second couple lines are (02, 7)
and (0 + Af,r) at the left and right side of the figure respectively. The distance
between the corresponding points of every couple lines in parameter space are the
same despite their distances in Cartesian space which are clearly different. This
means that Af is the same in Cartesian space (Figure 5.10) for two lines couples and
thus the distance between the corresponding points of the couple lines is the same in

parameter space.

This specific case can happen in our inhibitory window. As detailed in section
5.3.2, we inhibit neurons within a small window around the correct neuron, in the
parameter space, to reduce the noise. Applying the inhibitory window directly in the
parameter space, can cause inhibition in detection of a line in the Cartesian space, far
from and unrelated to the main detected line. To address this problem, we improve
the inhibitory window, by applying the window in the Cartesian space, and optimizing
its shape to suppress the lines which are close together in the Cartesian space, and

not necessarily in parameter space.
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5.5.1 Distance Metric in Cartesian Space

To determine which neurons to be reset, a distance metric D is defined. This
metric is consistent with human perception of the distance between two lines. It is
the average distance obtained by dividing the area between two lines by the length

of the lines. Assuming the lines are close together, two situations can be considered.

e If the intersection point is inside the frame:

S S1 + Ss 1 d%—f—d%

d~ ditd 2" d+ds (5:3)
e [f the intersection point is outside the frame:
S S-=5 1 d3 — d?
D=—-= = —nAf
d - dy—dy 2 dy—dy
1
D = §7TA9(Ch + dy) (5.4)

The intersection point of two lines (6,7) and (6 + Af,r + Ar) can be calculated as
follows.

zcos(0) + ysin(0) =r

zcos(0 + AQ) + ysin(0 + Af) = r + Ar

cos(0) sin(0) x T

cos(0 + Af) sin(0+ A0)| |y r+ Ar

x 1 sin(0 + A0)  —sin(6) r

Y sin(A0) | —cos(0 + A0)  cos(8) | |r+ Ar

Assuming A6 is very small:

A<l — AbF=0 for k>1
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Figure 5.11: The parameter space is implemented in a spiking neural network. Inside
the yellow window, the inhibitory inputs of some green neurons are laterally connected
to the output of central neuron (red neuron)

T 1 |Abcos(f) + sin(f) —sin(0) r

Yy A Afsin(0) — cos(0)  cos(0) r+ Ar

x 1 |rAfcos(0) — Arsin(0)

y A0 rAfsin(6) + Arcos(0)

x = rcos(0) — 4= sin(6)

a0 (5.5)
y = rsin(6) + S5cos(6)

5.5.2 Lateral Inhibitory Connections

The inhibitory connections are set just one time at the beginning of the simulation.
The spiking neural network consists of N x M neurons as shown in Figure 5.11 (/N rows
for § quantization while M columns for  quantization). Any neuron s;; represents a
line (6;,7;) in the parameter space. Steps of setting the inhibitory connections of s;;

are as follows:

e For any spiking neuron s;; (red neuron), find all neurons sy (green neurons)

inside a window centered at s;; (yellow window).

e Considering any green neuron sy and the red neuron s;;, find the intersection
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Figure 5.12: Four possible points of the frame edges that an arbitrary line (0, 7) can
pass through. Any line passes through only two points among four possible points.

point of lines (6, r;) and (6;,r;) using Equation 5.5.

e Depending on the position of line (6;,7;) in Figure 5.9, find two points of the
frame edge that the line is passing through (Figure 5.12). Calculate the dis-
tances d; and ds from these points (Figure 5.10) to the intersection point ob-

tained in the previous step.

e Depending on the position of the intersection point, whether it is inside or
outside the frame, obtain the distance metric, D based on Equation 5.3 or

Equation 5.4.

o If D < Dypreshoa, set an inhibitory connection between sy and s;;.

5.6 Extended event-based Hough Transform

In section 5.2, it was discussed that a simple method for detecting a line is setting
a threshold on the number of votes in Hough parameter space. If this threshold is
large enough, then the full-length lines in a frame can be detected. If the objective
is to recognize small lines as well, the threshold should be small enough since such

lines contain a small number of events in a frame and as a result, the corresponding
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point in parameter space receives fewer votes compared to longer lines. There are

two major drawbacks in this procedure:

e [f there are two or more small separated lines exactly on a same direction as
seen in figure 5.13(A), even if enough votes are received from those lines for the
corresponding direction in the parameter space, it is not possible to recognize
which vote comes from which line in Cartesian space. Therefore, we can not
recognize the exact position of small lines on the main direction; i.e. the main
direction can be estimated, although it is not possible to find out which part

and what ratio of the detected direction is really covered by small lines.

e [f the threshold is set small enough to detect small lines, the procedure can not
detect the concentration of supporting events in Cartesian space. To illustrate
the problem better, two scenarios are shown in figures 5.13(B) and 5.13(C). A
few points are concentrated on a direction and form a small line in figure 5.13(B).
On the other hand, the same number of points are distributed randomly on the
same direction as shown in figure 5.13(C). This scenario is most likely caused
by noise. If the threshold is fixed for both cases, the procedure detects a small

line in both cases although it is wrong for the second scenario.

e If an arbitrary shape (not necessarily a straight line) exists in the frame, the

standard event-based Hough transform fails to detect the shape.

To address the above mentioned problems, we should consider the position of
points on the detected direction. This position can be described by the distance of
each point on the direction from the perpendicular line which is shown by d in figure
5.16(A). The distance d can be considered as the cross product of vector p = (z,y)

and unit normal direction (r = (cos#, sinf)) as follows:

k
PXTr=| gz y 0 = (xsinf — ycos )k = dk
0

cosf sinf
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Figure 5.13: (A) Multiple small lines on a direction. The standard event-based Hough
transform can not detect the position of lines on the detected direction; (B) 7 events
from a small line on a direction; (C) 7 events on the same direction caused by noise.
The standard event-based Hough transform can not distinguish between these two
cases.

d = xsinf — ycosb (5.6)

Based on the above definition, the right/left side of the perpendicular line is considered

as positive/negative d on the direction; i.e. d is a negative value in figure 5.2(A)).

d value can be considered as the negative derivative of r with respect to 6 based
on equation 5.1. As a result, the slope of curves passing through the common point
in figure 5.2(C), shows the distance of corresponding point in Cartesian space from
the perpendicular line. As a result, to check whether a local maximum in parameter
space shows a real line in Cartesian space, we should check the distribution of curves
around the maximum point. This distribution directly affects the shape of contour
lines (equipotential contours) around the maximum point and the sharpness of that.
The investigation of this issue is beyond the scope of this thesis. Alternatively we
can use distance d as the third parameter beside r and 6 to build a three-dimensional
Hough space as seen in figure 5.14. In a conventional 2D parameter space corresponds
to a frame containing a line, there is a bright point at particular r and # while in new
3D parameter space, there are many bright points in different d at the same r and 6

as seen in figure 5.14(B).
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Figure 5.14: (A) A line (marked by red) in Cartesian space, (B) corresponding three-
dimensional Hough area consists of different bins. Red bins represent bright points
those receive more votes from Cartesian space. These bins are substituted with spiking
neurons

5.6.1 Parameter space quantization

In real application, the parameter space should be quantized in all dimensions.
In [159], a uniform quantization was used for r and 6. The quantization method of
parameter space can highly affect the quality and accuracy of the implementation.
Using polar coordinates in parameter space, uniform quantization of # is not the best
choice as seen in figure 5.15. If a line element is located near to the perpendicular line,
a small change in 6 results in a small displacement of the line element. On the other
hand, the same change of 6 for the elements which are far from the perpendicular line
causes a large displacement of the elements. In other words, the Cartesian space is

not transformed uniformly to different bins in parameter space.

Let us focus on quantization issue. Ar is roughly defined by the thickness of lines
we want to detect. On the other hand, Ad should be considered at least a few times
of Ar since for a line it is obvious that the width should be several times smaller than
the length. Herein, we use a uniform quantization for r and d while the quantization

of 6 is optimized for better performance.

Let us consider a small linear element E'1(6, r, d) as seen in figure 5.16(B). By fixing

r and d of this element, a small change Af# of the angle results in a new position at
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Figure 5.15: The effect of uniform quantization of parameter space. Two line elements
with the same distance of A in Hough area, although (A) the elements can be near
or (B) the elements can be far in Cartesian space
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Figure 5.16: (A) Each line element is uniquely defined by three parameters 6, r, d.
(B) For fixed values of r and d, a small change in 6 cause a radial displacement of
dAf and a tangential displacement of rAf in the element position. (C) Redundant
lines are located at the same place with a small difference in their orientations. These
lines are suppressed by lateral inhibitory connections within the network.

E2(0+A60,r,d). The displacement from E1 to E2 consists of two radial and tangential
displacement. Approximately, the radial part is dAf while the tangential part is rAf.
To cover all over the frame in Cartesian space and not to have redundant elements
at the same time, F'1 and E2 should not intersect each other in the frame and there
should be no gap between them. As a result, the tangential displacement should be
smaller than the element length and the radial displacement should be smaller than

the element thickness as follows:

Ad

rAf < Ad = Af < — (5.7)
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dAO < Ar = A < % (5.8)

Ad

r

To find out which one of above conditions is more restrictive, we should compare

and % to see which one is smaller. By defining stretch ratio as SR = %j for line

_r_

<5, the condition 5.7 is more restrictive than condition

elements, if d is smaller than
5.8 and vice versa. The stretch ratio is a value greater than one (two, three or even
more) defined by r and d quantization which is fixed during the whole procedure. For
a specific value of r and d, if d < " the angle 6 is quantized uniformly while for

SR

greater values of d, the quantization of 8 should be finer by increasing d.

5.6.2 Spiking Neural Network

In this study we build the parameter space using a spiking neural network the
same as what is done in section 5.3.2. The key difference is that a three-dimensional
network is used here (figure 5.14(B)) to extract not only the whole lines in the frame,
but also any other small lines which can potentially make any arbitrary shapes in the
frame. Then based on the direction of these small elements, important parameters
like curvature can be obtained and the whole shape can be extracted or encoded
subsequently. The main limitation of 3D networks is the number of neurons they
need. However in this application, the number of neurons can be reduced 10 times
by removing those neurons do not receive any vote from the Cartesian space. Our
experiment shows that 40K neurons are needed for building a 3D parameter space
for 128 x 128 frame in Cartesian space with Ar = 3pizels and Ad = 9pizels. SNNs

in this scale can be easily implemented with current hardware technology.

5.7 Inhibitory Connections

Inhibitory connections between neurons are used for suppressing lines which are
close together. As seen in figure 5.16(C), let us suppose two different lines F1 =

(01,71,d1) and E2 = (65,79, d3) be the best matching line elements to some existing
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Table 5.1: Quantitative analysis of line detection results on artificially generated line
events

Line Input Output | Spike Time (ms) | 6 error (degree) | r error (pixel)
Events # | Spikes # First/Last Mean/SD Mean/SD
Cyan 9100 158 2630 4994 0.04 0.18 0.01 0.22
Blue 14116 278 6 4953 0.07 0.21 0.12 0.24
Green 18022 418 20 4993 -0.02 0.23 -0.03 | 0.21
Red 31654 923 0 4970 0.04 0.31 0.06 0.31

events in Cartesian space. The corresponding neuron to the best matching line fires
and the line is detected. We want to suppress all other lines which are most probably
capable of being wrongly detected as redundant lines. Referring to equations 5.1 and
5.6:

r=uxcosf+ysinf = Ar = (—xsinf + y cos ) A = —d A

d=xsinf —ycosh = Ad = (xcosf + ysin ) Al = rAf

Above equations show the mathematical relation between Af and (Ar, Ad). If the
objective is to suppress all redundant lines within +A60 range in angle, the correspond-
ing (Ar, Ad) are calculated based on above equations. In this study, we suppress all
redundant lines in all directions. It is noted that all crossing points are removed if the
lines are suppressed in all directions. When a neuron fires, we find its corresponding
point in Cartesian space. On this point, a resetting event is supposed. This event is

transformed to parameter space and reset all affected neurons in the network.

Each output spike from SNN represents a small line element in Cartesian space.
These spikes can be further investigated to find their relation in Cartesian space.
Ordering spikes of SNN enables us to span and track any arbitrary shape in the

frame. This is a part of our future work.

5.8 Experiment V

We evaluated our event-based Hough transform on some artificially generated line

events. As shown in figure 5.17, we generated artificial events by moving 4 different
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Figure 5.17: Line detection results on artificially generated line events. 1st row:
Traces of 4 different lines and results (in colors) overlaid on input events (grey pixels)
at certain time instances (1.5s and 3.5s). 2nd row: Results (in colors) superimposed
on ground truth (dashed lines) during the whole time course.

lines in a single scene. The first row shows the moving traces of these lines and the
line detection results at two different time instances. Detected lines are shown in
colors, and the input events (within 200 ms around the time instance) are shown in
grey. The second row shows the detection results (in colors) superimposed on ground
truth (dashed lines) during the whole time course (0-5 s) for angle 6 and normal
distance r, respectively. We can see that the propose algorithm can accurately detect
and track the four moving lines. Table 5.1 reports the statistics of the line detection
results. As we can see, the errors are very trivial, which quantitatively demonstrates
the accuracy of the proposed algorithm. Note that the first line (in color cyan) is
not detected until t = 2630 ms. This is because the initial length of this line is quite
short, leading to a small number of input events and thus few output spikes in the
corresponding cluster. A cluster with few spikes at the beginning will remain hidden

in order to prevent trivial lines from being detected /reported.
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Figure 5.18: Line detection results on various scenarios; 1st row: images captured
by a conventional camera, depicting various scenes that the DVS sensor was record-
ing; 2nd row: The proposed event-based algorithm’s line detection results (yellow)
superimposed onto DVS events (grey); 3rd row: Conventional frame-based hough
transform’s results using MATLAB standard functions for line detection with the
same number of the lines.

5.9 Experiment VI

We also evaluated the proposed algorithm for event-based Hough transform on
various real DVS event streams, and compared the results with those of conventional
frame-based hough transform. The results are illustrated in Figure 5.18. The first
row shows the images captured by a conventional camera; they depict the various
scenes that the DVS sensor was recording. Various indoor and outdoor scenes have
been recorded, including room ceiling, storage cabinets, cubicle panel, laptop, and
buildings. The second row illustrates the proposed algorithm’s line detection results
(yellow) superimposed onto DVS events (gray). The third row shows the results of
conventional frame-based hough transform algorithm applied on frames reconstructed
from DVS events. For each scenario, we let the frame-based hough transform detect
the same number of lines as our event-based algorithm does. As we can see, the
proposed event-based algorithm provides better detection results, especially in scenes

3, 5, and 6. In addition, tracking of the detected multiple lines is very easy using
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Figure 5.19: A pattern of five equidistant parallel edges, five detected lines in a frame
and their 6 and r diagrams

our algorithm, whereas it is quite hard to achieve using conventional frame-based

algorithm.

5.10 Experiment VII

In this experiment, a pattern is printed on a paper as shown in Figure 5.19(a) with
five equidistant parallel edges. Then we shake this paper in front of a DVS while it
is capturing the video. We apply our Hough transform algorithm on the generated
events and extract five lines as seen in Figure 5.19(b) in different colors including
magenta, cyan, blue, yellow and red. Figures 5.19(c) and 5.19(d) represent 6 and r
values of detected lines in time. € values are almost overlapped since the lines are
parallel and r diagrams are equidistant as we expected (For magenta line, we need to

add 180° to # values and change the sign of r values to negative instead).

To show the accuracy of results, the differences between 6 and r values of any two
neighboring lines are calculated. Table 5.2 represents the mean, standard deviation
(SD), minimum and maximum of these values for Af and Ar. This table shows that

five detected lines are parallel and equidistant as they are expected.
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Table 5.2: Mean, standard deviation, minimum and maximum values of # and r
differences

Mean | SD | Min | Max
Af 0.1 06 |-251 1.3
Ar | 24.3 10.89 | 22.4 | 29.2

mads)

Figure 5.20: The perpendicular distance and the angle of detected lines during the
whole video time span. The results (in colors) are well matched with the ground
truth (dashed lines).

5.11 Experiment VIII

The revised version of event-based Hough transform is applied on the same arti-
ficially generated data used previously in section 5.8. As shown in Figure 5.17, this
synthetic video includes four different lines overlaid in a single frame travelling from
their initial states to the final states. The events are randomly generated on these

lines during the whole video time span which is 5s.

The parameter space is built up by 200 x 300 spiking neurons with the decaying rate
of 3mwv/ms. As explained in section 5.4, the thresholds of the membrane potentials
are chosen proportional to the line length ranging from 6muv to 18mwv. The inhibitory

window is a simple rectangle of 10° x 5(pizxels).

Figure 5.20 shows the results (in colored lines) of the normal distance and angle
of the detected lines superimposed on the ground truth (in dashed lines). Table 5.3
reports some quantitative results of the experiment. The trivial errors in this table

show the accuracy of the proposed algorithm. The most significant outcome of this
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Table 5.3: Quantitative analysis of line detection results on the synthetic video of
four moving lines

Line Input | Output | Spike Time(ms) | 6 error(degree) | r error(pixel)
Events# | Spikes# First/Last Mean/SD Mean/SD
Cyan 9100 211 23 4995 0.04 | 0.25 0.03 | 0.27
Blue 14116 263 14 4974 0.06 0.19 0.15 | 0.23
Green 18022 412 21 4994 -0.02 0.23 -0.01 | 0.21
Red 31654 1037 4 4995 0.05 0.32 0.09 | 0.35
Paper

( - DVS Frame

Figure 5.21: A point and two lines with the angle of five degrees were printed on
a white paper. The point was pinned on a wall and DVS captured the clockwise
rotation of the paper around the point. The algorithm results are shown for two
instances of the video.

experiment is that small lines are detected using the proposed algorithm. This is
shown when the cyan line is detected from almost beginning of the video whilst in

section 5.8 cyan line was not detected until ¢ = 2630ms.

5.12 Experiment IX

The effect of inhibitory window optimization is evaluated on real captured data
using DVS. A point and two lines with the angle of five degrees are printed on a
white paper as shown in 5.21. The page is pinned at the printed point on a wall
and in front of a DVS. DVS position is adjusted to capture the pinned point at the
upper left corner of the frame. Then the paper is rotated clockwise around the pin
while DVS is capturing the video. All implementation details are the same with

the previous experiment except the lateral inhibitory connection which are set by

Dipreshora = D pixels according to section 5.5.2.
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The results are shown for two instances of the video. In early instances of rotation,
the algorithm detected only one line in the video. After a while and by increasing the
area between two lines, both lines were detected as illustrated in Figure 5.21. The
ability of detecting lines which are in a close proximity in parameter space has been
significantly improved in the revised algorithm compared to the initial version with a
simple rectangular inhibitory window which detects only one line from the beginning

to the end of this video stream.

5.13 Experiment X

In this experiment, we apply our extended event-based Hough transform on some
samples from previous experiments. The objective of this experiment is to show how
the extended event-based Hough transform can remove the noise and clean videos.
This is done by detecting all small lines in the frame and removing remaining events
from the video. Moreover, this experiment shows that the algorithm can be applied
on any arbitrary shape e.g. circle to recognize its boundary as a series of small lines.
We have chosen two noisy scene from experiment VI. Extended event-based Hough
transform results are seen in figure 5.22. This experiment shows the capability of
the algorithm in cleaning noisy videos. Another video is chosen from Experiment
III. This video shows a moving circle from left to right. As we have extracted the
transformation matrix from real coordinates to camera coordinates, we know the
exact position of the circle center and we can calculate events distance from the circle
center. Figure 5.23 shows the circle before and after applying the extended event-
based Hough transform algorithm. We plot the events distance distribution from the
circle center. As seen in figure 5.23, the distribution is more narrow around 5Hem
(circle radius) after cleaning the video. The circle boundary is recognized as a series
of small lines. The lines distance from the circle center is 5.10 £ 0.16cm. Moreover,
the error of these lines orientation with respect to the ground truth is 3°. In future,

we use extracted line elements to detect any arbitrary shapes and their parameters
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Figure 5.22: Extended event-based Hough transform results on two noisy scenes. The
algorithm output contains less noise compared to the algorithm input.
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Figure 5.23: A video of a moving circle with the radius of 5cm. The extended event-
based Hough transform is applied to detect the circle as a series of small lines. 40
spikes correspond to 40 small lines are received from the spiking neural network. The
result shows more narrow distribution of events around the circle boundary

e.g. curvature.

5.14 Conclusion

An event-based Hough transform approach based on a spiking neural network was
proposed to perform multiple lines detection and tracking on Dynamic Vision Sensors.
Both parameter space and inhibitory connections were optimized for efficient imple-
mentation on Neuromorphic specific hardware (e.g. TrueNorth or FPGA) without
any further preprocessing. This chapter is different compared to the proposed ap-
proach in Chapters 3 and 4 for investigating objects’ motion and edge which requires

buffering of the input over a longer duration.

In this thesis, we describe how our framework is moving from frame-based paradigm
to event-based paradigm. Therefore, the further we go from Chapter 3 to Chapter 5,

the lesser applicable comparison between the two families of algorithms (frame-based
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and event-based) becomes. To compare with the state-of-the-art, in Chapter 3, we
compare our algorithm with 9 other techniques from the literature to estimate the nor-
mal flow. In the next chapter, Chapter 4, we build upon our results from Chapter 3 to
propose our algorithm for global flow estimation in event-based systems, and compare
our estimated global flow with the ground truth. Next, in this chapter, we proposed
re-constructing conventional Hough transform with Spiking Neural Networks (SNN),
to allow its application on event-based systems, without losing its desired properties.
While the proposed event-based HT in this chapter cannot be directly compared with
frame-based techniques, for the sake of comparison, we conduct Experiment VI. In
this experiment, we create a frame by collapsing all the events of a selected time-
span, ignoring their temporal information. Then we apply frame-based HT on this
frame, and compare the results against application of our event-based HT on the same
time-span. Although the results of this experiment shows better performance from
our algorithm, this is not to claim that our event-based technique performs better
than state-of-the-art frame-based methods, as these two categories have different and
non-comparable operating conditions. Therefore, an accurate frame-based algorithm
cannot be applied to event-based systems, without undergoing fundamental changes,
which does not guarantee the same level of performance of the converted algorithm.
We can extend this event-based method to more complicated shapes e.g. curves as a

part of our future work.



Chapter 6

Conclusion and Future Work

This chapter concludes the thesis and presents some areas as future works.

6.1 Conclusion

Dynamic Vision Sensor (DVS) is a relatively new event-based video camera. Com-
paring to a conventional frame-based camera, DVS offers great advantages in terms
of power consumption, data rate, speed, and dynamic range. Simulating biological
retinas, DVS sensors are sensitive to the intensity change rather than the absolute
intensity value. Conventional cameras synchronously capture frames (e.g. 30 frames
per second) with each frame containing the intensity values of all the pixels. In
contrast, DVS sensors only report pixels with intensity changes and output them au-
tonomously as an asynchronous stream of binary events, thus creating significantly
less redundancy, and allowing high temporal resolution with low bit rate. These in-
teresting advantages of DVS is applicable to many applications where conventional
video capturing devices fail to perform, such as ultra-high-frame rate video-based
control systems for fast moving objects, robotic actuators that should respond to

rapid changes in the environment, or tracking micro particles.

Despite many desirable properties of DVS, one main difference between these cam-
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eras and conventional cameras have prevented this field from rapid advancement.
While conventional cameras operate in a frame-based output stream, DVS cameras
provide event-based output stream, and therefore, conventional image processing al-
gorithms cannot be directly applied to DVS output. The difference between frame-
based paradigm and event-based paradigm have resulted in a significant gap between
the image processing algorithms applicable to conventional camera output and DVS
camera output. In this work, we intend to reduce this gap, by proposing several

algorithms for low level processing of DVS videos.

We proposed a procedure for analysing objects motion in a DVS video and local-
izing their edges. For motion analysis, we exploited the principal component analysis
of the events to extract the properties of the events plane in 3-D spatio-temporal
space. We distinguished the normal velocity to the edge from the velocity along the
edge and tackled them separately for more accurate results. We used the events
plane orientation to estimate the normal velocity locally and considered the whole
object movement to extract the actual velocity globally. We investigated the time
and location discretization effects on the final results and showed that the spatial
quantization error is more important than the temporal quantization error. In addi-
tion, we introduced an algorithm based on the regional exposure time followed by an

edge-dependent Gaussian filtering for detecting the edges.

As another approach to edge and motion analysis of objects in event-based videos,
an event-based Hough transform using a spiking neural network (SNN) was proposed
to perform multiple line detection and tracking for Dynamic Vision Sensors. SNN with
local lateral inhibition was efficient in detecting correct lines as well as suppressing
incorrect ones, while event-based clustering on the SNN output spikes allowed efficient
tracking of the detected multiple lines. Subsequently we proposed some improvements
to detect very small lines in frame corners. Moreover, we could reduce the detection
noise by suppressing the lines which were visually close together in the Cartesian
space. Our method is able to perform this without interfering with lines that are in

close proximity in the parameter space, but not in the Cartesian space. Extensive
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experiments on both artificial and real DVS events streams demonstrated the efficacy

of algorithms presented in this thesis.

Our framework can serve as a methodology for analytical assessment of previously
proposed event-based optical flow algorithms, that can precisely describe behaviour
of these algorithms, and their reported result. Until now, this has been a missing
component in the literature, where analytical assessment of algorithms was substi-
tuted by estimation techniques. In contrast, our framework allows such analytical
assessment to obtain insights from system behaviour and subsequently implementing
new algorithms for that system. The framework proposed in this work is however far
from complete. There are several possible avenues of improvement that are discussed

in the next section.

6.2 Recommendations for Future Research

Although we have good results on simple shapes with uniform textures currently,

we need to extend these issues in future for complex objects.

e We explained the effect of quantization error in our results and stated that it is
one of the intrinsic properties of the DVS. If we know this error, we can improve
our estimations. In future we should investigate this error more to know what
parameters are effective on that. Currently we can mention some of them e.g.

edge velocity and direction, focusing the DVS, lighting of the scene, etc.

e We know that for some purposes e.g. human action recognition we need the
whole body in the captured video. There are many details inside a body shape
e.g. different colors, textures, etc and an object with non-uniform texture has
many events inside. Figure 6.1 shows a walking person in a DVS video. We
focus on a small part of his head. As seen in Figure 6.2(a), there is no clear
edge inside the window. Alternatively we have a boundary full of events. We

can consider a line or a curve to determine its boundary as shown in figure
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can be an appropriate solution for this issue.

(a) A small window of (b) A small window of
head area. One-sided hand area. Curve fit-
tangent line ting on the boundary

Figure 6.2: Two small windows of head and hand areas of the body

Figure 6.1: A walking man in a DVS video. There is no clear edge in a small window
on the head while there is a curve edge in a small window on the hand

6.2(a). One side of the line is inside the body full of events and the other side is
outside of the body with a few events. We can develop an algorithm sensitive to
the boundary events rather than all the events. Based on the analysis of edge
velocity and edge boundary, we can also extend the approach for connected edge

This could be used to filter out those non-boundary events. SVM

e As stated before, for human action recognition in video, we usually need to have
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the whole human body in the video frame. Since the spatial resolution of the
DVS is relatively low (128 x 128), the body parts e.g. head or hands are very
small in the captured video about a few pixels. The mathematical explanation
of this issue is that the boundary curvature of these areas is high. Figure 6.2(b)

Shows a small window on the hand area of a walking man in Figure 6.1.

The edges with higher curvature can not be assumed as lines unless we decrease
the window size and bear more error in our final results. We can use higher
order of approximation to solve this problem. i.e. we assume the edge is a curve

of order two or higher rather than a line within a window.

The temporal resolution of a DVS is high enough that we can assume the edge
has a constant velocity and a fixed topology in a small spatio-temporal window.
But its spatial resolution is relatively low. Accordingly we may have a curve
edge in a spatio-temporal window rather than a line. We can consider the edge

equation in a window as follows:
az? + by? + coy + dr + ey = f

In the above equation a, b, ¢, d, e define the topology of a quadratic curve and
f defines its position. For a moving curve we can make parameter f depen-
dent on the time and velocity. We should adapt the parameters based on the
events within the spatio-temporal window. Since we have more parameters here
compared to linear PCA, we should use more events to estimate them. By con-
sidering the edges as curve, we can choose a larger spatio-temporal window with

more events and obtain more accurate results.

e Our event-based Hough transform was extracting linear properties of the event-
based videos including lines parameters, tracking and velocities. As an enhance-
ment for this work, the next step is extracting the curve properties of objects
boundaries in event-based videos. For this purpose, we need to work on higher

orders of Hough transform and subsequently higher dimension of spiking neural
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network. This stage is important for obtaining the properties of whole objects
boundaries in the video and using them for detection/recognition purpose in

the future.

e The most important advantage of event-based cameras is their high temporal
resolution (1us). This characteristic allows us to track very fast moving objects
which is not possible in conventional frame-based cameras. Assuming a mark on
the blade of a rotating fan, it has a significant displacement between 2 frames of
a conventional video. As a result a conventional tracking algorithm will possibly
miss the mark. Even if the mark is not missed, we will not know its position
at any arbitrary instance. This problem can be solved by a DVS which has
a continuous stream of events and reports all dynamics with a great temporal
resolution. There are some event-based tracking algorithms in the literature.
However we can improve these algorithms significantly using the results we

currently have.

e Despite of a high temporal resolution, we miss a lot of details e.g. color, texture,
fixed objects, etc. in a DVS video. An interesting idea for potential future work
is co-capturing of a normal camera and DVS and correlating frame-based and

event-based data streams, that simulate high-frame-rate normal camera.

e We have already extracted some features from event-based videos which can be
used for detection/recognition purpose. We can use these features for a more

complicated task e.g. object recognition in future.

e The image contrast around the edge can affect our event-based Hough transform
since the events rate is highly dependent to objects color /brightness. In future,
the algorithm can be revised again to detect the linear edges with different

contrasts or the partial lines in the frame.
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