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Abstract

Event cameras detect significant changes at each pixel asynchronously and report these

events in real-time. A changing scene can generate many events in a short time. Efficient

storage and transmission are necessary for further processing of this event data. Inspired by

this necessity, we propose a lossless Motion Compensated Compression algorithm based

on Optical Flow (MCCOF) for event cameras. We analyzed our proposed algorithm perfor-

mance compared with the lossless spike coding algorithm. We found that our MCCOF al-

gorithm achieves a higher compression ratio on most datasets compared to the spike coding

algorithm. Using a real-time event-based optical flow algorithm for motion compensation,

our algorithm does not significantly increase the computational time for compression and

decompression.
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Chapter 1

Introduction

Event-based cameras are one type of imaging sensors that can respond to significant lo-

cal changes in log-luminance, called events. There are some differences between event-

based cameras and conventional frame-based cameras. Conventional cameras capture and

store videos in the form of frames, and data is captured even if there is no change in the

scene. However, event-based cameras do not specifically output the intensity of each pixel

as frame cameras do. Each pixel compares the current and previous log-luminance levels

and fires an event when the difference exceeds a user-defined positive or negative thresh-

old. These events can arrive asynchronously as event-based cameras only report significant

log-luminance changes, which may occur only in some pixels.

The Davis Dynamic Vision Sensor (DVS) is a biologically motivated event-based cam-

era. It is used for modern computer vision applications, including high-frame-rate video

reconstruction with high dynamic range (HDR), high resolution and 3D reconstruction of

human motion, motion classification, and tracking [16]. As event-based cameras respond

only when significant log-luminance changes happen, a moving object can generate many

events in a short time based on surrounding conditions. For example, a falling water drop

may generate nearly 11.5 million events over 6 seconds, with about 7.7 million bytes in

a second [31]. Transmission and sometimes storage of these large number of events are

required in addition to any processing for the computer vision tasks at hand. Therefore,

for efficient storage and transmission, efficient compression of these events has become an

emerging research topic for event-based cameras.
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1. INTRODUCTION

Events are mainly represented in a raw format using the Address Event Representation

(AER) protocol [22]. For example, the AEDAT 4.0 format uses 96-bit representation for

each event, and its earlier version AEDAT 3.1 uses 64-bit representation. Each event is

represented by four attributes, including the spatial location (x,y) and timestamp (t) of each

event, with a polarity (p = ±) representing the log-luminance increase or decrease. The

main challenge for compressing events is the unique event data stream properties. When

events are generated from a DVS camera, they are asynchronously fired as event tuples

(x,y, t, p). Since the events are generated as soon as significant changes are detected in a

pixel, there may be little spatial structure among consecutive events. This lack of spatial

structure makes event compression more challenging as most conventional image and video

compression algorithms rely on spatial structures to remove redundancies.

Compression algorithms can generally be classified into two types: lossless compres-

sion and lossy compression. In lossless compression, the original data is reconstructed

perfectly from the compressed data. On the contrary, lossy compression only permits the

reconstruction of an approximation of the original data, allowing a larger reduction in stor-

age.

Several algorithms have been developed in the past. Bi et al. [5] first proposed a loss-

less predictive compression technique that could compress events efficiently. They modified

their algorithm with inter-cube prediction utilizing the temporal correlation among macro-

cubes [11]. Khan et al. [25] proposed a time aggregation-based lossless compression al-

gorithm, which showed a comparatively better compression ratio (CR) than the algorithm

by Bi et al. [5]. Data compression algorithms not specifically designed for DVS events can

also be used [37].

In this thesis, we utilized the event-based optical flow algorithm proposed by Ridwan

and Cheng [34, 35] to predict current events from previous events based on motion. We

designed and implemented a lossless Motion Compensated Compression algorithm based

on Optical Flow (MCCOF). We used PKU-DVS datasets from Peking University [31] for

2



1.2. ORGANIZATION OF THE THESIS

comparing our results to previous works. Our proposed MCCOF algorithm shows a better

compression ratio (CR) than the spike coding algorithm [5] for most scenes.

1.1 Main Contributions

In this thesis, we proposed a lossless Motion Compensated Compression algorithm

based on Optical Flow (MCCOF). It is an improved version of Bi et al. [5] spike cod-

ing algorithm with motion prediction. This motion compensation is done with the help of

Ridwan and Cheng’s optical flow algorithm [35]. To our knowledge, it is the first work

using optical flow for motion compensation.

It is shown through experiments that the proposed algorithm achieves higher compres-

sion ratio on many scenes compared to the spike coding algorithm. This is achieved by

incorporating motion compensation that is used selectively in some situations. Our algo-

rithm adaptively decides whether motion compensation is used.

The event-based optical flow algorithm by Ridwan and Cheng [35] can be applied in

real-time and has a very low computational cost (about 2µs per event). Using an event-

based optical flow algorithm for motion compensation does not significantly increase the

computational time for compression, unlike many other traditional motion compensation

algorithms which often require exhaustive search.

1.2 Organization of the Thesis

In Chapter 2, background concepts are introduced. In Chapter 3, previous approaches

for data compression for event-based cameras are described. Chapter 4 presents the pro-

posed lossless Motion Compensated Compression algorithm based on Optical Flow (MC-

COF). In Chapter 5, we show the experimental results comparing MCCOF against previous

works to demonstrate the effectiveness of the proposed algorithm. Concluding remarks and

possible directions for future work are given in Chapter 6.

3



Chapter 2

Background

In this chapter, some background information and definitions are given. First, conven-

tional frame-based cameras are reviewed. Next, the event-based cameras are described and

compared to conventional frame-based cameras. The topic of data compression is intro-

duced, and specific compression methods such as predictive coding, arithmetic coding, and

context modelling are explained. A brief overview of some of the previous compression

algorithms for event-based cameras is given. Special attention is given to the spike coding

algorithm [5] as it is the inspiration of the algorithm proposed in this thesis. Finally, the

event-based optical flow algorithm used in our work is reviewed.

2.1 Digital Cameras

2.1.1 Conventional Frame-based Cameras

A video is represented by successive image frames. Each image frame contains an

image captured by an array of imaging sensors. In this way, conventional cameras record

and represent videos. These frame-based cameras have a specific frame rate (the number

of images they can capture per second). Typically these cameras have frame rates from

20–40 frames per second. Even if the scene is unchanged or few changes have occurred,

these image frames are captured and stored. Figure 2.1 shows an example of a frame from

a conventional camera. Therefore, this process generates redundant data in many cases.

Dealing with this redundant data requires more computation and electrical power. Also,

additional compression techniques are often used to deal with these redundant data.

4



2.1. DIGITAL CAMERAS

Figure 2.1: Conventional frame-based camera captured image.

With conventional frame-based cameras, there is some delay between the time the scene

is changed and the time the scene is captured and available for processing, as these cameras

must send captured frames synchronously at regular time intervals. This delay is called

latency, and it is important as it is the delay between what is happening in front of the

camera sensors and what is processed. For example, though broadcast television has a

typically high latency, this higher latency may be an acceptable trade-off to achieve better

video quality [39]. However, high latency cameras are not suitable in many situations,

such as monitoring a restricted area or sensitive robotics applications. These frame-based

cameras are mostly used because of their low cost and wide availability in local markets.

Many algorithms have been developed for these commonly used cameras, but there are still

some drawbacks associated with the applications of these cameras.

For applications in robotics and autonomous vehicles, a fast response to the environ-

ment is required. Therefore low-latency cameras are required. Since some changes may

happen between two successive frames, motions at a higher speed than the frame rate will

be blurred. Algorithms designed for these types of cameras cannot detect changes faster

than the frame rate. This is also called aliasing, and it happens when the frequency of

changes is more than half of the frame rate [17].

For conventional cameras, when the range of intensity in the scene is high, some details

are lost. Most cameras cannot simultaneously capture very bright or very dark objects with

5



2.1. DIGITAL CAMERAS

Figure 2.2: Example of low dynamic range in conventional camera.

sufficient details. Typically, additional settings such as lens’ aperture and exposure time

are applied to control the amount of light that reaches the camera sensors. If there are very

bright or dark objects in the same scene, the camera settings must be tuned to allow the

bright or dark, but not both, objects to be seen. That is why these conventional cameras

have a low dynamic range. An example is given in Figure 2.2. Here, the image’s brightness

is decreased in some areas to allow the sky to be seen in detail. The brightness of the street

light has been decreased, allowing it to show the features of that portion. However, High

Dynamic Range (HDR) techniques can be used to obtain details across intensity ranges

[10]. Using this technique requires taking images at multiple exposure settings and then

solving some optimization problem to compute the radiance at each pixel. This results in

increased computational complexity and may not work for rapidly changing scenes.

In summary, conventional cameras have low-dynamic range and high latency for certain

applications. They also use a large amount of memory or disk storage to deal with this

additional redundant data, which wastes processing time and increases energy consumption.

2.1.2 Event-based Cameras

Event-based cameras are biologically motivated camera used for modern computer vi-

sion applications, including high-frame-rate video reconstruction with high-dynamic-range

(HDR), and high resolution and 3D reconstruction of human motion and tracking [16].

6



2.1. DIGITAL CAMERAS

Figure 2.3: Event-based camera output (left) and frame-based camera output (right).

They are inspired by the retinal structure of the human eye. Unlike conventional im-

age sensors in which image data are transmitted synchronously, event-based cameras are

asynchronous devices that transmit only events associated with significant changes in pixel

log-luminance when a large enough change is detected and each pixel can be triggered

independently [16].

Events are represented by the polarity (p), coordinates of the pixel’s location (x,y),

and timestamp (t) of those events. Besides the polarity, coordinate, and timestamp, there

might be other information such as camera motion reported by the camera. However, in this

thesis, we are only concerned with polarity events. Polarity is the direction of significant

changes in log-luminance in a scene. If there is a significant change in log-luminance, the

camera detects it and generates an event. However, if there are no significant changes, the

camera does not produce any output as this camera only responds when there are significant

changes in the scene. The output of an event-based camera, together with the frame-based

camera output, are shown in Figure 2.3. On the right is a representation of the events in

the DVS captured for a window of time. The green pixels are positive (from dark to bright)

events, and the red are negative events.

Due to low latency, event cameras are beneficial for robotic navigation and other ap-

plications. For example, in robotics or autonomous situations, the device needs to make

decisions by observing its surrounding situations. So, it needs a camera which can respond

7



2.1. DIGITAL CAMERAS

quickly. Event-based cameras perform better than conventional cameras as they require less

power, fewer computations, and quicker reaction times [21].

These cameras have a higher dynamic range than conventional cameras since they de-

pend on changing log-luminance levels rather than their absolute values. Also, each pixel

can operate independently of each other, so even if one pixel is very bright and one is

very dark, the camera can detect significant changes independent of each other. In event-

based cameras, each pixel generates events independently. The continuous-time photo-

receptor output that encodes luminance logarithmically is constantly monitored to deter-

mine whether there have been any significant changes since the last event. When a change

in log-luminance exceeds a threshold value, an event is triggered. After the event is gener-

ated, the pixel is reset to memorize the new log-luminance value [16].

However, working with this technology is sometimes difficult since only the directions

of changes are reported, but the magnitudes are not. Several works have been done to

reconstruct the intensity frames from camera data [3, 24, 26]. Through these methods, it

is possible to reconstruct the original video. However, the reconstructed video is only a

rough approximation that requires more calculations and numerous camera movements to

compute.

2.1.3 The Davis Dynamic Vision Sensor

Event-based cameras have low latency (about 10 µs on the lab bench and sub-millisecond

in the real world), high speed, and high dynamic range (> 120dB) [16]. There are some

commercial event based cameras, DVS128, DAVIS240, DAVIS346 produced by iniVation

that have differences in their resolutions [16]. We refer to these cameras as Dynamic Vision

Sensor (DVS). For DVS cameras (Figure 2.4), several communication protocols or storage

formats are used to represent event data efficiently. Address Event Representation (AER)

is a communication protocol that is designed to communicate sparse neural events between

neuromorphic chips [7]. These events can occur asynchronously to respond to stimulus,

8



2.1. DIGITAL CAMERAS

Figure 2.4: The DAVIS 240B.

and there may be no events generated for a long time if there is no stimulus. The AER is an

asynchronous transmission protocol.

When an event is generated from the DVS, pixels coordinates (x,y) and other infor-

mation such as the polarity (p) and timestamps (t) are sent through the AER bus. This

mechanism makes the neuromorphic chip act similarly to the human brain in a large-range

communication point of view [7]. The Java Address-Based Representation (jAER) and C

Address Event Representation (cAER) libraries are two libraries available for accessing the

DVS output in AER format [7, 23].

Sometimes, it is necessary to store DVS output events for further use. The AEDAT

(Address Event Data) format is used to store DVS events streams [22]. For example, the

AEDAT 4.0 format uses 96-bit representation for each event, and its earlier version AE-

DAT 3.1, uses 64-bit representation. Efficient compression of these events has become an

important research topic for event-based cameras for efficient storage and transmission.

2.1.4 Summary of Comparison

The main difference between event-based cameras and conventional frame-based cam-

eras is that conventional cameras capture and store videos in frames at regular intervals, and

data is captured even if there is no change in the scene. On the other hand, event-based cam-

eras do not output the intensity signals as frame-based cameras do. Each pixel compares

9



2.2. DATA COMPRESSION

the current and previous log-luminance levels and generates an event when the difference

exceeds a threshold. These events can arrive asynchronously as event cameras only report

significant log-luminance changes, which may occur only in some pixels.

As event-based cameras respond only when significant log-luminance changes happen,

moving objects can generate many events in a short period of time based on surrounding

conditions. However, a significant problem with these event-based cameras is that a rapidly

changing scene may generate a large amount of output. As a result, it is beneficial to

implement some compression algorithms for the storage and transmission of these events.

2.2 Data Compression

When images, videos, event streams, or other data need to be transmitted or stored, an

encoding is needed to represent this information. A sequence of symbols can represent

the data, and each symbol is drawn from a set of possible symbols. The frequency (or

probability) of each type of symbol can be used to compute a quantity known as the entropy

representing the amount of information inherent in the data [17]. Suppose that the possible

symbols are s1, . . . ,sn with probability p1, . . . , pn, respectively. Then the entropy is defined

as

H =−
n

∑
i=1

pi log2 pi. (2.1)

The amount of data used to represent an information source depends on the encoding

chosen. For example, a grayscale image can be encoded as a sequence of intensity values of

each pixel. A DVS event stream can be encoded as a sequence of the binary representations

of each event consisting of the tuple (t,x,y, p).

In data compression, one attempts to find an encoding method so that the length of the

encoding is shorter than the original encoding. If the length of the original encoding is A

and the length of the compressed encoding is B, then the compression ratio is defined as

CR =
A
B
. (2.2)

10



2.2. DATA COMPRESSION

Another measure of compression performance is the bit rate, which is the number of bits

used to encode each symbol [17].

For lossless compression, it is important that the exact original encoding can be obtained

from the compressed data. For lossy compression, further compression can be achieved by

requiring only a “close” approximation of the original encoding be recovered. For this

thesis, we will focus only on lossless compression.

Data compression is typically accomplished by reducing the redundancy that exists in

the original encoding of the data. For general image and video data, there are three common

types of redundancies that are considered—coding redundancy, spatial redundancy, and

temporal redundancy [17].

Coding redundancy exists when the average number of bits used to encode each symbol

is higher than the entropy. The entropy is highest when the probabilities for all symbols are

the same. But when the probability distribution is highly skewed, the entropy is significantly

lower. In this case, there is coding redundancy and a different encoding can be chosen

to lower this redundancy. Coding redundancy is reduced by using an entropy or symbol

encoder. Common entropy encoders are Huffman coding [20] and arithmetic coding [36].

Spatial and temporal redundancies exist because symbols that are located spatially or

temporally close to each other are similar. For example, the intensity of an image pixel

is likely to be similar to those around it spatially. Spatial and temporal redundancies are

typically reduced by a mapper, which changes the encoding to produce a highly skewed

probability distribution in the new encoding. This results in a lower entropy, so that com-

pression can be achieved by an entropy encoder. Typical mappers include transforms such

as discrete cosine transform [33] or wavelet transform [9], as well as various types of pre-

dictive coding [14, 15] and motion compensation [40].

In data compression of image and video data, the first step is to apply a mapper to

reduce spatial and temporal redundancies. The result is then compressed by an entropy

encoder. To decompress, an entropy decoder is applied, followed by an inverse mapper.

11



2.2. DATA COMPRESSION

Figure 2.5: Functional block diagram for image and video compression and decompression.

Figure 2.6: Block diagram for compression and decompression using predictive encoding.

This is illustrated in the block diagram in Figure 2.5. This is a standard model for the

various components of a lossless compression algorithm [17].

2.2.1 Predictive Encoding

Predictive coding is based on reducing the redundancies among pixels that are close

to each other spatially and temporally. This is done by predicting the current value from

previously encoded values, and encoding only the prediction error. To encode the first

value, 0 is used as the prediction. If the predictor is accurate, the errors are likely close to

0. For example, one simple predictor is simply to predict the current value as the same as

the previous value. Predictive encoding is illustrated in Figure 2.6.

From here we can observe the essential components for a lossless predictive coding sys-

12



2.2. DATA COMPRESSION

tem. It consists of an encoder and decoder, each of them containing an identical predictor.

The data to encode is a sequence of values f (n) for n = 1,2,3, . . . As successive values

enter the encoder, the predictor generates the predicted value of each sample based on a

specified number of past samples. The output of the predictor, denoted with f̂ (n) is used to

form the difference or prediction error.

e(n) = f (n)− f̂ (n). (2.3)

This error is encoded using an entropy encoder. This prediction-based compression

makes the overall compression of the data stream more efficient as it reduces the redundan-

cies in data by predicting with nearest events, and the resulting data will have a probability

distribution highly skewed and centred around zero. On the decoder side, the inverse oper-

ation is completed to decompress or recreate the original input sequence.

f (n) = e(n)+ f̂ (n). (2.4)

2.2.2 Arithmetic Coding

Arithmetic coding is a type of entropy coder. It is the process of encoding information

using an average number of bits close to the entropy. The algorithm receives a stream of

input symbols and replaces them with a single floating-point number in [0,1). Using the

symbol probabilities given by the model, successive message symbols reduce the interval

size. The more likely symbols reduce the range by less than the unlikely symbols and add

fewer bits to the message. Comparatively more bits are needed to represent the output

number for more unlikely input data.

Figure 2.7 represents the coding of the message a1a2a3a4. The message is assumed to

contain the entire half-open interval [0,1) at the start of the coding procedure. Based on

the probability of each source symbol, the intervals are initially separated into four areas.

Subinterval [0,0.1), for example, is connected with symbol a1. After the first symbol a1

13



2.2. DATA COMPRESSION

Figure 2.7: Arithmetic coding procedure (for the message a1a2a3a4).

is encoded, the range is now [0,0.1). As a result, it is extended to fill the Figure 2.7’s

full height, with the values of the reduced range indicating the range’s boundary. The

reduced range is then subdivided based on the probability of the source symbol, and the

process is repeated for the next message symbol. Symbol a2 reduces the subinterval into

[0.01,0.03), a3 reduces it even further into [0.016,0.022), and so on. The range is reduced

to [0.0196,0.022) with the last message symbol a4, which can be assigned as a particular

end-of-message indication. The message is encoded as any value in the final range. For

example, 0.02 can be used as an encoding of the message.

An advantage of arithmetic coding is separating the coding from the probability model

of the symbols. This change makes it possible for arithmetic coding to use a probability

model that changes to adapt to the data being encoded.

2.2.3 Context Modelling

In a data stream, many different types of information are encoded, such as the intensity,

coordinates, prediction errors, timestamps, polarity, etc. Each type of information has dif-

ferent sets of symbols with different probabilities. Therefore, it is more accurate to estimate

the probabilities of each type of information separately. This is known as context modelling,
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2.2. DATA COMPRESSION

Figure 2.8: Adaptive context-based arithmetic coding approach.

which means that there is a different probability model for each type of information. The

type of information is known as the context.

For image and video input, we can define the context of the current pixel based on

previous surrounding pixels. Specific context types need to be set before encoding and

decoding. As long as the context is defined by the data already encoded, both encoder and

decoder can compute the same context at the next step. There is a balance between having

enough contexts to allow probability models to be accurate for different situations and too

many contexts so that there is not enough data for the probability models.

An adaptive, context-dependent probability model is used to increase the accuracy of

the probabilities employed. Adaptive probability models update symbol probabilities as

symbols are encoded or become known. Thus the probabilities adapt to the local statistics

of the encoded symbols, illustrated in Figure 2.8.

As each symbol enters the encoding process, the algorithm determines the correct con-

text to use. The context determines the correct probability model to use to encode using

arithmetic coding. After the symbol is encoded, it is used to update the probability model

to adapt to the statistics of the symbols being encoded.

For example, an image compression algorithm can define the context of a pixel being

encoded by a neighbourhood around that pixel. A context can be computed based on the

pixel values in the neighbourhood.
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Chapter 3

Previous Works

3.1 DVS Specific Spike Coding

Bi et al. [5] proposed a lossless predictive compression technique for DVS event cam-

eras. The event camera produces a sequence of events (also called spikes) as the input to

the compression algorithm. The event sequence is partitioned into multiple macro-cubes

by time, and each of the macro-cubes has the full spatial resolution of the pixel array using

an adaptive macro-cube partitioning strategy. The spike locations and polarities in each

macro-cube are encoded using their proposed strategy, and entropy encoding is applied as

the final step. The overall procedure is illustrated in Figure 3.1.

Adaptive Macro-cube Partitioning

Spikes are partitioned into macro-cubes to smooth the fluctuation of the number of

spikes in each macro-cube, and limit the context size for the entropy coder. Each macro-

Figure 3.1: Overall procedure for spike coding algorithm proposed by Bi et al. [5].
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3.1. DVS SPECIFIC SPIKE CODING

Figure 3.2: Adaptive macro-cube partitioning strategy.

cube is then spatially partitioned into smaller spike-cubes based on the spatial locations of

the spikes. A macro-cube with a maximum time length is used as the root of a binary tree

for this partitioning. From the starting of the root, if the total number of spikes in each node

is bigger than a predefined threshold, the node is equally split into two small macro-cubes

recursively, and the leaf nodes of the binary tree contain the macro-cubes. This procedure is

illustrated in Figure 3.2. The macro-cube is subsequently divided into smaller spike-cubes.

The spike-cube encoding technique consists of spike location coding and spike polarity

coding.

Location coding algorithms are applied to the events in each spike-cube. They proposed

two methods for location coding in a spike-cube. These are called address-prior (AP) and

time-prior (TP) modes. Each method is applied by the algorithm, and the one with the

lowest bit rate is selected for each spike cube.

Address-Prior (AP) Mode

Address-prior mode is designed for spatial-decentralized spike-cubes, using one type of

predictive coding. A spike-cube is spatial-decentralized if the events in the spike-cube are

not spatially clustered. The operation of this mode is illustrated in Figure 3.3.
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3.1. DVS SPECIFIC SPIKE CODING

The operation can be described by a number of steps:

1. By projecting all the spikes in a spike-cube to the xy plane, a location histogram is

created, such that the number of spikes in each location is stored.

2. This histogram is represented by two separate maps. First, a binary map is used to

indicate whether a location has zero or non-zero number of spikes. A second map is

used to store the number of spikes in each location.

3. The binary map is encoded using a context-based arithmetic coder [38]. The content

of the binary map in the surrounding neighbourhood is used as the context in this

encoding.

4. The sequence of non-zero values in the second map is encoded by the entropy en-

coder.

5. The time differences between the consecutive spikes for a particular location are en-

coded by the entropy encoder.

In general, Bi et al. [5] measured the time intervals between consecutive spikes for

a specific pixel to predict the occurring time of the subsequent spike. Later they intro-

duced Referenced Address-Prior mode [11]. The spikes would find their nearest references

according to the timestamps in the corresponding spike train after encoding the location

histogram map and histogram counts and encoding the reference count. The timestamp

was converted to the time difference between a spike and its reference spike, which is then

entropy encoded.

Time Prior (TP) Mode

This mode is used for centralized spike-cubes, and it is also a type of predictive coding.

The operation can be described as a number of steps:
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3.1. DVS SPECIFIC SPIKE CODING

Figure 3.3: Address-Prior (AP) mode strategy.

1. All the spikes are projected to its time axis appearing in a timeline by finding a centre

point (x∗c ,y
∗
c). The centre point is,

(x∗c ,y
∗
c) = argminxc,yc

n

∑
i=1
|xi− xc|+ |yi− yc| (3.1)

Where (xi,yi) denotes the spike locations (i = 1,2, ....,n).

2. The centre point is encoded directly or differentially by referencing the centre point

(xc,prev,yc,prev) of the previous collocated spike cube.

3. The timestamp ∆t of events are differentially encoded, and the motion vector ∆xi,∆yi

passed into the entropy coder (CABAC) directly [29]. This is illustrated in Figure 3.4.

In [11], they improved their algorithm by finding the nearest reference spikes by com-

paring the timestamps. The time differences between the spikes and the corresponding

reference spikes are encoded along with the reference counts.

Spike Polarity Coding

Bi et al. [5] used the intensity property of light to encode the events polarity (p) because

polarity depends on light intensity and this intensity usually spreads over the surrounding

areas. So, it can be considered that if the previous spike/event is “+ (On)” (or “− (Off))”
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Figure 3.4: Time-Prior (TP) mode strategy.

polarity, then there is a high probability that the next spike will have the same polarity of

“+” (or “−”). Thus, the encoding of the spike polarity exploits the previous spike polarity

as the context for the current one and passes into the entropy encoder. However, this may

not be accurate for scenes where maximum intensity or brightness appears. In practice,

assuming that the intensity will be the same for the surrounding areas usually leads to good

results.

Similar to Referenced Address-Prior (RAP) and Time-Prior (RTP) mode Dong et al. [11]

also used previous reference spike polarity as a context for the current spike polarity in their

further work.

3.1.1 Time Aggregation Based Encoding

Khan et al. [25] proposed a time aggregation-based lossless video encoding technique

for neuromorphic vision sensor data. This technique uses temporal data aggregation ar-

rangements in a specific format for lossless video encoding techniques to achieve high

compression ratios. The event stream is converted into a video-like format, converting the

DVS spike event sequence into synchronized video frames with strong spatial and tempo-

ral correlation by projecting the DVS spike event stream into a series of frames, each with
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3.1. DVS SPECIFIC SPIKE CODING

the full resolution of the pixel array. They proposed to divide the spike sequence into two

separate frames, one associated with the positive increase of log luminance and one for

the decrease of log luminance. If the preceding event’s intensity is positive (or “+”) on a

pixel, the polarity of the next event will almost certainly be positive (or “+”) on the same

pixel. They proposed the merging of the frames of each polarity with the same timestamp

into one single superframe consisting of the “positive polarity” frame on the left and the

“negative polarity” frame on the right. “Superframes” are used to arrange data so that inter-

frame correlation is increased. Next, video encoding was performed, with each superframe

represented as a video frame. All of the spike sequence information is contained in the su-

perframe. Their strategy employs the lossless compression mode of recent video encoding

standards. They obtained a comparatively better compression ratio (typically within 3.5 to

4.9) because of multiple steps though this ratio depends mainly on the datasets.

3.1.2 Compression algorithms adapted to DVS data

Entropy Encoding: Entropy encoding is a process in which codes are assigned to

symbols to match code lengths to symbol probabilities. They are helpful in a variety of

DVS applications [16]. The most common entropy coding schemes are Huffman coding

and Arithmetic coding, which may be applied directly to DVS data by treating each field of

the event as an input symbol. Because these strategies have modest compression advantages

as a single compression strategy, entropy encoders have been used as the last step in many

advanced coding approaches. Its compression ratio remains within 1.8 to 1.9 [25] when it

is applied directly to the DVS data.

Dictionary-based compression: Dictionary coding schemes work by replacing large

strings with shorter codewords. Variable-length symbols are encoded as single tokens, and

each token serves as an index to a phrase dictionary. If the tokens are smaller than the

phrases, they will be replaced, resulting in compression. Some advanced dictionary coders,

such as Zstd [8], LZMA [32], and Brotli [1], use multi-level encoding and entropy coding
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to compress their dictionary codewords further. By transforming events into a multivariate

stream of integers and using the dictionary-based substitution concept to the DVS data,

dictionary-based compression can be implemented. The compression gains increase as the

frequency of repeated integers increases.

These compression techniques can significantly reduce the quantity of the data, which

can help alleviate the data rate and storage constraints of DVS surveillance-related appli-

cations [28]. However, the lack of repetitive patterns in the asynchronous stream of DVS

data can limit the compression gains of the dictionary-based compression strategies. Its

compression ratio remains within 2.8 to 4.9.

Internet of Things (IoT) specific compression: Blalock et al. [6] proposed a com-

pression strategy named Sprintz for resource-constrained devices. Its goal was to achieve

state-of-art compression gain without violating the latency constraints of the IoT devices.

SprintzFIRE, SprintzDelta, and SprintzFIRE+Huf are the three main variants of Sprintz

strategy. SprintzFIRE is based on a forecast called Fast Integer Regression (FIRE). This

algorithm predicts the current sample based on information on the previous samples. The

prediction errors are usually Huffman encoded. However, SPrintzDelta skips the Huffman

coding step and replaces the FIRE algorithm with delta coding to achieve higher compres-

sion speed. Moreover, the third variant, SprintzFIRE+Huf, achieves a trade-off between

compression ratio and compression speed by employing a joint combination between FIRE

and Huffman encoding. The Sprintz algorithms converts the event stream into a multi-

variate time series of integers. Techniques for time series compression are applied to take

advantage of the properties of the event stream as a time series. It can be helpful in sce-

narios where higher compression gains with reduced power consumption have essential

performance criteria [16]. Its compression ratio remains within 2.5 to 3.7.

Fast Integer Compression: These compression strategies are used in real-world sit-

uations where rapid compression is required. These fast integer compression algorithms

are specifically designed to encode or decode billions of integer arrays in search engines
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3.2. OPTICAL FLOW FOR EVENT-BASED CAMERA

Figure 3.5: Examples of optical flow.

and relational database applications. For fast integer compression algorithms, the most

commonly used are Samole8B [6], Memcpy [6], SIMD-BP128 [27], and SNAPPY [18].

These strategies could be used in scenarios where DVS data is transported to cloud stor-

age and computing servers for visual data processing such as an event, action, person or

object recognition/classification, and context awareness [30]. These techniques are applied

to DVS data by converting events into a column major format (vector or integer). Its com-

pression ratio remains within 1.3 to 3.0.

3.2 Optical Flow for Event-based Camera

In our daily lives, analyzing motion of objects plays a crucial part. It helps us in different

ways. As an example, when we try to cross a street safely, we need to analyze the traffic

situations on both sides. This motion detection requires a change in the position of an object

related to its surrounding environment. This movement between a perceiver and objects in

a scene generates visible motions of objects, surfaces, and edges. This term is called the

optical flow. In computer vision, optical flow is the pattern of apparent motion indicated by

a vector for each pixel in a scene (Figure 3.5).

Optical flow has many computers vision and robotics applications such as navigation

control, motion detection, and classification. Optical flow can be used to detect movement

in a scene. Many optical flow algorithms have been developed for conventional frame-

based cameras [4, 12, 19]. Calculus principles, such as partial derivatives, are frequently
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used in these methods. SpikeNet Technology has created a processing algorithm [13] based

on neurobiological principles that are efficient and effective. This algorithm is capable of

calculating optical flow in real-time. The system can offer a direction of motion in 8 or

16 potential directions at each place in the image and a number for the distance (in pixels)

between two successive frames. A dense motion map can be created when thresholds are

set at shallow levels, with each pixel generating a motion value. The noise can be controlled

by changing the threshold value. Although the speed of this algorithm is its major benefit,

this system is only meant for conventional cameras.

Dramas et al. [12] proposed a neurobiological algorithm that calculates optical flow in

real-time. This algorithm uses thresholds to control the minimum amount of edge energy,

minimum luminance of two sequential frames, and noise tolerance. The real-time calcula-

tions and the speed of this algorithm are its most significant advantage. However, it is based

on a frame-based structure, and it is not easily adapted for event-based cameras.

Cheng and Ridwan [34, 35] designed an optical flow algorithm that takes the input of

an event-based camera. Correlations among polarity events are used to identify the object

movements. When objects move in a scene, the log-luminance changes mainly occur in

the boundary areas in that object. The algorithm can detect motions by comparing the

polarities of recent events and previous events. As a result, having a series of pixels with

the same polarity in a direction indicates that the object is moving toward that direction.

When the object is moving, the pixels of the leading edge will generate the same polarity

with the direction of the motion in a period. Therefore, finding events of the same polarity

in proximity and within an acceptable period might indicate motion (Figure 3.5).

This algorithm receives the event stream from the event-based camera, and each event

contains the timestamp (t), spatial coordinates (x,y), and polarity (p). It generates an op-

tical flow event stream, with each optical flow event containing the timestamp (t), spatial

coordinates (x,y), and direction (d) in 8 compass directions.

When this algorithm receives camera events, it searches the eight neighbours of the
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location for the recent matching events with the same polarity. This match indicates the

direction that the object is moving. Each incoming camera event may match multiple pre-

vious events, and one can choose to report the average of the multiple matches, only the

first match, or all of the matches depending on the application. Cheng and Ridwan [34, 35]

showed that each event can be processed in about 2µs on average, so that it can be done in

real-time.
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Chapter 4

Motion Compensated Compression
algorithm based on Optical Flow

4.1 Introduction

In Chapter 2, two compression algorithms specifically designed for event-based DVS

cameras were reviewed. Bi et al. [5, 11] proposed spike coding compression algorithms.

However, the spike coding algorithms did not attempt to perform motion compensation.

Khan et al. [25] proposed a time aggregation-based lossless video encoding technique for

event-based DVS cameras. Though this algorithm performs motion compensation using

standard video compression algorithms and obtained better compression ratios, video com-

pression algorithms are not fast enough for real-time applications. Motion compensation

in video compression algorithms is slow because it often requires exhaustive search, and it

does not take advantage of the event properties in the motion compensation computations.

In this thesis, we want to use faster motion compensation based on event-based optical

flow to improve spike coding. We use the event-based optical flow algorithm proposed by

Ridwan and Cheng [34, 35] to predict current events from previous events based on motion.

In order to improve compression ratios, we do not encode all the events. Instead, the optical

flow and unpredicted DVS events are encoded.

In this chapter, we discuss the overall architecture of our proposed lossless Motion

Compensated Compression algorithm based on Optical Flow (MCCOF). Spike cube parti-

tion and optical flow event prediction procedures will be introduced in later sections. We

also describe how context modelling is used with arithmetic coding in our algorithm.
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Figure 4.1: Overall architecture of MCCOF.

4.2 Overall Architecture

The polarity events from the DVS camera are processed by the optical flow algorithm

to obtain optical flow events. At the same time, the polarity events are also collected into

macro-cubes. The optical flow events are used to predict polarity events from previous

polarity events. Predicted polarity events are removed, and the remaining polarity events

are encoded using the spike coding algorithm. The optical flow events are also encoded

using an adaptive context-based arithmetic encoder. The overall proposed architecture of

MCCOF is shown in Figure 4.1.

A brief description of the main components of the MCCOF algorithm are given below.

Macro-cube Partitioning The DVS polarity events are collected into fixed size macro-

cubes. Each macro-cube is then partitioned spatially into spike-cubes. The spike-cubes

are processed one at a time during the encoding process.

Optical Flow Algorithm The DVS polarity events are also processed by the optical

flow algorithm [34]. This algorithm generates optical flow events, which are used for

polarity event prediction. The optical flow events are also encoded by the arithmetic

coder.

Event Prediction In order to properly decode the entire set of DVS polarity events,
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both the encoder and decoder need to maintain a data structure representing the refer-

ence polarity event and the predicted polarity event for each optical flow event. The

proposed prediction structure ensures that the decoder has decoded the reference polar-

ity event before the corresponding optical flow event is used to reconstruct the predicted

polarity event.

Spike Coding The predicted polarity events are removed, and the remaining polarity

events are encoded by the spike coding algorithm [5].

Arithmetic Encoding The optical flow events and the spike coding outputs will be

encoded by the arithmetic encoder. Adaptive context modelling is also used to improve

its compression performance.

4.3 Spike-Cube Partitioning

Partitioning events temporally and spatially keeps the events closer together in the

macro-cube and spike-cube. It also increases temporal and spatial redundancies, so cube-

based coding proposed by Bi et al. [5] and Dong et al. [11] is implemented to remove

temporal and spatial redundancies.

Each macro-cube contains a fixed number (M) of polarity events. Expanding this M

means fewer macro-cubes, but there may be less temporal redundancies inside each cube.

On the other hand, lowering M too much would lead to too few events in macro-cubes to

take advantage of temporal redundancies. These macro-cubes have the full spatial resolu-

tion of the pixel array.

Each macro-cube is then split spatially into smaller spike-cubes. The parameter S is

used to control the number of resulting spike-cubes so that there are S× S equal spike-

cubes. For example, if S = 4, the pixel array is split into a grid of 4×4 spike-cubes. This is

illustrated in Figure 4.2. Expanding this S may mean more spatial redundancies per spike-

cube because the events come closer to each other, but if S is too large, there may be many
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Figure 4.2: Spike-cube partitioning. Events are partitioned into macro-cubes by time, and
then partitioned spatially into S×S spike-cubes.

spike-cubes with very few events.

4.4 Optical Flow Event Prediction

Optical flow is the pattern of apparent motion indicated by a vector of each pixel in a

scene. It indicates the motion of a reference polarity event to a predicted polarity event.

Although an optical flow event has four components (t,x,y,d), the spatial coordinates (x,y)

are the same as those of the reference polarity event and can be omitted. Therefore, it may

be easier to encode optical flow events compared to the polarity events, each having two

elements (t,d).

When the decoder reconstructs the polarity events from the compressed data, it needs to

match each optical flow event with a corresponding reference polarity event that has already

been decoded. Specifically, if the encoder always encodes the reference event before the

optical flow event, then the decoder can always decode the reference event before decoding

the optical flow event. This requirement leads to a data structure that both the encoder and

decoder must maintain to decode the polarity events properly. This data structure can be

modelled as a directed graph. In this graph, each directed edge represents an optical flow

event, and connects the reference polarity event to the predicted polarity event.
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Figure 4.3: Three different prediction graph structures.

The graph structure must also be encoded. We have tried three types of graph struc-

tures for our prediction illustrated in Figure 4.3. Their advantages and disadvantages are

discussed below.

Tree Structure: Starting from one reference polarity event, optical flow events connect

polarity events that are predicted from the reference event directly. These predicted

events can in turn be used as reference events to predict other polarity events, and so on.

This results in a tree as shown in Figure 4.3(a). In this figure, a is the initial reference

polarity event, and with the help of the optical flow event (blue arrow), it predicts event

b. Similarly, using b, we can predict events c and d. Similarly, e and g are predicted

from a, and f is predicted from e.

There are different ways the tree structure can be encoded. One possible way is to

consider how a tree can be traversed. Since we need to process the reference event

before the predicted events in both side of the encoder and decoder. Pre-order traversal

is chosen to perform the encoding and decoding of the tree. The algorithm is shown in

Algorithm 1.

In this algorithm, the events at the roots of the trees are encoded as polarity DVS events

from lines 4 to 7. For each subtree, the optical flow event from the root to the subtree
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Algorithm 1 Tree Encoding Algorithm
1: Input: root: the root of the tree representing the prediction structure. The tree is

assumed to be non-empty.
level: current level from the initial reference event

2: Output: last height: depth of the last descendent processed
3: evt← polarity event at the root
4: if level = 0 then
5: encode type as POLARITY
6: encode evt as a polarity event
7: end if
8: last height← 0
9: for each child of root do

10: for i = 1, . . . , last height do
11: encode type as MOVE-UP
12: end for
13: encode optical flow event from root to child
14: last height← the result of recursively encoding the subtree rooted at child with level

+ 1.
15: end for
16: return last height + 1

is encoded in line 11, and the subtree is encoded recursively in line 12. In order to

move from one subtree to the next subtree, the algorithm needs to encode information

to return to the root before descending to the next subtree on line 10. The last height

returned is used to determine the number of levels to move up to the root. This is used

so that we can encode the correct number of steps to move to an ancestor as we traverse

the tree.

For example, the root of the tree in Figure 4.3(a) is a and it is encoded as a polarity

event. Then the blue arrow is represented as an optical flow event and it is initiated from

the tree root a. The node b is the predicted event using optical flow and it is referred to

as a child event. This optical flow event is encoded. So the encoding of the tree consists

of the polarity event at a, followed by the optical flow event a→ b, b→ c, MOVE-UP,

b→ d, MOVE-UP, MOVE-UP, a→ e, e→ f , MOVE-UP, MOVE-UP, a→ g.

The tree prediction structure allows us to predict all events associated with an optical

flow event. However, the disadvantage is that it requires the tree’s shape to be encoded.
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The flexibility of the tree structures may lead to more polarity events being predicted

at the expense of a higher tree encoding cost. The trade-off will be examined in our

experiments.

Line Structure: It is similar to the tree structure, but each event can only be used to

predict one other. The algorithm is shown in Algorithm 2.

Algorithm 2 Line Encoding Process
1: start: the start node of the line representing the prediction structure. The line is as-

sumed to be non-empty
level: current level from the initial reference event

2: evt← polarity event at the start node.
3: if level = 0 then
4: encode type as POLARITY
5: encode evt as a polarity event
6: end if
7: if start has a next node then
8: encode optical flow event from start to next
9: recursively encode the remainder of the line starting at next with level + 1

10: end if

In this algorithm the events at the starting nodes of the lines are encoded from lines 3 to

6. The optical flow event leading to the remainder of the line is encoded on line 8, and

the remainder of the line is recursively encoded on line 9.

For example, the starting node a of the line in Figure 4.3(b) is encoded as a polarity

event. Then the blue arrow is represented as an optical flow event and it is initiated

from the starting node a. The nodes b and c are the predicted events using optical flow

and they are referred as next events. The encoded sequence consists of the polarity

event at node a followed by the optical flow events a→ b and b→ c.

The line prediction structure is easier to encode because each node can predict at most

one other. There is no need to move backward in the line the way a tree structure

requires. However, the disadvantage is that it limits the number of polarity events that

can be predicted. The trade-off will be examined in our experiments.
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Pair Structure: Each event is used to predict at most one other or be predicted from

another event, but it cannot be both. The algorithm to encode the pair structure is shown

in Algorithm 3.

Algorithm 3 Pair Encoding Process
1: Input: start the reference event of the pair.
2: encode event at start as a polarity event
3: encode optical flow event from start to predicted event.

In this algorithm the reference event of each pair is encoded as a polarity event, and the

predicted event is encoded as an optical flow event.

For example, in Figure 4.3(c), there are two pairs. The nodes a and c are encoded as

polarity events. The nodes b and d are the predicted events using optical flow and only

the optical flow events are encoded.

The pair prediction structure has the lowest overhead to encode, because the first event

is always the polarity event and the second event is always the optical flow event. There-

fore, no other encoding is needed to distinguish between reference polarity events and

optical flow events. However, the disadvantage is that the number of events predicted is

lowest compared to the tree and the line structures. The trade-off will be examined in

our experiments.

4.5 Context Modelling for Arithmetic Encoding

We need to use appropriate contexts for entropy coding to encode the symbols more

efficiently. Each context is a probability model of the likelihood of each symbol and is

used to adapt the data source being encoded. Different contexts are used for different types

of symbols encoded. We have used different contexts for timestamps, spatial coordinates,

motion direction, polarity, and event types.
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4.5.1 Spike Encoding for DVS

For encoding, we need to set different context models for timestamps, spatial coordi-

nates, and polarity so that the models can adapt to the symbol probabilities of each type of

data. We used specific types of context models for all those event elements.

The timestamp is a 64-bit quantity from the DVS. For most cases, we encode the differ-

ence between the timestamp and that of the previous event. We break the quantity into eight

8-bit blocks—the most significant 8 bits, the next most significant 8 bits, and so on. There

are two reasons for partitioning the timestamp into eight 8-bit blocks. First, there are only

256 possible 8-bit symbols so it is possible to record and update the symbol probabilities. If

the entire 64-bit timestamp is used, there are 264 different symbols which is impractical to

maintain. Moreover, the more significant blocks have different probabilities than the least

significant blocks, because the time differences are small. This partitioning allows different

context models to adapt to different portions of the timestamp difference.

The spatial coordinates x and y are each encoded using its own context model. The

number of different symbols in the context is the number of different possible values for x

and y. If a spike-cube is large spatially, then the number of symbols would be larger. In

cases where we encode the difference in x and y of an event compared to another one, the

same process is used.

The polarity of an event is encoded using two context models. The context model

chosen is based on the polarity of the previously encoded polarity event. This improves

compression performance because the polarity of an event strongly correlates to the polarity

of the previous event [5].

Address-Prior Mode

To encode unpredicted events in Address-Prior mode (Section 3.1), a binary map is first

encoded. For each location in the binary map, two possible symbols are used to indicate

whether there are events in the location. The surrounding neighbourhood is used to select
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a context for each location. The number of non-empty locations in the neighbourhood is

used to select the context. Once the binary map is encoded, the non-zero value of the

number of events in each location is encoded. This is done using a context for the number

of events. Finally, the time differences between consecutive events for a particular location

are encoded as described above.

Time-Prior Mode

To encode the unpredicted events in a spike-cube in Time-Prior mode, the spatial coor-

dinates of the centre point are encoded using the method described above. For each polarity

event, the difference in spatial coordinates compared to the centre is encoded. This is fol-

lowed by the encoding the timestamp difference from the previous polarity event, and the

polarity.

4.5.2 Optical Flow Encoding

To encode an optical flow event, first the timestamp difference compared to the previous

polarity event is encoded. Then the direction of the optical flow event is encoded using a

context with 8 possible symbols.

4.5.3 General Control

When the encoder moves from one spike-cube to another, we used a specific context to

identify the completion of encoding in one spike-cube. It also helps the decoder to know

whether there is more to process or not. We encode all the unpredicted events as polarity

events. To improve compression performance, we also use a special symbol to indicate that

a spike-cube is empty.

For each spike-cube, the appropriate algorithm in Section 4.4 is used to first encode all

events that are part of the chosen prediction structure. The remaining unpredicted events

are then encoded using the Address-Prior mode or the Time-Prior mode.
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4.6 Adaptive Mode Selection

For each spike-cube, the compression algorithm applies both the Address-Prior mode

and the Time-prior mode, and chooses the best one based on compression performance for

that cube. As a result, an extra symbol must be encoded for each spike-cube to indicate

which mode is used.

We can also choose to combine the two modes with or without optical flow motion

compensation:

AP = Yes; TP = No: optical flow prediction is used for AP mode but not for TP mode.

AP = Yes; TP = Yes: optical flow prediction is used for both AP mode and TP mode.

AP = No; TP = Yes: optical flow prediction is used for TP mode but not for AP mode.

AP = No, TP = No: optical flow is not used in any mode.

All the experimental results from these four choices will be presented and analyzed in

Chapter 5.
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Chapter 5

Experimental Results

5.1 Introduction

To evaluate the performance of our proposed MCCOF algorithm, we have implemented

and tested it on one of the datasets other researchers have used. For experimental analysis,

we used the PKU-DVS dataset from Peking University, China [31]. Since the spike-coding

algorithm [5] was evaluated on the PKU-DVS dataset, we choose to use this dataset so we

can directly compare our results against it.

In this chapter, we describe in detail the dataset. We present experimental results on this

dataset with varying parameters. We compare the results of the MCCOF algorithm against

the spike-coding algorithm, and provide an analysis of our experimental results.

5.2 Dataset Description

For experimental evaluation and comparison, we have obtained the PKU-DVS datasets

for spike coding from the National Engineering Laboratory for Video Technology (NELVT),

Peking University, China [31].

The PKU-DVS dataset contains a number of event sequences representing the output

of the DVS camera in a scene. The scenes are classified into two categories. Class A

consists of indoor scenes, while Class B consists of outdoor scenes. These indoor and

outdoor scenes have been captured under various circumstances. The scenes are captured

both during the day and the night, both near view and distant view, and contains high-speed

movements. The number of events in the scenes are shown in Table 5.1 and Table 5.2.
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Table 5.1: Indoor scenes with total event number.

Scene Total Event Number
water-drop 11563244
fluorescent 12839146

lighter 2792140
football 9745102

jump 2375023
game 5918278

pendulum 113683

Table 5.2: Outdoor scenes with total event number.

Scene Total Event Number
intersection 2016923
pedestrians 25455053

daytime-traffic1 14246080
daytime-traffic2 5525454
night-roadside 17018998

night-traffic 105631857

We have found a mismatch in the total event numbers during our experiments for two

outdoor scenes. We have counted 2016923 and 105631857 polarity events for the “inter-

section” and “night-traffic” scenes, respectively. However, the number of events published

by the NELVT were 30483325 and 5423636. We have tried to inquire about this mismatch

but failed to get any response at this time. We have used the number of events counted by

our software for this thesis. Snapshots of detected optical flow for those scenes are shown

in Figure 5.1 and Figure 5.2.

The scenes are described below:

• Waterdrop: this indoor scene represents rain water drops falling on the floor. In this

scene, DVS events appear frequently throughout the entire scene and are not localized

to any particular location.

• Fluorescent: an indoor scene, we can observe a fluorescent gas-filled tube light. DVS

events appear in a specific region close to the light.
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Figure 5.1: Snapshots of detected optical flow for indoor scenes.
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Figure 5.2: Snapshots of detected optical flow for outdoor scenes.
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• Lighter: in the indoor Lighter scene, DVS events are generated from the centre area

around the flame.

• Football: a bouncing football appears in this indoor scene. DVS events are limited to

the area where the ball is bouncing.

• Jump: in this indoor scene, a few people jump in a specific region in the scene. DVS

events are concentrated around where the people are.

• Game: in this indoor scene, two people are playing a “rock paper scissors” game.

DVS events occur around where the hands are.

• Pendulum: in this indoor scene, a pendulum swings back and forth between the left

and right side of the camera view. DVS events are present in the whole scene. How-

ever, at any one moment, DVS events only occur around the pendulum.

• Intersection: in this outdoor scene, a single cross is blinking in the scene. DVS events

are concentrated around the cross.

• Pedestrians: in this outdoor scene, several pedestrians are crossing a road. Events are

spread out all over the region in the scene.

• Daytime-traffic1 and Daytime-traffic2: both outdoor scenes show busy roads with a

high amount of traffic. Events are spread out all over the region in the scene.

• Night-roadside: this outdoor scene shows the night view of a roadside full of traffic

and pedestrians. Events are spread out all over the region in the scene.

• Night-traffic: this outdoor scene shows the night view of road traffic. It is the largest

scene in terms of the number of events among all the other scenes. Events are spread

out all over the region in the scene.
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Table 5.3: Compression ratios for three prediction structures for indoor scenes.

Scene Tree Line Pair
waterdrop 32.36 50.36 51.24
fluorescent 10.74 26.74 26.65

lighter 13.60 17.20 18.01
football 4.59 15.38 15.48

jump 5.40 8.18 8.34
game 3.78 4.33 4.45

pendulum 3.64 3.89 4.04

These scenes have different characteristics, and our experimental results will show that

some of these scenes are easier to compress than others. In particular, scenes where the

DVS events occur in a spatially clustered way are generally easier to compress.

5.3 Experiments

In this thesis, we implemented the optical flow algorithm [13] for event prediction. We

used the PKU-DVS dataset to evaluate our proposed MCCOF algorithm performance. Also,

we compared our compression ratio (CR) results with the spike coding algorithm.

5.3.1 Choice of Prediction Structure

To compare the effectiveness of each of the three prediction structures described in

Chapter 4, we implemented the tree structure, the line structure, and the pair structure.

Since we are only interested in comparing the choice of prediction structures here, we only

used TP mode with the same number of events in each macro-cube (40000) and the same

number of spike-cubes (S = 10).

Compression ratios using these three predictions structures are shown in Table 5.3 and

Table 5.4. We observe that for the pair prediction structure, we get higher compression

ratios (CR) on all but one scene. The compression ratio for pair prediction on the fluores-

cent is slightly lower than that for line prediction. However, the difference is very small.

In Chapter 4, we discussed the trade-off between reducing the encoding cost of events
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Table 5.4: Compression ratios for three prediction structures for outdoor scenes.

Scene Tree Line Pair
intersection 65.07 68.85 72.63
pedestrians 11.85 13.66 13.79

daytime-traffic1 10.14 11.16 11.38
daytime-traffic2 4.26 5.19 5.34
night-roadside 4.37 4.83 5.21

night-traffic 3.39 3.75 3.90

by performing more prediction against the overhead to encode a more flexible prediction

structure. The results in Tables 5.3 and 5.4 show that the overhead to encode a more flexible

structure such as a tree outweighs the reduction obtained by performing more prediction.

The overhead for encoding a tree structure is much higher than the overhead for encoding

the line structure or the pair structure, while the difference between the encoding cost of the

line structure and the pair structure is lower. While the line prediction structure is simpler,

the pair structure requires the least overhead to encode the prediction structure. Based on

the results, we decided to focus only on the pair prediction structure for the remainder of

the experiments.

5.3.2 Effects of Varying Number of Events in Macro-cubes

Changing the number of events (M) in each macro-cube affects the compression ratio.

Increasing M may allow us to take advantage of temporal redundancies better because there

are more events in each macro-cube.

To understand the effect of varying the number of events in each macro-cube, we tested

our algorithm using M = 20000, M = 40000, and M = 65000. Only pair prediction structure

with S = 10 is used, and adaptive AP or TP mode is chosen for each spike-cube. The results

of varying M for indoor and outdoor scenes are shown in Table 5.5 and Table 5.6. For

indoor scenes, using a larger value of M results in higher compression ratios. The reason is

that the events are generally clustered, so the larger number of events allow the TP mode to

compress the spatial locations of events better.
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Table 5.5: Compression ratios for varying the number of events number in each macro-cube
for indoor scenes.

Scene M = 20000 M = 40000 M = 65000
waterdrop 53.769 54.106 54.235
fluorescent 31.107 31.836 32.140
lighter 21.883 21.963 21.960
football 17.893 18.155 18.289
jump 9.730 9.807 9.826
game 5.247 5.254 5.245
pendulum 4.895 4.920 4.934

Table 5.6: Compression ratios for varying the number of events number in each macro-cube
for outdoor scenes.

Scene M = 20000 M = 40000 M = 65000
intersection 75.774 76.602 76.913
pedestrians 15.937 15.870 15.771
Daytime-traffic1 12.969 12.957 12.905
Daytime-traffic2 6.519 6.472 6.448
Night-roadside 6.284 6.324 6.345
Night-traffic 4.640 4.680 4.710
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On the other hand, a smaller value of M generally results in higher compression ratios

for outdoor scenes. The reason is that in outdoor scenes, the events are generally less clus-

tered spatially. Using a smaller value of M results in macro-cubes that are more temporally

clustered, and events inside a small time window are more spatially clustered than events

that are in a larger time window.

5.3.3 Effects of Varying Number of Spike-cubes

We also want to determine the effect of varying the number of spike-cubes S in each

macro-cube. Using a smaller number of spike-cubes results in larger spike-cubes, so that

events in each spike-cubes may not be as clustered. On the other hand, a larger value of

S may result in too many spike-cubes with very few events, reducing the effectiveness of

motion compensation.

We tested our algorithm using S = 2,4,10,20,60. This allows us to test the algorithm

from very large spike-cubes to very small spike-cubes. Only pair prediction is used, and

M is set to 20000. However, we separately tested AP and TP modes, each with or without

optical flow motion compensation. The two modes are tested separately here because the

size of the spike-cubes affect whether the events in spike-cubes are spatially clustered. We

would expect that when S is large, more spike-cubes would be spatially clustered. The

results are shown in Table 5.7 and Table 5.8.

We observe that in AP mode, using larger values of S generally decreases the compres-

sion ratio. The decrease is more significant for indoor scenes compared to outdoor scenes.

This happens whether motion compensation is used. As S increases, the size of each spike-

cube decreases, so that the events are not as spatially decentralized. Therefore the AP mode

does not perform as well for larger values of S. For outdoor scenes, the events are not as

localized so the effect is not as large.

For TP mode, in most cases, there is a significant increase in compression ratio when

S increases. For example, in the lighter scene, the compression ratio increases from 11.24
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Table 5.7: Compression ratios for varying the number of spike-cubes for indoor scenes.

Motion
Scene Mode Compensation S = 2 S = 4 S = 10 S = 20 S = 60

water-drop
AP

yes 53.21 53.16 53.04 52.97 52.81
no 53.71 53.66 53.54 53.46 53.45

TP
yes 50.65 50.29 49.58 49.35 50.84
no 50.84 51.21 50.12 49.89 50.82

fluorescent
AP

yes 26.52 26.45 26.02 25.69 25.13
no 25.59 25.54 25.30 25.17 24.92

TP
yes 14.76 26.65 25.05 23.51 22.23
no 15.07 27.44 26.64 25.30 23.19

lighter
AP

yes 17.73 18.16 18.54 18.55 17.62
no 17.02 17.04 16.98 16.89 16.62

TP
yes 11.24 17.56 18.01 17.70 16.34
no 11.74 18.94 20.06 20.04 18.14

football
AP

yes 15.31 15.25 15.07 14.85 14.42
no 14.57 14.55 14.50 14.39 14.21

TP
yes 14.46 15.48 14.67 13.73 12.91
no 15.02 16.15 15.71 14.75 13.52

jump
AP

yes 8.40 8.42 8.42 8.34 8.07
no 8.06 8.05 8.04 8.00 7.87

TP
yes 5.94 8.34 8.08 7.70 7.21
no 6.23 8.78 8.65 8.30 7.66

game
AP

yes 4.24 4.33 4.44 4.45 4.28
no 4.16 4.16 4.15 4.13 4.07

TP
yes 4.03 4.36 4.45 4.32 3.93
no 4.38 4.76 4.98 4.87 4.38

pendulum
AP

yes 4.37 4.38 4.39 4.37 4.24
no 4.66 4.66 4.66 4.64 4.58

TP
yes 3.55 3.94 3.98 3.92 4.02
no 3.79 4.20 4.21 4.16 4.24
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Table 5.8: Compression ratios for varying the number of spike-cubes for outdoor scenes.

Motion
Scene Mode Compensation S = 2 S = 4 S = 10 S = 20 S = 60

intersection
AP

yes 74.43 74.45 74.44 74.45 74.29
no 74.68 74.63 74.58 74.57 74.56

TP
yes 20.50 69.44 69.69 70.02 73.25
no 20.60 71.40 71.71 72.04 73.32

pedestrians
AP

yes 14.12 14.30 14.56 14.64 14.11
no 14.66 14.65 14.63 14.61 14.56

TP
yes 11.45 13.30 13.75 13.80 13.67
no 12.04 13.35 13.84 13.92 14.56

daytime-traffic1
AP

yes 11.83 11.95 12.13 12.18 11.95
no 12.04 12.03 12.04 12.02 11.96

TP
yes 7.23 10.99 11.33 11.38 11.33
no 7.51 11.43 11.77 11.84 12.00

daytime-traffic2
AP

yes 5.66 5.73 5.85 5.89 5.57
no 6.03 6.02 6.02 6.02 6.00

TP
yes 3.74 5.04 5.29 5.33 5.35
no 3.85 4.96 5.16 5.24 5.74

night-roadside
AP

yes 5.28 5.33 5.36 5.35 5.23
no 5.33 5.33 5.31 5.29 5.24

TP
yes 4.64 4.94 4.97 5.21 4.91
no 5.12 5.42 5.54 5.82 5.40

night-traffic
AP

yes 3.77 3.81 3.83 3.87 3.74
no 3.82 3.82 3.81 3.80 3.77

TP
yes 3.71 3.84 3.90 3.84 3.53
no 4.21 4.36 4.49 4.45 4.05
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when S = 2 to 16.34 when S = 60. Notice that the compression ratio does not always

increase when S increases, as the best compression ratio is actually 18.01 when S = 10.

This is expected because when S increases, each spike-cube is more clustered. This is the

scenario that the TP mode is designed for.

We also note that the compression ratios are generally lower when motion compensa-

tion is used. This does not necessarily mean that our proposed motion compensation is

ineffective in the final algorithm. For these experiments, we have always used AP mode or

TP mode for each spike-cube.

5.3.4 Adaptive mode

In this thesis, our proposed algorithm implements the Address Prior (AP) and Time

Prior (TP) mode for each spike-cube and chooses the one that gives the best compression

ratio for that spike-cube.

We also applied four prediction scenarios to observe which prediction scenario results

in a higher compression ratio. We used M = 20000 and pair prediction. Since the size of

the spike-cubes can affect whether the events are clustered spatially within a spike-cube,

the parameter S can affect whether AP mode or TP mode performs better. Therefore, our

experiments were performed with different values of S to understand the impact the choice

of this parameter has.

Table 5.9 and Table 5.10 show the indoor and outdoor datasets scenarios for choosing

the two modes adaptively. Comparing these results to those in Table 5.7 and Table 5.8, we

see the advantage of adaptively choosing the two modes for each spike-cube. For example,

for the lighter scene, using only AP or TP mode (with or without motion compensation)

results in a compression ratio of at most 20.06 when S = 10. However, when the adaptive

algorithm is used, the compression ratio is 21.88 in the best case when S = 10.

For indoor scenes, the best results are often obtained when motion compensation is not

used in either mode. However, the football, game, and jump scenes achieve better results
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Table 5.9: Compression ratios for the adaptive algorithm for indoor scenes.

Scene Motion Compensation S = 2 S = 4 S = 10 S = 20 S = 60

water-drop

AP = yes; TP = no 53.84 53.62 53.17 53.02 53.23
AP = yes; TP = yes 53.78 53.54 53.05 52.96 52.82
AP = no; TP = yes 54.49 54.30 53.70 53.52 53.46
AP = no; TP = no 54.55 54.38 53.77 53.56 53.47

fluorescent

AP = yes; TP = no 27.50 29.37 31.08 28.95 25.78
AP = yes; TP = yes 27.33 28.52 28.76 26.75 25.27
AP = no; TP = yes 26.63 27.81 28.99 26.88 25.22
AP = no; TP = no 26.83 28.64 31.11 29.03 25.81

lighter

AP = yes; TP = no 19.24 20.08 21.83 21.76 19.19
AP = yes; TP = yes 18.23 18.70 19.30 18.93 17.57
AP= no; TP = yes 17.98 18.51 19.46 19.08 17.24
AP = no; TP = no 18.98 19.81 21.88 22.16 19.21

football

AP = yes; TP = no 16.25 18.13 18.02 16.52 14.88
AP = yes; TP = yes 16.04 17.17 16.61 15.28 14.48
AP = no; TP = yes 15.64 16.73 16.64 15.35 14.42
AP = no; TP = no 16.18 17.50 17.89 16.51 14.89

jump

AP = yes; TP = no 8.58 9.35 9.86 9.21 8.30
AP = yes; TP = yes 8.50 8.95 9.08 8.43 8.07
AP = no; TP = yes 8.29 8.78 9.13 8.47 7.92
AP = no; TP = no 8.47 9.25 9.83 9.21 8.30

game

AP = yes; TP = no 4.66 4.95 5.25 5.11 4.54
AP = yes; TP = yes 4.24 4.54 4.66 4.50 4.28
AP = no; TP = yes 4.32 4.52 4.66 4.52 4.13
AP = no; TP = no 4.63 4.93 5.25 5.11 4.55

pendulum

AP = yes; TP = no 4.37 4.34 4.46 4.36 4.51
AP = yes; TP = yes 4.37 4.40 4.39 4.33 4.23
AP = no; TP = yes 4.63 4.83 4.91 4.75 4.58
AP = no; TP = no 4.62 4.84 4.93 4.80 4.60
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Table 5.10: Compression ratios for the adaptive algorithm for outdoor scenes.

Scene Motion Compensation S = 2 S = 4 S = 10 S = 20 S = 60

intersection

AP = yes; TP = no 74.43 76.93 75.77 75.77 75.24
AP = yes; TP = yes 74.43 75.02 74.44 74.45 74.33
AP = no; TP = yes 74.68 75.40 74.58 74.57 74.56
AP = no; TP = no 74.68 76.93 75.77 75.77 75.24

pedestrians

AP = yes; TP = no 14.12 14.31 15.30 15.42 15.03
AP = yes; TP = yes 14.12 14.40 14.84 14.89 14.08
AP = no; TP = yes 14.72 14.90 15.50 15.53 14.84
AP = no; TP = no 14.71 14.91 15.94 15.98 15.66

daytime-traffic1

AP = yes; TP = no 11.84 12.01 12.57 12.68 12.62
AP = yes; TP = yes 11.84 12.02 12.25 12.19 11.95
AP= no; TP = yes 12.18 12.42 12.67 12.65 12.21
AP = no; TP = no 12.18 12.51 12.97 12.99 12.80

daytime-traffic2

AP = yes; TP = no 5.66 5.73 5.85 5.89 6.04
AP = yes; TP = yes 5.66 5.89 5.85 5.89 5.55
AP = no; TP = yes 6.09 6.27 6.35 6.35 6.14
AP = no; TP = no 6.03 6.33 6.52 6.60 6.50

night-roadside

AP = yes; TP = no 5.61 5.90 6.32 6.10 5.64
AP = yes; TP = yes 5.28 5.42 5.61 5.45 5.23
AP = no; TP = yes 5.34 5.52 5.75 5.55 5.28
AP = no; TP = no 5.42 5.89 6.34 6.13 5.65

night-traffic

AP = yes; TP = no 4.29 4.51 4.63 4.59 4.18
AP = yes; TP = yes 3.83 3.97 4.02 3.94 3.72
AP = no; TP = yes 3.82 3.98 4.05 3.97 3.71
AP = no; TP = no 4.28 4.51 4.71 4.59 4.19
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when motion compensation is used for AP mode only. Better results are also obtained

with motion compensation for scenes such as fluorescent and lighter when S is small. For

outdoor scenes, the best results are often obtained with no motion compensation. However,

the results for the intersection scene is the best when motion compensation is used for AP

mode only.

For TP mode, we see that it is not worthwhile to perform motion compensation. That is

likely due to the fact that if TP mode performs well in a spike-cube, the events are already

spatially clustered. Therefore, using the centroid as a prediction is more effective. On the

other hand, AP mode works best when events are not spatially clustered, so that motion

compensation can sometimes improve performance.

Finally, our experiments in Tables 5.9 and 5.10 adaptively choose TP mode or AP mode

for each spike-cube. However, whether motion compensation is used for each mode is fixed

for all cubes and is not adaptive.

5.4 Final Algorithm

In the previous sets of experiments, we examined the effect of varying each parameter

on the compression ratios. Based on the results from these experiments, we have decided

to use M = 65000 and S = 10 for the final algorithm. Only pair prediction is used. For each

spike-cube, we choose one of the four modes (TP/AP, with or without motion compensa-

tion) adaptively. Notice that whether motion compensation is used is also adaptive for each

cube, unlike the experiment in the previous section.

In Table 5.11 and Table 5.12, we compare the final compression ratios from our MCCOF

algorithm against the spike coding algorithm of Bi et al. [5]. The main difference between

the two algorithms is that the MCCOF algorithm adaptively chooses for each spike-cube

whether motion compensation is used. We see that the MCCOF algorithm performs better

in all but three (waterdrop, fluorescent, and football) scenes. In particular, the MCCOF

algorithm performs better on all outdoor scenes. Note that, however, the intersection and
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Table 5.11: Compression ratios from the spike coding algorithm (Bi et al. [5]) and the
MCCOF algorithm for indoor scenes.

Scene Total Event Number Spike Coding MCCOF
waterdrop 11563244 59.59 54.74
fluorescent 12839146 33.67 32.14
lighter 2792140 20.38 22.16
football 9745102 18.82 18.44
jump 2375023 8.97 9.86
game 5918278 4.50 5.25
pendulum 113683 4.44 4.93

Table 5.12: Compression ratios from the spike coding algorithm (Bi et al. [5]) and the
MCCOF algorithm for outdoor scenes.

Scene Total Event Number Spike Coding MCCOF
intersection 2016923 62.20 76.93
pedestrians 25455053 14.25 15.98
daytime-traffic1 14246080 11.13 12.99
daytime-traffic2 5525454 6.49 6.57
night-roadside 17018998 5.44 6.34
night-traffic 105631857 3.87 4.71
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night-traffic scenes contain a different number of events as reported in [5].

From the results of our experiments, we conclude that there is benefit to add motion

compensation to the spike coding algorithm of Bi et al. [5]. However, adding motion

compensation for every spike-cube does not lead to improved performance. Instead, it

is important to only use motion compensation for those spike-cubes that can benefit from

it. Therefore, the final adaptive MCCOF algorithm outperforms the other versions of the

algorithm we considered.
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Chapter 6

Conclusion

In this thesis, we introduced the Motion Compensated Compression algorithm based on

Optical Flow (MCCOF). This algorithm is based on the spike coding algorithm of Bi et

al. [5] with the addition of motion compensation. Motion compensation is performed using

the real-time event-based optical flow algorithm of Ridwan and Cheng [35].

We analyzed the effect of changing each of the parameters in the resulting algorithms,

and arrived at a final set of parameters for our MCCOF algorithm. We showed that our al-

gorithm performs better on most scenes in the PKU-DVS dataset compared to the previous

algorithm. We showed that motion compensation does not always improve the compression

performance. However, when used selectively, motion compensation can result in improve-

ment.

6.1 Contributions

In this thesis, we proposed an improved form of the spike coding technique with motion

prediction by Bi et al. [5]. The optical flow algorithm proposed by Ridwan and Cheng [35]

is used in this process, and it is the first work to use optical flow to take advantage of motion

in compression. Experimental results have shown that our MCCOF algorithm achieves

a higher compression ratio in most scenarios, compared to the spike coding algorithm.

Moreover, the computational time for compression and decompression is not significantly

increased while using an event-based optical flow approach for motion compensation.
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6.3. FUTURE RESEARCH DIRECTIONS

6.2 Limitations

We have only tested the MCCOF algorithm against the PKU-DVS dataset, because

the previous algorithms were tested using this set. There are not many publicly available

datasets for evaluating our algorithm. The results may change using different datasets.

Other previously published works were tested against datasets that are not publicly avail-

able.

Also, there are disagreements on two of the scenes (intersection and night-traffic) in the

PKU-DVS dataset in terms of the number of events that are present. The two scenes in the

dataset we obtained contain more events than what has been described in previous works.

Unfortunately we are not able to resolve this difference. Therefore, the improvement of our

algorithm over the spike-coding algorithm on these two scenes is unclear.

6.3 Future Research Directions

In this section, we outline some possible future research directions to further improve

our algorithm.

More testing: our algorithm was only tested on one dataset. Testing on more extensive

datasets may give us more insight on the properties of the algorithm and give us a

better comparison against other algorithms. Since there are not many publicly available

datasets, it may be better to implement the other existing algorithms and evaluate each

algorithm on our own datasets.

Lossy compression: we have not examined the possibility of lossy compression in this

thesis. It may be useful to consider approximating the event data to provide further

reduction in storage requirements.

For example, we may approximate the timestamp or the spatial coordinates of each

event, or we may remove some events by subsampling the events. For example, Baner-

jee et al. [2] partitioned the scene with quadtrees and subsample events based on the
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6.3. FUTURE RESEARCH DIRECTIONS

size of each partition. It may be interesting to look at other ways of subsampling events

as well as approximating timestamps and spatial coordinates.

Adaptive macro-cube and spike-cube sizes: Dong et al. [11] improved their original

algorithm by adaptively choosing the sizes of macro-cubes and spike-cubes. However,

as we have shown with our prediction structures, there is a tradeoff between flexibility of

the partition and improvement in compression ratio of the data. Examining this tradeoff

may lead to further improvement in our algorithm.
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