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Abstract

Based on the sequential K-means algorithm, we present a real-time, accurate and auto-

matic clustering method for asynchronous events generated by the optical flow algorithm

of Ridwan and Cheng. The complexity of our algorithm does not increase with increasing

number of events. We also designed an implementation of the elbow method capable of

detecting the number of clusters without any a priori assumptions on objects. In addition

we designed a merge algorithm capable of merging multiple touching clusters into one for

enhancing the results of our clustering algorithm. The output of our clustering algorithm is

then used with a single object looming detection algorithm to detect looming for multiple

objects. We tested our algorithm on both simulated and captured data sets against two other

well known algorithms. Our algorithm is fast and accurate both in cluster detection quality

and looming detection quality.
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Chapter 1

Introduction

We use our eyes as part of our visual system to collect environmental information and

transmit it to the processing part of the body, our brain, to interpret the surrounding world.

Computer vision is a field that aims to provide computers with the same or even better

capability. Computer vision is a multidisciplinary scientific field in which algorithms are

designed to achieve an acceptable understanding through videos and digital images. These

algorithms are developed to automatically extract useful information for automatic visual

understanding. Video processing has many applications such as object detection and track-

ing, motion detection, video enhancement, navigation, etc. These applications can be used

for different purposes such as robotics in which video cameras can be used as a sensor for

the environment. There are many problems that need to be addressed and many algorithms

that need to be developed to expand the area of video processing for use in computer vision

and robotics. Detecting objects which are looming is one of these problems.

According to the study of perception, looming is an optical phenomenon in which the

size of a given object rapidly expands [51]. When the object gets closer to the viewer, its

image gets larger on the viewer’s retina over time and a physiological response is triggered

automatically to perceive that object as an approaching object. Looming detection is es-

sential both in nature and robotics. Since fast looming movements are often dangerous,

systems should be able to detect such situations. Therefore, looming detection does not

focus on what is looming but the fact that something is approaching. Looming detection is

also important in robotics and intelligent vehicles to give them the capability of avoiding

1



1. INTRODUCTION

risky situations. Previously, conventional frame-based cameras have been used for process-

ing in such situations. However, since their frame rate is relatively low, the reaction time of

processes such as looming detection is limited. Also, because these cameras are not motion

dependent, they detect and report all data regularly which wastes both electrical powers,

computational resources and storage. Other techniques such as identifying the region of

interest and ignoring the background is not optimal due to the extra computation, power

and storage.

We also use our brain to distinguish different objects everyday. We cluster objects with

similar features into groups in a way that the objects in the same group have similar features

and the objects in different groups have different features [20]. There are many clustering

algorithms developed for use within intelligent systems in different areas such as marketing,

land use, city-planning, etc. The application of clustering in image processing, machine

learning and robotics can lead to creating intelligent systems capable of distinguishing,

tracking and avoiding objects and obstacles. Clustering is an unsupervised classification

process and it can be used both as a stand-alone tool to get insight into data distribution or

as a pre-processing step for other algorithms.

Neuromorphic engineering is a field of study in which biological nervous systems are

studied to be simulated by Very Large Scale Integration (VLSI) systems [39]. The goal of

this field is to replace transistor-based electronic circuits with neuron architecture inspired

by human brain. The Dynamic Vision Sensor (DVS) is such a system simulating the human

retina [36]. The DVS is an event-based camera which only transmits significant changes

in log-luminance of any individual pixel. These changes are called events and may be de-

tected and reported asynchronously by the camera as they happen. Therefore, in contrast

with conventional frame-based cameras, these cameras can react to events faster while their

electrical and computational power requirement is lower. However, the developed algo-

rithms for frame-based cameras cannot be applied to theses cameras and new algorithms

need to be developed to preserve the advantages of these cameras.

2



1.2. ORGANIZATION OF THESIS

The goal of this thesis is to provide a real-time and automatic solution for the problem of

detecting multiple looming objects. The proposed algorithm clusters the objects in the scene

using clustering techniques adapted for asynchronous event-based input data transmitted

by event-based cameras. The events in each cluster are analyzed to determine if the cluster

contains a looming object.

1.1 Contribution

In this thesis, we proposed a real-time clustering algorithm based on the sequential K-

means algorithm capable of clustering the optical flow-events generated by Ridwan and

Cheng’s optical flow algorithm [50]. Our algorithm is automatic and neither parameter

adjustment nor a priori assumptions on the shape and number of objects in the scene are

required. In addition, our algorithm does not require special hardware or parallel processors

and can be run in accessible systems.

We used the output of our clustering method with Ridwan’s single object looming detec-

tion algorithm [49] to solve the problem of looming detection for multiple objects. During

our experiments on both simulated and captured data sets, we realized that Ridwan’s algo-

rithm cannot detect looming while the object is looming and moving sideways at the same

time.

Beside our clustering algorithm, we implemented two other well-known clustering al-

gorithms (K-means and mean shift algorithms) to evaluate our algorithm against them. We

also designed a method capable of detecting the number of clusters without any a priori

information about the objects. We called this method the elbow method. Last but not least,

we designed an algorithm which merges multiple clusters to form a single one and improve

the accuracy of the final clustering decision.

We show that a combination of using our proposed algorithms provides us the most

accurate results in the shortest processing time. We also show that the complexity of our

algorithm does not change if the number of events is increased.

3



1.2. ORGANIZATION OF THESIS

1.2 Organization of Thesis

The background and motivation of this thesis is discussed in Chapter 2. In Chapter

3, our methods and the way we adopted different clustering algorithms for using with the

event-based camera are described. In Chapter 4 we present the experimental results for both

simulated and captured data sets. Finally in Chapter 5, the conclusion and possible future

works in this area are discussed.

4



Chapter 2

Background

In this chapter, some background information and definitions are given. The conventional

frame-based cameras are reviewed. Next, the Dynamic Vision Sensor is introduced, and the

associated Address Event Representation is also described. Next, the problems of optical

flow and looming object detection are introduced, including a brief overview of some of the

previous algorithms for both frame-based cameras and the Dynamic Vision Sensor. Finally,

a review is given for clustering algorithms that will be used in this thesis.

2.1 Conventional Frame-Based Cameras

Traditionally, a video is represented by a series of successive images called frames.

Each of these frames contains an image taken by an array of imaging sensors. This is how

conventional cameras record and represent videos. Although these cameras are commonly

used and many algorithms have been developed for videos captured by these cameras, there

are a number of drawbacks associated with them.

Conventional frame-based cameras have a frame rate, which is the number of frames

they can capture per second. For example, typical cameras capture 24—30 frames per sec-

ond (FPS). Depending on the type of camera, there is a frame captured every 30 to 40

milliseconds, even if the scene is unchanged or few changes are presented. This approach

produces redundant data. Computational and electrical power are required to process them.

Also, the amount of space required to store them is significant. Using compression tech-

niques to deal with redundant data requires even more computational resources. Since these
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Figure 2.1: Motion blur in conventional cameras. (a) A fixed spinner. (b) A frame of a
recorded video from a spinning spinner. Since the speed of the spin is higher than the frame
rate of the camera, the motion is blurred.

cameras have to send captured frames synchronously at regular time intervals, there is a de-

lay between the time the scene is changed and the time the data is captured and available

for processing. This delay is called latency and it is important because it is the delay be-

tween what is happening in front of the camera and what is processed. When applications

such as robotics or autonomous vehicles require a fast response to the environment, using a

low-latency camera is important. On the other hand, higher latency can be tolerated for pro-

cessing recorded videos. Since some changes may happen between two successive frames,

motions at speed higher than the frame rate will be blurred and the algorithm processing

the video cannot respond faster than its frame rate (Figure 2.1). This is known as aliasing

and it happens when the frequency of changes is at least two times faster than the Nyquist

rate [24]. When the range of intensity in the scene is high, it is highly probable that some

details are lost using conventional frame-based cameras. For instance, most cameras cannot

simultaneously capture both very bright and dark objects in acceptable details. Typically

settings are available (e.g. aperture of the lens) to control the amount of light that reaches

the sensors, and the setting is applied globally to all pixels. If there are both very bright or

very dark objects in the same scene, the camera settings have to be tuned to allow either

6
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Figure 2.2: An example of low dynamic range in conventional cameras.

the bright or dark object to be seen. Thus, we say that these cameras have low dynamic

range. In Figure 2.2 there are two different images taken from the same scene with differ-

ent settings in which only very bright or very dark objects can be seen in a single image.

However, High Dynamic Range (HDR) is a technique that regular cameras use these days

to solve this problem. In this technique, by taking many images with different exposure

settings, a detailed image is obtainable over all brightness situations [13].

In summary, conventional frame-based camera have low dynamic range, produce large

amounts of redundant data, use large amount of memory access and disk space to deal with

these redundant data, and waste computational power, energy and time. Researchers have
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Figure 2.3: The Dynamic Vision Sensor (DVS).

started to look for different imaging techniques capable of overcoming these drawbacks.

2.2 The Dynamic Vision Sensor

Neuromorphic engineering is a multidisciplinary field in which artificial neural com-

ponents are built to mimic biological neurons [41]. The Dynamic Vision Sensor (DVS)

(Figure 2.3) is a neuromorphic camera which behaves similar to the human visual system

by modeling the human retina [36]. By considering the biological retina as a visual sys-

tem capable of transmitting relevant information asynchronously [23], researchers found

the solution of overcoming the drawbacks of conventional frame-based cameras.

There are key differences between conventional frame-based cameras and neuromor-

phic event-based cameras such as the DVS. Unlike frame-based cameras which collect

frames and transmit them synchronously at a fixed frame rate, the DVS does not wait to

collect frames and asynchronously transmits events as soon as each event occurs. An event

occurs when the log luminance detected by a pixel changes by more than a predefined

threshold. The output of the DVS is directly related to significant log luminance changes

in a pixel. These changes can be caused by light changes as well as motion. When an

object moves, significant changes happen usually only near its edges. In order to detect

8
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Figure 2.4: A simple horizontal move can cause events to be generated by the DVS.

movement, the log luminance of the object and the background need to have a consider-

able difference. By assuming a relatively constant background, as the object moves in the

same direction for a period of time, its leading edge will cover the pixels of the background

and its trailing edge will expose the background (Figure 2.4). Assuming the background is

brighter than the object, the background has a higher log-luminance compared to the object.

In this situation, the intensity changes at the leading edge are negative. While the changes

at the trailing edge are positive. The situation is similar if we have a background with lower

log-luminance than the object.

When there are no changes in the log-luminance of the scene the DVS is focused on,

there is no output. As soon as a significant change in the log-luminance of any pixel occurs,

the DVS reports an asynchronous event which is described by the coordinates of the pixel’s

location, the timestamp of the event and the polarity (+=−) of the change. Although the

event polarity indicates whether the change is from dark to bright or vice versa, the mag-

nitude of the change is not available. Other information gathered from motion sensors

provided in the DVS are also reported, but they are out of the scope of this thesis.

In the DVS, each pixel has an individual sensor. Each sensor only compares the current

log-luminance to its previously triggered level. Therefore, each pixel can adapt to its own

intensity because they are independent from the other pixel sensors. After detecting a sig-

nificant difference between each pixel’s intensity and its own previously triggered level, the

sensor transmits an event. This is why the dynamic range of the DVS is very high—each
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pixel adapts to the local luminance independently of other pixels. Even if one area is very

bright and another area is very dark, significant log-luminance changes in both areas are

still detected.

Reporting events asynchronously has many advantages over collecting frames. First of

all, the DVS reports events as soon as they are detected by the pixel sensors. This makes the

latency of the camera very low and makes it suitable for recording super high-speed mo-

tions with latency of microseconds. Also, unlike frame-based cameras which collect frames

regardless of the amount of changes happening in the scene, the DVS only reports the sig-

nificant changes in the log-luminance of the pixels and it does not produce any redundant

data when no change occurs. This approach reduces power consumption as well as com-

puting resources for processing the generated data and the amount of space needed to store

them drastically. Additionally, unlike frame-based camera which have low dynamic range,

having a high dynamic range makes the DVS less sensitive to special lighting conditions.

Working with the resulting event stream, however, can be challenging. Since the DVS

reports events asynchronously, these events can come from any part of the image and they

are in an unpredictable order. Therefore, algorithms need to process them in real-time.

Also, instead of reporting the intensity, only the polarities of the changes are reported.

Therefore, the only visible part of the object is its outlines, which if required, makes the

visualization of the object difficult (Figure 2.5). Although some methods have been de-

veloped to reconstruct the original video by gathering the reported streams of the DVS

[3, 30, 32], extra computation power and movement in the scene are required to obtain an

approximation of the original object.

In addition, in situations in which the object and the background with different colours

lead to the same luminance (Figure 2.6), no movement will be detected. This is because

the DVS is not able to distinguish the background from the foreground object. Moreover,

if the background and the object have similar colours, detecting motion in this situation is

difficult even for human [38]. Since the DVS is modelled from the human retina, it cannot
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Figure 2.5: Examples of the output of the DVS. The green dots indicate increases in the log
luminance of those pixels (called ”positive changes”) and the red dots indicate decreases in
log luminance (”negative changes”).
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Figure 2.6: Colours with the same luminance. (a) The original image. (b) The luminance
of the image. (c) The luminance of the colours.
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be used for detecting movements in such situations.

2.3 Address Event Representation (AER)

The Address Event Representation (AER) [6] is a communication protocol between

neuromorphic systems. It is an asynchronous transmission protocol that transmits the gen-

erated outputs from the generator to the receiver using a narrow communication bus as well

as a high-speed multiplexor [17, 40]. It takes advantage of the low frequency of events

generated by the neuromorphic system and transports them through a high-speed bus. In

computer systems, the bus is a channel through which two or more components or com-

puters are connected and communicate with each other. When each event is generated by

the DVS, the involved pixel’s coordinates, as well as other information such as the polarity

and the timestamp ( for instance, x-coordinate, y-coordinate, timestamp, +=−), are sent as

a code through the AER bus. This mechanism makes the neuromorphic chip act similarly

to the human brain in a long-range communication point of view [35].

The Java Address-Event Representation (jAER) [29] and C Address-Event Representa-

tion (cAER) [8] libraries are two libraries available for accessing the DVS output in AER

format. Although the Java-based jAER is a commonly used library, in this thesis we used

the cAER library because it is designed to give direct low-level access to the DVS. There-

fore, manipulating the DVS is easier and faster using cAER.

2.4 Optical Flow

In our daily lives analyzing, predicting and recognizing motion play a significant role.

Detecting the direction of motion can help us in different situations. For instance, detecting

the direction of the movement of cars can help us cross the street safely. Also, detect-

ing and analyzing moving and stationary objects can help us build intelligent navigation

systems with the ability to prevent collisions with surrounding objects. Motion detection

requires finding a change in the position of an object relative to its surrounding environ-
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